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PREFACE

Analyzing time-oriented data and forecasting future values of a time series
are among the most important problems that analysts face in many fields,
ranging from finance and economics to managing production operations,
to the analysis of political and social policy sessions, to investigating the
impact of humans and the policy decisions that they make on the environ-
ment. Consequently, there is a large group of people in a variety of fields,
including finance, economics, science, engineering, statistics, and public
policy who need to understand some basic concepts of time series analysis
and forecasting. Unfortunately, most basic statistics and operations man-
agement books give little if any attention to time-oriented data and little
guidance on forecasting. There are some very good high level books on
time series analysis. These books are mostly written for technical special-
ists who are taking a doctoral-level course or doing research in the field.
They tend to be very theoretical and often focus on a few specific topics
or techniques. We have written this book to fill the gap between these two
extremes.

We have made a number of changes in this revision of the book. New
material has been added on data preparation for forecasting, including
dealing with outliers and missing values, use of the variogram and sections
on the spectrum, and an introduction to Bayesian methods in forecasting.
We have added many new exercises and examples, including new data sets
in Appendix B, and edited many sections of the text to improve the clarity
of the presentation.

Xi



xii PREFACE

Like the first edition, this book is intended for practitioners who make
real-world forecasts. We have attempted to keep the mathematical level
modest to encourage a variety of users for the book. Our focus is on short-
to medium-term forecasting where statistical methods are useful. Since
many organizations can improve their effectiveness and business results
by making better short- to medium-term forecasts, this book should be
useful to a wide variety of professionals. The book can also be used as a
textbook for an applied forecasting and time series analysis course at the
advanced undergraduate or first-year graduate level. Students in this course
could come from engineering, business, statistics, operations research,
mathematics, computer science, and any area of application where making
forecasts is important. Readers need a background in basic statistics (pre-
vious exposure to linear regression would be helpful, but not essential),
and some knowledge of matrix algebra, although matrices appear mostly
in the chapter on regression, and if one is interested mainly in the results,
the details involving matrix manipulation can be skipped. Integrals and
derivatives appear in a few places in the book, but no detailed working
knowledge of calculus is required.

Successful time series analysis and forecasting requires that the ana-
lyst interact with computer software. The techniques and algorithms are
just not suitable to manual calculations. We have chosen to demonstrate
the techniques presented using three packages: Minitab®, JMP®, and R,
and occasionally SAS®. We have selected these packages because they
are widely used in practice and because they have generally good capabil-
ity for analyzing time series data and generating forecasts. Because R is
increasingly popular in statistics courses, we have included a section in each
chapter showing the R code necessary for working some of the examples in
the chapter. We have also added a brief appendix on the use of R. The basic
principles that underlie most of our presentation are not specific to any
particular software package. Readers can use any software that they like or
have available that has basic statistical forecasting capability. While the text
examples do utilize these particular software packages and illustrate some
of their features and capability, these features or similar ones are found
in many other software packages.

There are three basic approaches to generating forecasts: regression-
based methods, heuristic smoothing methods, and general time series
models. Because all three of these basic approaches are useful, we give
an introduction to all of them. Chapter 1 introduces the basic forecasting
problem, defines terminology, and illustrates many of the common fea-
tures of time series data. Chapter 2 contains many of the basic statistical
tools used in analyzing time series data. Topics include plots, numerical
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summaries of time series data including the autocovariance and autocor-
relation functions, transformations, differencing, and decomposing a time
series into trend and seasonal components. We also introduce metrics for
evaluating forecast errors and methods for evaluating and tracking forecast-
ing performance over time. Chapter 3 discusses regression analysis and its
use in forecasting. We discuss both crosssection and time series regression
data, least squares and maximum likelihood model fitting, model adequacy
checking, prediction intervals, and weighted and generalized least squares.
The first part of this chapter covers many of the topics typically seen in an
introductory treatment of regression, either in a stand-alone course or as
part of another applied statistics course. It should be a reasonable review
for many readers. Chapter 4 presents exponential smoothing techniques,
both for time series with polynomial components and for seasonal data.
We discuss and illustrate methods for selecting the smoothing constant(s),
forecasting, and constructing prediction intervals. The explicit time series
modeling approach to forecasting that we have chosen to emphasize is
the autoregressive integrated moving average (ARIMA) model approach.
Chapter 5 introduces ARIMA models and illustrates how to identify and
fit these models for both nonseasonal and seasonal time series. Forecast-
ing and prediction interval construction are also discussed and illustrated.
Chapter 6 extends this discussion into transfer function models and inter-
vention modeling and analysis. Chapter 7 surveys several other useful top-
ics from time series analysis and forecasting, including multivariate time
series problems, ARCH and GARCH models, and combinations of fore-
casts. We also give some practical advice for using statistical approaches
to forecasting and provide some information about realistic expectations.
The last two chapters of the book are somewhat higher in level than the
first five.

Each chapter has a set of exercises. Some of these exercises involve
analyzing the data sets given in Appendix B. These data sets represent an
interesting cross section of real time series data, typical of those encoun-
tered in practical forecasting problems. Most of these data sets are used
in exercises in two or more chapters, an indication that there are usually
several approaches to analyzing, modeling, and forecasting a time series.
There are other good sources of data for practicing the techniques given in
this book. Some of the ones that we have found very interesting and useful
include the U.S. Department of Labor—Bureau of Labor Statistics (http://
www.bls.gov/data/home.htm), the U.S. Department of Agriculture—
National Agricultural Statistics Service, Quick Stats Agricultural Statistics
Data (http://www.nass.usda.gov/Data_and_Statistics/Quick_Stats/index.
asp), the U.S. Census Bureau (http://www.census.gov), and the U.S.
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Department of the Treasury (http://www.treas.gov/offices/domestic-
finance/debt-management/interest-rate/). The time series data library
created by Rob Hyndman at Monash University (http://www-personal.
buseco.monash.edu.au/~hyndman/TSDL/index.htm) and the time series
data library at the Mathematics Department of the University of York
(http://www.york.ac.uk/depts/maths/data/ts/) also contain many excellent
data sets. Some of these sources provide links to other data. Data sets and
other materials related to this book can be found at ftp://ftp.wiley.com/
public/scitechmed/ timeseries.

We would like to thank the many individuals who provided feedback
and suggestions for improvement to the first edition. We found these sug-
gestions most helpful. We are indebted to Clifford Long who generously
provided the R codes he used with his students when he taught from the
book. We found his codes very helpful in putting the end-of-chapter R code
sections together. We also have placed a premium in the book on bridging
the gap between theory and practice. We have not emphasized proofs or
technical details and have tried to give intuitive explanations of the mate-
rial whenever possible. The result is a book that can be used with a wide
variety of audiences, with different interests and technical backgrounds,
whose common interests are understanding how to analyze time-oriented
data and constructing good short-term statistically based forecasts.

We express our appreciation to the individuals and organizations who
have given their permission to use copyrighted material. These materials
are noted in the text. Portions of the output contained in this book are
printed with permission of Minitab Inc. All material remains the exclusive
property and copyright of Minitab Inc. All rights reserved.

DoucgLAs C. MONTGOMERY
CHERYL L. JENNINGS
MURAT KULAHCI
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CHAPTER 1

INTRODUCTION TO FORECASTING

It is difficult to make predictions, especially about the future
NEILS BOHR, Danish physicist

1.1 THE NATURE AND USES OF FORECASTS

A forecast is a prediction of some future event or events. As suggested by
Neils Bohr, making good predictions is not always easy. Famously “bad”
forecasts include the following from the book Bad Predictions:

» “The population is constant in size and will remain so right up to the
end of mankind.” L’Encyclopedie, 1756.

* “1930 will be a splendid employment year.” U.S. Department of
Labor, New Year’s Forecast in 1929, just before the market crash on
October 29.

* “Computers are multiplying at a rapid rate. By the turn of the century
there will be 220,000 in the U.S.” Wall Street Journal, 1966.

Introduction to Time Series Analysis and Forecasting, Second Edition.
Douglas C. Montgomery, Cheryl L. Jennings and Murat Kulahci.
© 2015 John Wiley & Sons, Inc. Published 2015 by John Wiley & Sons, Inc.



2 INTRODUCTION TO FORECASTING

Forecasting is an important problem that spans many fields including
business and industry, government, economics, environmental sciences,
medicine, social science, politics, and finance. Forecasting problems are
often classified as short-term, medium-term, and long-term. Short-term
forecasting problems involve predicting events only a few time periods
(days, weeks, and months) into the future. Medium-term forecasts extend
from 1 to 2 years into the future, and long-term forecasting problems
can extend beyond that by many years. Short- and medium-term forecasts
are required for activities that range from operations management to bud-
geting and selecting new research and development projects. Long-term
forecasts impact issues such as strategic planning. Short- and medium-term
forecasting is typically based on identifying, modeling, and extrapolating
the patterns found in historical data. Because these historical data usu-
ally exhibit inertia and do not change dramatically very quickly, statistical
methods are very useful for short- and medium-term forecasting. This book
is about the use of these statistical methods.

Most forecasting problems involve the use of time series data. A time
series is a time-oriented or chronological sequence of observations on a
variable of interest. For example, Figure 1.1 shows the market yield on US
Treasury Securities at 10-year constant maturity from April 1953 through
December 2006 (data in Appendix B, Table B.1). This graph is called a time

161

14 1

124

101

Rate, %

24

Apr-53 Jul-58 Nov-63 Mar-69 Jul-74 Nov-79 Mar-85 Jul-90 Nov-95 Mar-01 Dec-06
Month

FIGURE 1.1 Time series plot of the market yield on US Treasury Securities at
10-year constant maturity. Source: US Treasury.
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series plot. The rate variable is collected at equally spaced time periods, as
is typical in most time series and forecasting applications. Many business
applications of forecasting utilize daily, weekly, monthly, quarterly, or
annual data, but any reporting interval may be used. Furthermore, the data
may be instantaneous, such as the viscosity of a chemical product at the
point in time where it is measured; it may be cumulative, such as the total
sales of a product during the month; or it may be a statistic that in some
way reflects the activity of the variable during the time period, such as the
daily closing price of a specific stock on the New York Stock Exchange.

The reason that forecasting is so important is that prediction of future
events is a critical input into many types of planning and decision-making
processes, with application to areas such as the following:

1. Operations Management. Business organizations routinely use fore-
casts of product sales or demand for services in order to schedule
production, control inventories, manage the supply chain, determine
staffing requirements, and plan capacity. Forecasts may also be used
to determine the mix of products or services to be offered and the
locations at which products are to be produced.

2. Marketing. Forecasting is important in many marketing decisions.
Forecasts of sales response to advertising expenditures, new promo-
tions, or changes in pricing polices enable businesses to evaluate
their effectiveness, determine whether goals are being met, and make
adjustments.

3. Finance and Risk Management. Investors in financial assets are inter-
ested in forecasting the returns from their investments. These assets
include but are not limited to stocks, bonds, and commodities; other
investment decisions can be made relative to forecasts of interest
rates, options, and currency exchange rates. Financial risk man-
agement requires forecasts of the volatility of asset returns so that
the risks associated with investment portfolios can be evaluated and
insured, and so that financial derivatives can be properly priced.

4. Economics. Governments, financial institutions, and policy organi-
zations require forecasts of major economic variables, such as gross
domestic product, population growth, unemployment, interest rates,
inflation, job growth, production, and consumption. These forecasts
are an integral part of the guidance behind monetary and fiscal pol-
icy, and budgeting plans and decisions made by governments. They
are also instrumental in the strategic planning decisions made by
business organizations and financial institutions.
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5. Industrial Process Control. Forecasts of the future values of criti-
cal quality characteristics of a production process can help deter-
mine when important controllable variables in the process should be
changed, or if the process should be shut down and overhauled. Feed-
back and feedforward control schemes are widely used in monitoring
and adjustment of industrial processes, and predictions of the process
output are an integral part of these schemes.

6. Demography. Forecasts of population by country and regions are
made routinely, often stratified by variables such as gender, age,
and race. Demographers also forecast births, deaths, and migration
patterns of populations. Governments use these forecasts for planning
policy and social service actions, such as spending on health care,
retirement programs, and antipoverty programs. Many businesses
use forecasts of populations by age groups to make strategic plans
regarding developing new product lines or the types of services that
will be offered.

These are only a few of the many different situations where forecasts
are required in order to make good decisions. Despite the wide range of
problem situations that require forecasts, there are only two broad types of
forecasting techniques—qualitative methods and quantitative methods.

Qualitative forecasting techniques are often subjective in nature and
require judgment on the part of experts. Qualitative forecasts are often
used in situations where there is little or no historical data on which to base
the forecast. An example would be the introduction of a new product, for
which there is no relevant history. In this situation, the company might use
the expert opinion of sales and marketing personnel to subjectively estimate
product sales during the new product introduction phase of its life cycle.
Sometimes qualitative forecasting methods make use of marketing tests,
surveys of potential customers, and experience with the sales performance
of other products (both their own and those of competitors). However,
although some data analysis may be performed, the basis of the forecast is
subjective judgment.

Perhaps the most formal and widely known qualitative forecasting tech-
nique is the Delphi Method. This technique was developed by the RAND
Corporation (see Dalkey [1967]). It employs a panel of experts who are
assumed to be knowledgeable about the problem. The panel members are
physically separated to avoid their deliberations being impacted either by
social pressures or by a single dominant individual. Each panel member
responds to a questionnaire containing a series of questions and returns the
information to a coordinator. Following the first questionnaire, subsequent
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questions are submitted to the panelists along with information about the
opinions of the panel as a group. This allows panelists to review their pre-
dictions relative to the opinions of the entire group. After several rounds,
it is hoped that the opinions of the panelists converge to a consensus,
although achieving a consensus is not required and justified differences of
opinion can be included in the outcome. Qualitative forecasting methods
are not emphasized in this book.

Quantitative forecasting techniques make formal use of historical data
and a forecasting model. The model formally summarizes patterns in the
data and expresses a statistical relationship between previous and current
values of the variable. Then the model is used to project the patterns in
the data into the future. In other words, the forecasting model is used to
extrapolate past and current behavior into the future. There are several
types of forecasting models in general use. The three most widely used
are regression models, smoothing models, and general time series mod-
els. Regression models make use of relationships between the variable of
interest and one or more related predictor variables. Sometimes regression
models are called causal forecasting models, because the predictor vari-
ables are assumed to describe the forces that cause or drive the observed
values of the variable of interest. An example would be using data on house
purchases as a predictor variable to forecast furniture sales. The method
of least squares is the formal basis of most regression models. Smoothing
models typically employ a simple function of previous observations to
provide a forecast of the variable of interest. These methods may have a
formal statistical basis, but they are often used and justified heuristically
on the basis that they are easy to use and produce satisfactory results. Gen-
eral time series models employ the statistical properties of the historical
data to specify a formal model and then estimate the unknown parameters
of this model (usually) by least squares. In subsequent chapters, we will
discuss all three types of quantitative forecasting models.

The form of the forecast can be important. We typically think of a fore-
cast as a single number that represents our best estimate of the future value
of the variable of interest. Statisticians would call this a point estimate or
point forecast. Now these forecasts are almost always wrong; that is, we
experience forecast error. Consequently, it is usually a good practice to
accompany a forecast with an estimate of how large a forecast error might
be experienced. One way to do this is to provide a prediction interval (PI)
to accompany the point forecast. The PI is a range of values for the future
observation, and it is likely to prove far more useful in decision-making
than a single number. We will show how to obtain PIs for most of the
forecasting methods discussed in the book.
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Other important features of the forecasting problem are the forecast
horizon and the forecast interval. The forecast horizon is the number
of future periods for which forecasts must be produced. The horizon is
often dictated by the nature of the problem. For example, in production
planning, forecasts of product demand may be made on a monthly basis.
Because of the time required to change or modify a production schedule,
ensure that sufficient raw material and component parts are available from
the supply chain, and plan the delivery of completed goods to customers
or inventory facilities, it would be necessary to forecast up to 3 months
ahead. The forecast horizon is also often called the forecast lead time.
The forecast interval is the frequency with which new forecasts are pre-
pared. For example, in production planning, we might forecast demand on
a monthly basis, for up to 3 months in the future (the lead time or hori-
zon), and prepare a new forecast each month. Thus the forecast interval is
1 month, the same as the basic period of time for which each forecast is
made. If the forecast lead time is always the same length, say, T periods, and
the forecast is revised each time period, then we are employing a rolling or
moving horizon forecasting approach. This system updates or revises the
forecasts for T—1 of the periods in the horizon and computes a forecast for
the newest period 7. This rolling horizon approach to forecasting is widely
used when the lead time is several periods long.

1.2 SOME EXAMPLES OF TIME SERIES

Time series plots can reveal patterns such as random, trends, level shifts,
periods or cycles, unusual observations, or a combination of patterns. Pat-
terns commonly found in time series data are discussed next with examples
of situations that drive the patterns.

The sales of a mature pharmaceutical product may remain relatively
flat in the absence of unchanged marketing or manufacturing strategies.
Weekly sales of a generic pharmaceutical product shown in Figure 1.2
appear to be constant over time, at about 10,400 X 103 units, in a random
sequence with no obvious patterns (data in Appendix B, Table B.2).

To assure conformance with customer requirements and product specifi-
cations, the production of chemicals is monitored by many characteristics.
These may be input variables such as temperature and flow rate, and output
properties such as viscosity and purity.

Due to the continuous nature of chemical manufacturing processes,
output properties often are positively autocorrelated; that is, a value
above the long-run average tends to be followed by other values above the
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FIGURE 1.2 Pharmaceutical product sales.

average, while a value below the average tends to be followed by other
values below the average.

The viscosity readings plotted in Figure 1.3 exhibit autocorrelated
behavior, tending to a long-run average of about 85 centipoises (cP), but
with a structured, not completely random, appearance (data in Appendix B,
Table B.3). Some methods for describing and analyzing autocorrelated data
will be described in Chapter 2.
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FIGURE 1.3 Chemical process viscosity readings.
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The USDA National Agricultural Statistics Service publishes agricul-
tural statistics for many commodities, including the annual production of
dairy products such as butter, cheese, ice cream, milk, yogurt, and whey.
These statistics are used for market analysis and intelligence, economic
indicators, and identification of emerging issues.

Blue and gorgonzola cheese is one of 32 categories of cheese for which
data are published. The annual US production of blue and gorgonzola
cheeses (in 10* 1b) is shown in Figure 1.4 (data in Appendix B, Table
B.4). Production quadrupled from 1950 to 1997, and the linear trend has
a constant positive slope with random, year-to-year variation.

The US Census Bureau publishes historic statistics on manufacturers’
shipments, inventories, and orders. The statistics are based on North Amer-
ican Industry Classification System (NAICS) code and are utilized for pur-
poses such as measuring productivity and analyzing relationships between
employment and manufacturing output.

The manufacture of beverage and tobacco products is reported as part of
the nondurable subsector. The plot of monthly beverage product shipments
(Figure 1.5) reveals an overall increasing trend, with a distinct cyclic
pattern that is repeated within each year. January shipments appear to be
the lowest, with highs in May and June (data in Appendix B, Table B.5).
This monthly, or seasonal, variation may be attributable to some cause

40,000 -+

30,000 -

20,000

Production, 1000 Ibs

10,000 -

04
1950 1960 1970 1980 1990 1997

FIGURE 1.4 The US annual production of blue and gorgonzola cheeses. Source:
USDA-NASS.
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FIGURE 1.5 The US beverage manufacturer monthly product shipments, unad-
justed. Source: US Census Bureau.

such as the impact of weather on the demand for beverages. Techniques
for making seasonal adjustments to data in order to better understand
general trends will be discussed in Chapter 2.

To determine whether the Earth is warming or cooling, scientists look at
annual mean temperatures. At a single station, the warmest and the coolest
temperatures in a day are averaged. Averages are then calculated at stations
all over the Earth, over an entire year. The change in global annual mean
surface air temperature is calculated from a base established from 1951 to
1980, and the result is reported as an “anomaly.”

The plot of the annual mean anomaly in global surface air temperature
(Figure 1.6) shows an increasing trend since 1880; however, the slope, or
rate of change, varies with time periods (data in Appendix B, Table B.6).
While the slope in earlier time periods appears to be constant, slightly
increasing, or slightly decreasing, the slope from about 1975 to the present
appears much steeper than the rest of the plot.

Business data such as stock prices and interest rates often exhibit non-
stationary behavior; that is, the time series has no natural mean. The daily
closing price adjusted for stock splits of Whole Foods Market (WFMI)
stock in 2001 (Figure 1.7) exhibits a combination of patterns for both
mean level and slope (data in Appendix B, Table B.7).

While the price is constant in some short time periods, there is no
consistent mean level over time. In other time periods, the price changes
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FIGURE 1.6 Global mean surface air temperature annual anomaly. Source:
NASA-GISS.

at different rates, including occasional abrupt shifts in level. This is an
example of nonstationary behavior, which will be discussed in Chapter 2.

The Current Population Survey (CPS) or “household survey” prepared
by the US Department of Labor, Bureau of Labor Statistics, contains
national data on employment, unemployment, earnings, and other labor
market topics by demographic characteristics. The data are used to report
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FIGURE 1.7 Whole foods market stock price, daily closing adjusted for splits.
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FIGURE 1.8 Monthly unemployment rate—full-time labor force, unadjusted.
Source: US Department of Labor-BLS.

on the employment situation, for projections with impact on hiring and
training, and for a multitude of other business planning activities. The data
are reported unadjusted and with seasonal adjustment to remove the effect
of regular patterns that occur each year.

The plot of monthly unadjusted unemployment rates (Figure 1.8)
exhibits a mixture of patterns, similar to Figure 1.5 (data in Appendix B,
Table B.8). There is a distinct cyclic pattern within a year; January, Febru-
ary, and March generally have the highest unemployment rates. The overall
level is also changing, from a gradual decrease, to a steep increase, fol-
lowed by a gradual decrease. The use of seasonal adjustments as described
in Chapter 2 makes it easier to observe the nonseasonal movements in time
series data.

Solar activity has long been recognized as a significant source of noise
impacting consumer and military communications, including satellites, cell
phone towers, and electric power grids. The ability to accurately forecast
solar activity is critical to a variety of fields. The International Sunspot
Number R is the oldest solar activity index. The number incorporates both
the number of observed sunspots and the number of observed sunspot
groups. In Figure 1.9, the plot of annual sunspot numbers reveals cyclic
patterns of varying magnitudes (data in Appendix B, Table B.9).

In addition to assisting in the identification of steady-state patterns, time
series plots may also draw attention to the occurrence of atypical events.
Weekly sales of a generic pharmaceutical product dropped due to limited
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o.

availability resulting from a fire at one of the four production facilities.
The 5-week reduction is apparent in the time series plot of weekly sales
shown in Figure 1.10.

Another type of unusual event may be the failure of the data mea-
surement or collection system. After recording a vastly different viscosity
reading at time period 70 (Figure 1.11), the measurement system was
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FIGURE 1.10 Pharmaceutical product sales.
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FIGURE 1.11 Chemical process viscosity readings, with sensor malfunction.

checked with a standard and determined to be out of calibration. The cause
was determined to be a malfunctioning sensor.

1.3 THE FORECASTING PROCESS

A process is a series of connected activities that transform one or more
inputs into one or more outputs. All work activities are performed in
processes, and forecasting is no exception. The activities in the forecasting
process are:

. Problem definition

. Data collection

. Data analysis

. Model selection and fitting

. Model validation

. Forecasting model deployment

~N N L AW N~

. Monitoring forecasting model performance

These activities are shown in Figure 1.12.
Problem definition involves developing understanding of how the fore-
cast will be used along with the expectations of the “customer” (the user of
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FIGURE 1.12 The forecasting process.

the forecast). Questions that must be addressed during this phase include
the desired form of the forecast (e.g., are monthly forecasts required), the
forecast horizon or lead time, how often the forecasts need to be revised
(the forecast interval), and what level of forecast accuracy is required in
order to make good business decisions. This is also an opportunity to intro-
duce the decision makers to the use of prediction intervals as a measure of
the risk associated with forecasts, if they are unfamiliar with this approach.
Often it is necessary to go deeply into many aspects of the business system
that requires the forecast to properly define the forecasting component of
the entire problem. For example, in designing a forecasting system for
inventory control, information may be required on issues such as product
shelf life or other aging considerations, the time required to manufacture
or otherwise obtain the products (production lead time), and the economic
consequences of having too many or too few units of product available
to meet customer demand. When multiple products are involved, the level
of aggregation of the forecast (e.g., do we forecast individual products or
families consisting of several similar products) can be an important consid-
eration. Much of the ultimate success of the forecasting model in meeting
the customer expectations is determined in the problem definition phase.

Data collection consists of obtaining the relevant history for the vari-
able(s) that are to be forecast, including historical information on potential
predictor variables.

The key here is “relevant”; often information collection and storage
methods and systems change over time and not all historical data are
useful for the current problem. Often it is necessary to deal with missing
values of some variables, potential outliers, or other data-related problems
that have occurred in the past. During this phase, it is also useful to begin
planning how the data collection and storage issues in the future will be
handled so that the reliability and integrity of the data will be preserved.

Data analysis is an important preliminary step to the selection of the
forecasting model to be used. Time series plots of the data should be con-
structed and visually inspected for recognizable patterns, such as trends
and seasonal or other cyclical components. A trend is evolutionary move-
ment, either upward or downward, in the value of the variable. Trends may
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be long-term or more dynamic and of relatively short duration. Seasonality
is the component of time series behavior that repeats on a regular basis,
such as each year. Sometimes we will smooth the data to make identifi-
cation of the patterns more obvious (data smoothing will be discussed in
Chapter 2). Numerical summaries of the data, such as the sample mean,
standard deviation, percentiles, and autocorrelations, should also be com-
puted and evaluated. Chapter 2 will provide the necessary background to
do this. If potential predictor variables are available, scatter plots of each
pair of variables should be examined. Unusual data points or potential
outliers should be identified and flagged for possible further study. The
purpose of this preliminary data analysis is to obtain some “feel” for the
data, and a sense of how strong the underlying patterns such as trend and
seasonality are. This information will usually suggest the initial types of
quantitative forecasting methods and models to explore.

Model selection and fitting consists of choosing one or more forecast-
ing models and fitting the model to the data. By fitting, we mean estimating
the unknown model parameters, usually by the method of least squares. In
subsequent chapters, we will present several types of time series models
and discuss the procedures of model fitting. We will also discuss meth-
ods for evaluating the quality of the model fit, and determining if any
of the underlying assumptions have been violated. This will be useful in
discriminating between different candidate models.

Model validation consists of an evaluation of the forecasting model
to determine how it is likely to perform in the intended application. This
must go beyond just evaluating the “fit” of the model to the historical data
and must examine what magnitude of forecast errors will be experienced
when the model is used to forecast “fresh” or new data. The fitting errors
will always be smaller than the forecast errors, and this is an important
concept that we will emphasize in this book. A widely used method for
validating a forecasting model before it is turned over to the customer is
to employ some form of data splitting, where the data are divided into
two segments—a fitting segment and a forecasting segment. The model is
fit to only the fitting data segment, and then forecasts from that model are
simulated for the observations in the forecasting segment. This can provide
useful guidance on how the forecasting model will perform when exposed
to new data and can be a valuable approach for discriminating between
competing forecasting models.

Forecasting model deployment involves getting the model and the
resulting forecasts in use by the customer. It is important to ensure that the
customer understands how to use the model and that generating timely fore-
casts from the model becomes as routine as possible. Model maintenance,
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including making sure that data sources and other required information
will continue to be available to the customer is also an important issue that
impacts the timeliness and ultimate usefulness of forecasts.

Monitoring forecasting model performance should be an ongoing
activity after the model has been deployed to ensure that it is still per-
forming satisfactorily. It is the nature of forecasting that conditions change
over time, and a model that performed well in the past may deteriorate
in performance. Usually performance deterioration will result in larger or
more systematic forecast errors. Therefore monitoring of forecast errors
is an essential part of good forecasting system design. Control charts
of forecast errors are a simple but effective way to routinely monitor the
performance of a forecasting model. We will illustrate approaches to mon-
itoring forecast errors in subsequent chapters.

1.4 DATA FOR FORECASTING

1.4.1 The Data Warehouse

Developing time series models and using them for forecasting requires
data on the variables of interest to decision-makers. The data are the raw
materials for the modeling and forecasting process. The terms data and
information are often used interchangeably, but we prefer to use the term
data as that seems to reflect a more raw or original form, whereas we think
of information as something that is extracted or synthesized from data. The
output of a forecasting system could be thought of as information, and that
output uses data as an input.

In most modern organizations data regarding sales, transactions, com-
pany financial and business performance, supplier performance, and cus-
tomer activity and relations are stored in a repository known as a data
warehouse. Sometimes this is a single data storage system; but as the
volume of data handled by modern organizations grows rapidly, the data
warehouse has become an integrated system comprised of components
that are physically and often geographically distributed, such as cloud data
storage. The data warehouse must be able to organize, manipulate, and
integrate data from multiple sources and different organizational informa-
tion systems. The basic functionality required includes data extraction,
data transformation, and data loading. Data extraction refers to obtaining
data from internal sources and from external sources such as third party
vendors or government entities and financial service organizations. Once
the data are extracted, the transformation stage involves applying rules to
prevent duplication of records and dealing with problems such as missing
information. Sometimes we refer to the transformation activities as data
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cleaning. We will discuss some of the important data cleaning operations
subsequently. Finally, the data are loaded into the data warehouse where
they are available for modeling and analysis.

Data quality has several dimensions. Five important ones that have been
described in the literature are accuracy, timeliness, completeness, repre-
sentativeness, and consistency. Accuracy is probably the oldest dimension
of data quality and refers to how close that data conform to its “real”
values. Real values are alternative sources that can be used for verifica-
tion purposes. For example, do sales records match payments to accounts
receivable records (although the financial records may occur in later time
periods because of payment terms and conditions, discounts, etc.)? Time-
liness means that the data are as current as possible. Infrequent updating
of data can seriously impact developing a time series model that is going
to be used for relatively short-term forecasting. In many time series model
applications the time between the occurrence of the real-world event and
its entry into the data warehouse must be as short as possible to facilitate
model development and use. Completeness means that the data content is
complete, with no missing data and no outliers. As an example of represen-
tativeness, suppose that the end use of the time series model is to forecast
customer demand for a product or service, but the organization only records
booked orders and the date of fulfillment. This may not accurately reflect
demand, because the orders can be booked before the desired delivery
period and the date of fulfillment can take place in a different period than
the one required by the customer. Furthermore, orders that are lost because
of product unavailability or unsatisfactory delivery performance are not
recorded. In these situations demand can differ dramatically from sales.
Data cleaning methods can often be used to deal with some problems of
completeness. Consistency refers to how closely data records agree over
time in format, content, meaning, and structure. In many organizations
how data are collected and stored evolves over time; definitions change
and even the types of data that are collected change. For example, consider
monthly data. Some organizations define “months” that coincide with the
traditional calendar definition. But because months have different numbers
of days that can induce patterns in monthly data, some organizations prefer
to define a year as consisting of 13 “months” each consisting of 4 weeks.

It has been suggested that the output data that reside in the data ware-
house are similar to the output of a manufacturing process, where the raw
data are the input. Just as in manufacturing and other service processes, the
data production process can benefit by the application of quality manage-
ment and control tools. Jones-Farmer et al. (2014) describe how statistical
quality control methods, specifically control charts, can be used to enhance
data quality in the data production process.
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1.4.2 Data Cleaning

Data cleaning is the process of examining data to detect potential errors,
missing data, outliers or unusual values, or other inconsistencies and then
correcting the errors or problems that are found. Sometimes errors are
the result of recording or transmission problems, and can be corrected by
working with the original data source to correct the problem. Effective data
cleaning can greatly improve the forecasting process.

Before data are used to develop a time series model, it should be sub-
jected to several different kinds of checks, including but not necessarily
limited to the following:

1. Is there missing data?
2. Does the data fall within an expected range?
3. Are there potential outliers or other unusual values?

These types of checks can be automated fairly easily. If this aspect
of data cleaning is automated, the rules employed should be periodically
evaluated to ensure that they are still appropriate and that changes in the
data have not made some of the procedures less effective. However, it
is also extremely useful to use graphical displays to assist in identifying
unusual data. Techniques such as time series plots, histograms, and scatter
diagrams are extremely useful. These and other graphical methods will be
described in Chapter 2.

1.4.3 Imputation

Data imputation is the process of correcting missing data or replacing out-
liers with an estimation process. Imputation replaces missing or erroneous
values with a “likely” value based on other available information. This
enables the analysis to work with statistical techniques which are designed
to handle the complete data sets.

Mean value imputation consists of replacing a missing value with
the sample average calculated from the nonmissing observations. The big
advantage of this method is that it is easy, and if the data does not have any
specific trend or seasonal pattern, it leaves the sample mean of the complete
data set unchanged. However, one must be careful if there are trends or
seasonal patterns, because the sample mean of all of the data may not reflect
these patterns. A variation of this is stochastic mean value imputation, in
which a random variable is added to the mean value to capture some of the
noise or variability in the data. The random variable could be assumed to
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follow a normal distribution with mean zero and standard deviation equal
to the standard deviation of the actual observed data. A variation of mean
value imputation is to use a subset of the available historical data that
reflects any trend or seasonal patterns in the data. For example, consider
the time series y,, y,, ..., yy and suppose that one observation y; is missing.
We can impute the missing value as

1 j—1 Jj+k
=gl Xt X ),
t=j—k t—j+1

where k would be based on the seasonal variability in the data. It is usually
chosen as some multiple of the smallest seasonal cycle in the data. So, if
the data are monthly and exhibit a monthly cycle, £k would be a multiple of
12. Regression imputation is a variation of mean value imputation where
the imputed value is computed from a model used to predict the missing
value. The prediction model does not have to be a linear regression model.
For example, it could be a time series model.

Hot deck imputation is an old technique that is also known as the last
value carried forward method. The term “hot deck™ comes from the use
of computer punch cards. The deck of cards was “hot” because it was
currently in use. Cold deck imputation uses information from a deck of
cards not currently in use. In hot deck imputation, the missing values are
imputed by using values from similar complete observations. If there are
several variables, sort the data by the variables that are most related to
the missing observation and then, starting at the top, replace the missing
values with the value of the immediately preceding variable. There are
many variants of this procedure.

1.5 RESOURCES FOR FORECASTING

There are a variety of good resources that can be helpful to technical
professionals involved in developing forecasting models and preparing
forecasts. There are three professional journals devoted to forecasting:

 Journal of Forecasting
e International Journal of Forecasting
» Journal of Business Forecasting Methods and Systems

These journals publish a mixture of new methodology, studies devoted
to the evaluation of current methods for forecasting, and case studies and
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applications. In addition to these specialized forecasting journals, there are
several other mainstream statistics and operations research/management
science journals that publish papers on forecasting, including:

e Journal of Business and Economic Statistics
* Management Science

Naval Research Logistics
» Operations Research
e International Journal of Production Research

Journal of Applied Statistics

This is by no means a comprehensive list. Research on forecasting tends
to be published in a variety of outlets.

There are several books that are good complements to this one.
We recommend Box, Jenkins, and Reinsel (1994); Chatfield (1996);
Fuller (1995); Abraham and Ledolter (1983); Montgomery, Johnson, and
Gardiner (1990); Wei (2006); and Brockwell and Davis (1991, 2002). Some
of these books are more specialized than this one, in that they focus on
a specific type of forecasting model such as the autoregressive integrated
moving average [ARIMA] model, and some also require more background
in statistics and mathematics.

Many statistics software packages have very good capability for fitting
a variety of forecasting models. Minitab® Statistical Software, IMP®, the
Statistical Analysis System (SAS) and R are the packages that we utilize
and illustrate in this book. At the end of most chapters we provide R code
for working some of the examples in the chapter. Matlab and S-Plus are
also two packages that have excellent capability for solving forecasting
problems.

EXERCISES

1.1 Why is forecasting an essential part of the operation of any organi-
zation or business?

1.2 Whatis atime series? Explain the meaning of trend effects, seasonal
variations, and random error.

1.3 Explain the difference between a point forecast and an interval
forecast.

1.4 What do we mean by a causal forecasting technique?
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Everyone makes forecasts in their daily lives. Identify and discuss
a situation where you employ forecasts.

a. What decisions are impacted by your forecasts?

b. How do you evaluate the quality of your forecasts?

¢. What is the value to you of a good forecast?

d. What is the harm or penalty associated with a bad forecast?

What is meant by a rolling horizon forecast?

Explain the difference between forecast horizon and forecast inter-
val.

Suppose that you are in charge of capacity planning for a large
electric utility. A major part of your job is ensuring that the utility has
sufficient generating capacity to meet current and future customer
needs. If you do not have enough capacity, you run the risks of
brownouts and service interruption. If you have too much capacity,
it may cost more to generate electricity.

a. What forecasts do you need to do your job effectively?

b. Are these short-range or long-range forecasts?

¢. What data do you need to be able to generate these forecasts?

Your company designs and manufactures apparel for the North
American market. Clothing and apparel is a style good, with a
relatively limited life. Items not sold at the end of the season are
usually sold through off-season outlet and discount retailers. Items
not sold through discounting and off-season merchants are often
given to charity or sold abroad.

a. What forecasts do you need in this business to be successful?
b. Are these short-range or long-range forecasts?

¢. What data do you need to be able to generate these forecasts?
d. What are the implications of forecast errors?

Suppose that you are in charge of production scheduling at a semi-
conductor manufacturing plant. The plant manufactures about 20
different types of devices, all on 8-inch silicon wafers. Demand for
these products varies randomly. When a lot or batch of wafers is
started into production, it can take from 4 to 6 weeks before the
batch is finished, depending on the type of product. The routing of
each batch of wafers through the production tools can be different
depending on the type of product.
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What forecasts do you need in this business to be successful?
Are these short-range or long-range forecasts?
What data do you need to be able to generate these forecasts?

RO

Discuss the impact that forecast errors can potentially have on
the efficiency with which your factory operates, including work-
in-process inventory, meeting customer delivery schedules, and
the cycle time to manufacture product.

You are the administrator of a large metropolitan hospital that oper-

ates the only 24-hour emergency room in the area. You must sched-

ule attending physicians, resident physicians, nurses, laboratory, and

support personnel to operate this facility effectively.

a. What measures of effectiveness do you think patients use to
evaluate the services that you provide?

b. How are forecasts useful to you in planning services that will
maximize these measures of effectiveness?

¢. What planning horizon do you need to use? Does this lead to
short-range or long-range forecasts?

Consider an airline that operates a network of flights that serves 200
cities in the continental United States. What long-range forecasts do
the operators of the airline need to be successful? What forecasting
problems does this business face on a daily basis? What are the
consequences of forecast errors for the airline?

Discuss the potential difficulties of forecasting the daily closing
price of a specific stock on the New York Stock Exchange. Would
the problem be different (harder, easier) if you were asked to forecast
the closing price of a group of stocks, all in the same industry (say,
the pharmaceutical industry)?

Explain how large forecast errors can lead to high inventory levels
at a retailer; at a manufacturing plant.

Your company manufactures and distributes soft drink beverages,
sold in bottles and cans at retail outlets such as grocery stores,
restaurants and other eating/drinking establishments, and vending
machines in offices, schools, stores, and other outlets. Your product
line includes about 25 different products, and many of these are
produced in different package sizes.

a. What forecasts do you need in this business to be successful?
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b. Is the demand for your product likely to be seasonal? Explain
why or why not?

¢. Does the shelf life of your product impact the forecasting prob-
lem?

d. What data do you think that you would need to be able to produce
successful forecasts?






CHAPTER 2

STATISTICS BACKGROUND
FOR FORECASTING

The future ain’t what it used to be.
YOGI BERRA, New York Yankees catcher

2.1 INTRODUCTION

This chapter presents some basic statistical methods essential to modeling,
analyzing, and forecasting time series data. Both graphical displays and
numerical summaries of the properties of time series data are presented.
We also discuss the use of data transformations and adjustments in fore-
casting and some widely used methods for characterizing and monitoring
the performance of a forecasting model. Some aspects of how these per-
formance measures can be used to select between competing forecasting
techniques are also presented.

Forecasts are based on data or observations on the variable of interest.
These data are usually in the form of a time series. Suppose that there are
T periods of data available, with period T being the most recent. We will
let the observation on this variable at time period ¢ be denoted by y,, t = 1,
2,..., T. This variable can represent a cumulative quantity, such as the

Introduction to Time Series Analysis and Forecasting, Second Edition.
Douglas C. Montgomery, Cheryl L. Jennings and Murat Kulahci.
© 2015 John Wiley & Sons, Inc. Published 2015 by John Wiley & Sons, Inc.
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total demand for a product during period ¢, or an instantaneous quantity,
such as the daily closing price of a specific stock on the New York Stock
Exchange.

Generally, we will need to distinguish between a forecast or predicted
value of y, that was made at some previous time period, say, t — 7, and a
fitted value of y, that has resulted from estimating the parameters in a time
series model to historical data. Note that 7 is the forecast lead time. The
forecast made at time period ¢ — 7 is denoted by 3,(# — 7). There is a lot of
interest in the lead — 1 forecast, which is the forecast of the observation
in period ¢, y,, made one period prior, y,(t — 1). We will denote the fitted
value of y, by ¥,.

We will also be interested in analyzing forecast errors. The forecast
error that results from a forecast of y, that was made at time period ¢ — 7 is
the lead — 7 forecast error

et(T) =V - 5’;@ - T)- (21)

For example, the lead — 1 forecast error is
6,(1) == )A}z(t - D.

The difference between the observation y, and the value obtained by fitting
a time series model to the data, or a fitted value y, defined earlier, is called
a residual, and is denoted by

€=y, — ¥ (2.2)

The reason for this careful distinction between forecast errors and residuals
is that models usually fit historical data better than they forecast. That is,
the residuals from a model-fitting process will almost always be smaller
than the forecast errors that are experienced when that model is used to
forecast future observations.

2.2 GRAPHICAL DISPLAYS

2.2.1 Time Series Plots

Developing a forecasting model should always begin with graphical display
and analysis of the available data. Many of the broad general features of a
time series can be seen visually. This is not to say that analytical tools are
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not useful, because they are, but the human eye can be a very sophisticated
data analysis tool. To paraphrase the great New York Yankees catcher Yogi
Berra, “You can observe a lot just by watching.”

The basic graphical display for time series data is the time series plot,
illustrated in Chapter 1. This is just a graph of y, versus the time period,
t,fort=1, 2,..., T. Features such as trend and seasonality are usually
easy to see from the time series plot. It is interesting to observe that some
of the classical tools of descriptive statistics, such as the histogram and
the stem-and-leaf display, are not particularly useful for time series data
because they do not take time order into account.

Example 2.1 Figures 2.1 and 2.2 show time series plots for viscosity
readings and beverage production shipments (originally shown in Fig-
ures 1.3 and 1.5, respectively). At the right-hand side of each time series
plot is a histogram of the data. Note that while the two time series display
very different characteristics, the histograms are remarkably similar. Essen-
tially, the histogram summarizes the data across the time dimension, and
in so doing, the key time-dependent features of the data are lost. Stem-and-
leaf plots and boxplots would have the same issues, losing time-dependent
features.

Time series plot Histogram
90 90 |
89 1 89
88 88 1
87 1 87 1
o
S |
2 86 86 1 |
o
g 85 1 85 |
> |
84 84 |
83 1 83 -
82 1 82 |
811, . . . . . 81 1 . . . .
1 20 40 60 80 100 0 4 8 12 16
Time period Frequency

FIGURE 2.1 Time series plot and histogram of chemical process viscosity
readings.
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FIGURE 2.2 Time series plot and histogram of beverage production shipments.

When there are two or more variables of interest, scatter plots can be
useful in displaying the relationship between the variables. For example,
Figure 2.3 is a scatter plot of the annual global mean surface air temperature
anomaly first shown in Figure 1.6 versus atmospheric CO, concentrations.
The scatter plot clearly reveals a relationship between the two variables:
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FIGURE 2.3 Scatter plot of temperature anomaly versus CO, concentrations.
Sources: NASA-GISS (anomaly), DOE-DIAC (CO,).
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low concentrations of CO, are usually accompanied by negative anomalies,
and higher concentrations of CO, tend to be accompanied by positive
anomalies. Note that this does not imply that higher concentrations of
CO, actually cause higher temperatures. The scatter plot cannot establish
a causal relationship between two variables (neither can naive statistical
modeling techniques, such as regression), but it is useful in displaying how
the variables have varied together in the historical data set.

There are many variations of the time series plot and other graphical
displays that can be constructed to show specific features of a time series.
For example, Figure 2.4 displays daily price information for Whole Foods
Market stock during the first quarter of 2001 (the trading days from January
2, 2001 through March 30, 2001). This chart, created in Excel®, shows the
opening, closing, highest, and lowest prices experienced within a trading
day for the first quarter. If the opening price was higher than the closing
price, the box is filled, whereas if the closing price was higher than the
opening price, the box is open. This type of plot is potentially more useful
than a time series plot of just the closing (or opening) prices, because it
shows the volatility of the stock within a trading day. The volatility of an
asset is often of interest to investors because it is a measure of the inherent
risk associated with the asset.
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FIGURE 2.4 Open-high/close-low chart of Whole Foods Market stock price.

Source: finance.yahoo.com.
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2.2.2 Plotting Smoothed Data

Sometimes it is useful to overlay a smoothed version of the original data
on the original time series plot to help reveal patterns in the original data.
There are several types of data smoothers that can be employed. One of the
simplest and most widely used is the ordinary or simple moving average.
A simple moving average of span N assigns weights 1/N to the most
recent N observations yz, yr_i, ..., Yr_n4+1» and weight zero to all other
observations. If we let M be the moving average, then the N-span moving
average at time period T is

T
Yr+Yroit o+ Yrong 1
M, = ~ = v Z y, (2.3)

Clearly, as each new observation becomes available it is added into the sum
from which the moving average is computed and the oldest observation
is discarded. The moving average has less variability than the original
observations; in fact, if the variance of an individual observation y, is o2,
then assuming that the observations are uncorrelated the variance of the
moving average is

N
1
Var(My) = Var <N i Z yt> N2 Z Var(y,) = —
1=T—N+1 1=T—-N+1

Sometimes a “centered” version of the moving average is used, such as in

M, = S+1 _Zy" 24)

where the span of the centered moving average is N = 25 + 1.

Example 2.2  Figure 2.5 plots the annual global mean surface air tem-
perature anomaly data along with a five-period (a period is 1 year) moving
average of the same data. Note that the moving average exhibits less vari-
ability than found in the original series. It also makes some features of the
data easier to see; for example, it is now more obvious that the global air
temperature decreased from about 1940 until about 1975.

Plots of moving averages are also used by analysts to evaluate stock
price trends; common MA periods are 5, 10, 20, 50, 100, and 200 days. A
time series plot of Whole Foods Market stock price with a 50-day moving
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FIGURE 2.5 Time series plot of global mean surface air temperature anomaly,
with five-period moving average. Source: NASA-GISS.
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FIGURE 2.6 Time series plot of Whole Foods Market stock price, with 50-day
moving average. Source: finance.yahoo.com.

average is shown in Figure 2.6. The moving average plot smoothes the
day-to-day noise and shows a generally increasing trend.

The simple moving average is a linear data smoother, or a linear
filter, because it replaces each observation y, with a linear combination of
the other data points that are near to it in time. The weights in the linear
combination are equal, so the linear combination here is an average. Of
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course, unequal weights could be used. For example, the Hanning filter
is a weighted, centered moving average

MM = 0.25y,,, + 0.5y, + 0.25y,_,

Julius von Hann, a nineteenth century Austrian meteorologist, used this
filter to smooth weather data.

An obvious disadvantage of a linear filter such as a moving average
is that an unusual or erroneous data point or an outlier will dominate the
moving averages that contain that observation, contaminating the moving
averages for a length of time equal to the span of the filter. For example,
consider the sequence of observations

15,18,13,12,16,14,16,17, 18, 15, 18,200, 19, 14,21, 24, 19, 25

which increases reasonably steadily from 15 to 25, except for the unusual
value 200. Any reasonable smoothed version of the data should also
increase steadily from 15 to 25 and not emphasize the value 200. Now
even if the value 200 is a legitimate observation, and not the result of a data
recording or reporting error (perhaps it should be 20!), it is so unusual that
it deserves special attention and should likely not be analyzed along with
the rest of the data.

0Odd-span moving medians (also called running medians) are an alter-
native to moving averages that are effective data smoothers when the time
series may be contaminated with unusual values or outliers. The moving
median of span N is defined as

m[N] = med(yt—u’ s Yps e ’yt+u)’ (25)

t

where N = 2u + 1. The median is the middle observation in rank order
(or order of value). The moving median of span 3 is a very popular and
effective data smoother, where

Bl _
m;” = med(y,_y, Y Yyy1)-
This smoother would process the data three values at a time, and replace

the three original observations by their median. If we apply this smoother
to the data above, we obtain

,15,13,13,14,16,17,17,18, 18,19, 19,19, 21, 21, 24, .
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This smoothed data are a reasonable representation of the original data,
but they conveniently ignore the value 200. The end values are lost when
using the moving median, and they are represented by “____".

In general, a moving median will pass monotone sequences of data
unchanged. It will follow a step function in the data, but it will eliminate
a spike or more persistent upset in the data that has duration of at most
u consecutive observations. Moving medians can be applied more than
once if desired to obtain an even smoother series of observations. For
example, applying the moving median of span 3 to the smoothed data above
results in

, ,13,13,14,16,17,17,18,18,19,19, 19,21, 21, ,

These data are now as smooth as it can get; that is, repeated application of
the moving median will not change the data, apart from the end values.

If there are a lot of observations, the information loss from the missing
end values is not serious. However, if it is necessary or desirable to keep
the lengths of the original and smoothed data sets the same, a simple way
to do this is to “copy on” or add back the end values from the original data.
This would result in the smoothed data:

15,18,13,13,14,16,17,17,18,18, 19,19, 19,21, 21, 19, 25

There are also methods for smoothing the end values. Tukey (1979) is a
basic reference on this subject and contains many other clever and useful
techniques for data analysis.

Example 2.3  The chemical process viscosity readings shown in
Figure 1.11 are an example of a time series that benefits from smooth-
ing to evaluate patterns. The selection of a moving median over a moving
average, as shown in Figure 2.7, minimizes the impact of the invalid mea-
surements, such as the one at time period 70.

2.3 NUMERICAL DESCRIPTION OF TIME SERIES DATA

2.3.1 Stationary Time Series

A very important type of time series is a stationary time series. A time
series is said to be strictly stationary if its properties are not affected
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FIGURE 2.7 Viscosity readings with (a) moving average and (b) moving
median.

by a change in the time origin. That is, if the joint probability distribu-
tion of the observations y,,y,,{,...,Y,;, 15 exactly the same as the joint
probability distribution of the observations y, . ¥4 st15 -+ » Yirksn then the
time series is strictly stationary. When n = 0O the stationarity assumption
means that the probability distribution of y, is the same for all time periods
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FIGURE 2.8 Pharmaceutical product sales.

and can be written as f(y). The pharmaceutical product sales and chemical
viscosity readings time series data originally shown in Figures 1.2 and 1.3,
respectively, are examples of stationary time series. The time series plots
are repeated in Figures 2.8 and 2.9 for convenience. Note that both time
series seem to vary around a fixed level. Based on the earlier definition, this
is a characteristic of stationary time series. On the other hand, the Whole
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FIGURE 2.9 Chemical process viscosity readings.
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Foods Market stock price data in Figure 1.7 tends to wander around or drift,
with no obvious fixed level. This is behavior typical of a nonstationary
time series.

Stationary implies a type of statistical equilibrium or stability in the
data. Consequently, the time series has a constant mean defined in the usual
way as

uy = EQ) = / Y G)dy 2.6)

o0

and constant variance defined as
oy = Var(y) = / O = )’ f(y)dy. (2.7)

The sample mean and sample variance are used to estimate these parame-
ters. If the observations in the time series are y;, y,, ... , y, then the sample
mean is

T
.1
y=h=7 D (2.8)

and the sample variance is

=62 = % 3 6 -9 2.9)

Note that the divisor in Eq. (2.9) is T rather than the more familiar 7 — 1.
This is the common convention in many time series applications, and
because 7' is usually not small, there will be little difference between using
T instead of T — 1.

2.3.2 Autocovariance and Autocorrelation Functions

If a time series is stationary this means that the joint probability distri-
bution of any two observations, say, y, and y,;, is the same for any two
time periods ¢ and ¢ + k that are separated by the same interval k. Useful
information about this joint distribution, and hence about the nature of the
time series, can be obtained by plotting a scatter diagram of all of the data
pairs y,,y,,, that are separated by the same interval k. The interval k is
called the lag.
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FIGURE 2.10 Scatter diagram of pharmaceutical product sales at lag k = 1.

Example 2.4  Figure 2.10 is a scatter diagram for the pharmaceutical
product sales for lag k = 1 and Figure 2.11 is a scatter diagram for the
chemical viscosity readings for lag k = 1. Both scatter diagrams were
constructed by plotting y,,; versus y,. Figure 2.10 exhibits little structure;
the plotted pairs of adjacent observations y,, y,,; seem to be uncorrelated.
That is, the value of y in the current period does not provide any useful
information about the value of y that will be observed in the next period.
A different story is revealed in Figure 2.11, where we observe that the
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FIGURE 2.11 Scatter diagram of chemical viscosity readings at lag k = 1.
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pairs of adjacent observations y,, ;,y, are positively correlated. That is, a
small value of y tends to be followed in the next time period by another
small value of y, and a large value of y tends to be followed immediately by
another large value of y. Note from inspection of Figures 2.10 and 2.11 that
the behavior inferred from inspection of the scatter diagrams is reflected
in the observed time series.

The covariance between y, and its value at another time period, say, y,,,
is called the autocovariance at lag k, defined by

Yie = Cov(y, Vi) = E[Q, = WO — W] (2.10)

The collection of the values of y,,k =0, 1,2, ... is called the autocovari-
ance function. Note that the autocovariance at lag k = 0 is just the vari-
ance of the time series; that is, y, = 6> ,which is constant for a stationary
time series. The autocorrelation coetyﬁcient at lag k for a stationary time
series is

9 = E[Q, = )i — W] _ Cov(y;, Yisk) _ Yk @2.11)

k frd — _—. .
VEIO, — wPIE[G — w21 Va0) 7

The collection of the values of p,, k =0, 1,2, ... is called the autocorrela-
tion function (ACF). Note that by definition p, = 1. Also, the ACF is inde-
pendent of the scale of measurement of the time series, so it is a dimension-
less quantity. Furthermore, p, = p_;; that is, the ACF is symmetric around
zero, so it is only necessary to compute the positive (or negative) half.

If a time series has a finite mean and autocovariance function it is
said to be second-order stationary (or weakly stationary of order 2). If, in
addition, the joint probability distribution of the observations at all times is
multivariate normal, then that would be sufficient to result in a time series
that is strictly stationary.

It is necessary to estimate the autocovariance and ACFs from a time
series of finite length, say, y;, ¥, ..., y;. The usual estimate of the autoco-
variance function is

T-k
A 1 _ _
G=0=5 20~ N0m =P k=012 K (212
t=1

and the ACF is estimated by the sample autocorrelation function (or
sample ACF)

re=p=—=, k=0,1,....K (2.13)
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A good general rule of thumb is that at least 50 observations are required
to give a reliable estimate of the ACF, and the individual sample autocor-
relations should be calculated up to lag K, where K is about 7/4.

Often we will need to determine if the autocorrelation coefficient at a
particular lag is zero. This can be done by comparing the sample auto-
correlation coefficient at lag k, r, to its standard error. If we make the
assumption that the observations are uncorrelated, that is, p, = 0 for all £,
then the variance of the sample autocorrelation coefficient is

Var(r,) & (2.14)

~| =

and the standard error is

IR

5l-

se(ry,) (2.15)

Example 2.5 Consider the chemical process viscosity readings plotted
in Figure 2.9; the values are listed in Table 2.1.
The sample ACF at lag k = 1 is calculated as

1 100-0
€ =71 ()’z—)_’)(yt+o_)_’)
100 ;
- 1%[(86.7418 — 84.9153)(86.7418 — 84.9153) + ---
+(85.0572 — 84.9153)(85.0572 — 84.9153)]
= 280.9332
1 100—1
‘1= 15 (yt _)_))(yz+1 _)_’)
100 ;
= ﬁ[(smms — 84.9153)(85.3195 — 84.9153) + ---
+(87.0048 — 84.9153)(85.0572 — 84.9153)]
= 2203137
¢ 2203137
=L o= 7842
" T 2809332

A plot and listing of the sample ACFs generated by Minitab for the first
25 lags are displayed in Figures 2.12 and 2.13, respectively.
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TABLE 2.1 Chemical Process Viscosity Readings

Time Time Time Time
Period Reading Period Reading Period Reading Period Reading
1 86.7418 26 87.2397 51 85.5722 76 84.7052
2 85.3195 27 87.5219 52 83.7935 77 83.8168
3 84.7355 28 86.4992 53 84.3706 78 82.4171
4 85.1113 29 85.6050 54 83.3762 79 83.0420
5 85.1487 30 86.8293 55 84.9975 80 83.6993
6 84.4775 31 84.5004 56 84.3495 81 82.2033
7 84.6827 32 84.1844 57 85.3395 82 82.1413
8 84.6757 33 85.4563 58 86.0503 83 81.7961
9 86.3169 34 86.1511 59 84.8839 84 82.3241
10 88.0006 35 86.4142 60 85.4176 85 81.5316
11 86.2597 36 86.0498 61 84.2309 86 81.7280
12 85.8286 37 86.6642 62 83.5761 87 82.5375
13 83.7500 38 84.7289 63 84.1343 88 82.3877
14 84.4628 39 85.9523 64 82.6974 89 82.4159
15 84.6476 40 86.8473 65 83.5454 90 82.2102
16 84.5751 41 88.4250 66 86.4714 91 82.7673
17 82.2473 42 89.6481 67 86.2143 92 83.1234
18 83.3774 43 87.8566 68 87.0215 93 83.2203
19 83.5385 44 88.4997 69 86.6504 94 84.4510
20 85.1620 45 87.0622 70 85.7082 95 84.9145
21 83.7881 46 85.1973 71 86.1504 96 85.7609
22 84.0421 47 85.0767 72 85.8032 97 85.2302
23 84.1023 48 84.4362 73 85.6197 98 86.7312
24 84.8495 49 84.2112 74 84.2339 99 87.0048
25 87.6416 50 85.9952 75 83.5737 100 85.0572
1.0 1
0.8
0.6
‘éf 0.4 ITF ----------------------- -
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FIGURE 2.12 Sample autocorrelation function for chemical viscosity readings,

with 5% significance limits.
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Autocorrelation function: reading

Lag ACF T LBQ
1 0784221 7.84 63.36
2 0628050 421 104.42
3 0491587 283 129.83
4 0362880 194 143.82
5 0304554 157 153.78
6 0208979 1.05 15852
7 0.164320 0.82 161.48
8 0144789 072 163.80
9 0103625 051 165.01

10 0.066559 0.33 165.51
11 0.003949 0.02 165.51
12 -0.077226 -0.38 166.20
13 -0.051953 -0.25 166.52
14 0.020525 0.10 166.57
15 0.072784 0.36 167.21
16 0.070753 0.35 167.81
17 0.001334 0.01 167.81
18 -0.057435 -0.28 168.22
19 -0.123122 -0.60 170.13
20 -0.180546 -0.88 174.29
21 -0.162466 -0.78 177.70
22 -0.145979 -0.70 180.48
23 -0.087420 -0.42 181.50
24 -0.011579 -0.06 181.51
25 0.063170 0.30 182.06

FIGURE 2.13 Listing of sample autocorrelation functions for first 25 lags of
chemical viscosity readings, Minitab session window output (the definition of T
and LBQ will be given later).

Note the rate of decrease or decay in ACF values in Figure 2.12 from 0.78
to 0, followed by a sinusoidal pattern about 0. This ACF pattern is typical
of stationary time series. The importance of ACF estimates exceeding the
5% significance limits will be discussed in Chapter 5. In contrast, the plot
of sample ACFs for a time series of random values with constant mean
has a much different appearance. The sample ACFs for pharmaceutical
product sales plotted in Figure 2.14 appear randomly positive or negative,
with values near zero.

While the ACF is strictly speaking defined only for a stationary time
series, the sample ACF can be computed for any time series, so a logical
question is: What does the sample ACF of a nonstationary time series look
like? Consider the daily closing price for Whole Foods Market stock in
Figure 1.7. The sample ACF of this time series is shown in Figure 2.15.
Note that this sample ACF plot behaves quite differently than the ACF
plots in Figures 2.12 and 2.14. Instead of cutting off or tailing off near
zero after a few lags, this sample ACF is very persistent; that is, it decays
very slowly and exhibits sample autocorrelations that are still rather large
even at long lags. This behavior is characteristic of a nonstationary time
series. Generally, if the sample ACF does not dampen out within about 15
to 20 lags, the time series is nonstationary.
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FIGURE 2.14 Autocorrelation function for pharmaceutical product sales, with
5% significance limits.

2.3.3 The Variogram

We have discussed two techniques for determining if a time series is
nonstationary, plotting a reasonable long series of the data to see if it drifts
or wanders away from its mean for long periods of time, and computing
the sample ACF. Howeyver, often in practice there is no clear demarcation
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FIGURE 2.15 Autocorrelation function for Whole Foods Market stock price,
with 5% significance limits.
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between a stationary and a nonstationary process for many real-world time
series. An additional diagnostic tool that is very useful is the variogram.
Suppose that the time series observations are represented by y,. The
variogram G, measures variances of the differences between observations
that are k lags apart, relative to the variance of the differences that are one
time unit apart (or at lag 1). The variogram is defined mathematically as

_ Var(y =)

= =1,2,... (2.16)
Var (y,.1 — y,)

k

and the values of G, are plotted as a function of the lag k. If the time series
is stationary, it turns out that

but for a stationary time series p, — 0 as k increases, so when the variogram
is plotted against lag k, G, will reach an asymptote 1/(1 — p;). However,
if the time series is nonstationary, G, will increase monotonically.
Estimating the variogram is accomplished by simply applying the usual
sample variance to the differences, taking care to account for the changing
sample sizes when the differences are taken (see Haslett (1997)). Let

df = Verk =Vt
-

= d;.
T—-k !

Then an estimate of Var (y,,, —y,) is

. s
Gk=s—’; k=1,2,.. (2.17)
1

To illustrate the use of the variogram, consider the chemical process vis-
cosity data plotted in Figure 2.9. Both the data plot and the sample ACF in
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Lag Variogram Plot Variogram
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3 2.3562
4 2.9527
5 3.2230
6 3.6659
7 3.8729
8 3.9634
9 4.1541

10 4.3259
11 4.6161
12 4.9923
13 4.8752
14 4.5393
15 4.2971
16 4.3065
17 4.6282
18 4.9006
19 5.2050
20 5.4711
21 5.3873
22 5.3109
23 5.0395
24 4.6880
25 4.3416

FIGURE 2.16 JMP output for the sample variogram of the chemical process
viscosity data from Figure 2.19.

Figures 2.12 and 2.13 suggest that the time series is stationary. Figure 2.16
is the variogram. Many software packages do not offer the variogram as
a standard pull-down menu selection, but the JMP package does. Without
software, it is still fairly easy to compute.

Start by computing the successive differences of the time series for a
number of lags and then find their sample variances. The ratios of these
sample variances to the sample variance of the first differences will produce
the sample variogram. The JMP calculations of the sample variogram are
shown in Figure 2.16 and a plot is given in Figure 2.17. Notice that the
sample variogram generally converges to a stable level and then fluctuates
around it. This is consistent with a stationary time series, and it provides
additional evidence that the chemical process viscosity data are stationary.

Now let us see what the sample variogram looks like for a nonstationary
time series. The Whole Foods Market stock price data from Appendix
Table B.7 originally shown in Figure 1.7 are apparently nonstationary, as it
wanders about with no obvious fixed level. The sample ACF in Figure 2.15
decays very slowly and as noted previously, gives the impression that the
time series is nonstationary. The calculations for the variogram from JMP
are shown in Figure 2.18 and the variogram is plotted in Figure 2.19.
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FIGURE 2.17 JMP sample variogram of the chemical process viscosity data
from Figure 2.9.

Lag Variogram Plot Variogram
1 1.0000
2 2.0994
3 3.2106
4 4.3960
5 5.4982
6 6.5810
7 7.5690
8 8.5332
9 9.4704

10 10.4419
11 11.4154
12 12.3452
13 13.3759
14 14.4411
15 15.6184
16 16.9601
17 18.2442
18 19.3782
19 20.3934
20 21.3618
21 22.4010
22 23.4788
23 24.5450
24 25.5906
25 26.6620

FIGURE 2.18 JMP output for the sample variogram of the Whole Foods Market
stock price data from Figure 1.7 and Appendix Table B.7.
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FIGURE 2.19 Sample variogram of the Whole Foods Market stock price data
from Figure 1.7 and Appendix Table B.7.

Notice that the sample variogram in Figure 2.19 increases monoton-
ically for all 25 lags. This is a strong indication that the time series is
nonstationary.

2.4 USE OF DATA TRANSFORMATIONS AND ADJUSTMENTS

2.4.1 Transformations

Data transformations are useful in many aspects of statistical work, often
for stabilizing the variance of the data. Nonconstant variance is quite com-
mon in time series data. For example, the International Sunspot Numbers
plotted in Figure 2.20a show cyclic patterns of varying magnitudes. The
variability from about 1800 to 1830 is smaller than that from about 1830
to 1880; other small periods of constant, but different, variances can also
be identified.

A very popular type of data transformation to deal with nonconstant
variance is the power family of transformations, given by

A
yt =1
L 1#0
y =9 Ayt #0, (2.18)

ylny, 41=0
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FIGURE 2.20 Yearly International Sunspot Number, (a) untransformed and (b)
natural logarithm transformation. Source: SIDC.

where y = exp[(1/T) Zthl Iny,] is the geometric mean of the observations.
If A =1, there is no transformation. Typical values of A used with time
series data are 4 = 0.5 (a square root transformation), 4 = 0 (the log trans-
formation), A = —0.5 (reciprocal square root transformation), and A = —1
(inverse transformation). The divisor y*~! is simply a scale factor that
ensures that when different models are fit to investigate the utility of dif-
ferent transformations (values of 4), the residual sum of squares for these
models can be meaningfully compared. The reason that A = 0 implies a log
transformation is that (y* — 1)/ 4 approaches the log of y as A approaches
zero. Often an appropriate value of A is chosen empirically by fitting a
model to y¥ for various values of A and then selecting the transformation
that produces the minimum residual sum of squares.

The log transformation is used frequently in situations where the vari-
ability in the original time series increases with the average level of the
series. When the standard deviation of the original series increases lin-
early with the mean, the log transformation is in fact an optimal variance-
stabilizing transformation. The log transformation also has a very nice
physical interpretation as percentage change. To illustrate this, let the time
series be y,y,, ...,y and suppose that we are interested in the percentage
change in y,, say,

_ 1000, = y,1)
Yi—1 ’

Xt
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The approximate percentage change in y, can be calculated from the
differences of the log-transformed time series x, = 100[In(y,) — In(y,_;)]
because

+ —_
IOO[IH(yt) — ln(yt—l)] = 1001n <L> =1001n (yt—l (yt yt—l))
Yi-1 Yi—1
xl
- 1001n<1 + W) ~x,

since In(1 + z) = z when z is small.

The application of a natural logarithm transformation to the International
Sunspot Number, as shown in Figure 2.20b, tends to stabilize the variance
and leaves just a few unusual values.

2.4.2 Trend and Seasonal Adjustments

In addition to transformations, there are also several types of adjustments
that are useful in time series modeling and forecasting. Two of the most
widely used are trend adjustments and seasonal adjustments. Sometimes
these procedures are called trend and seasonal decomposition.

A time series that exhibits a trend is a nonstationary time series. Mod-
eling and forecasting of such a time series is greatly simplified if we
can eliminate the trend. One way to do this is to fit a regression model
describing the trend component to the data and then subtracting it out of
the original observations, leaving a set of residuals that are free of trend.
The trend models that are usually considered are the linear trend, in which
the mean of y, is expected to change linearly with time as in

E(y,) = po + bt (2.19)
or as a quadratic function of time
EQ,) = fo + bit + por* (2.20)
or even possibly as an exponential function of time such as
E(y,) = foe™". (2.21)

The models in Egs. (2.19)—(2.21) are usually fit to the data by using ordinary
least squares.

Example2.6 We will show how least squares can be used to fit regression
models in Chapter 3. However, it would be useful at this point to illustrate
how trend adjustment works. Minitab can be used to perform trend adjust-
ment. Consider the annual US production of blue and gorgonzola cheeses
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FIGURE 2.21 Blue and gorgonzola cheese production, with fitted regression

line. Source: USDA-NASS.

shown in Figure 1.4. There is clearly a positive, nearly linear trend. The
trend analysis plot in Figure 2.21 shows the original time series with the

fitted line.

Plots of the residuals from this model indicate that, in addition to an
underlying trend, there is additional structure. The normal probability plot
(Figure 2.22a) and histogram (Figure 2.22c) indicate the residuals are
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FIGURE 2.22 Residual plots for simple linear regression model of blue and
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approximately normally distributed. However, the plots of residuals versus
fitted values (Figure 2.22b) and versus observation order (Figure 2.22d)
indicate nonconstant variance in the last half of the time series. Analysis
of model residuals is discussed more fully in Chapter 3.

Another approach to removing trend is by differencing the data; that is,
applying the difference operator to the original time series to obtain a new
time series, say,

X =Y = Y1 =V, (2.22)

where V is the (backward) difference operator. Another way to write the
differencing operation is in terms of a backshift operator B, defined as
By, =y, ;,s0

xx=(1 =By, =Vy, =y, —y,_, (2.23)

with V = (1 — B). Differencing can be performed successively if necessary
until the trend is removed; for example, the second difference is

x, =V =V(Vy)=(1=BYy,=(1=-2B+B) =y, -2y, +y,_,
(2.24)

In general, powers of the backshift operator and the backward difference
operator are defined as

dy, —

By, =yi_q (2.25)
Ve = (1 - By

Differencing has two advantages relative to fitting a trend model to the
data. First, it does not require estimation of any parameters, so it is a more
parsimonious (i.e., simpler) approach; and second, model fitting assumes
that the trend is fixed throughout the time series history and will remain
so in the (at least immediate) future. In other words, the trend component,
once estimated, is assumed to be deterministic. Differencing can allow
the trend component to change through time. The first difference accounts
for a trend that impacts the change in the mean of the time series, the
second difference accounts for changes in the slope of the time series, and
so forth. Usually, one or two differences are all that is required in practice
to remove an underlying trend in the data.
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Reconsider the blue and gorgonzola cheese production

data. A difference of one applied to this time series removes the increasing
trend (Figure 2.23) and also improves the appearance of the residuals
plotted versus fitted value and observation order when a linear model
is fitted to the detrended time series (Figure 2.24). This illustrates that
differencing may be a very good alternative to detrending a time series by
using a regression model.
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FIGURE 2.23 Blue and gorgonzola cheese production, with one difference.
Source: USDA-NASS.
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Seasonal, or both trend and seasonal, components are present in many
time series. Differencing can also be used to eliminate seasonality. Define
a lag—d seasonal difference operator as

Vo, =10 =BY=y,-y_, (2.26)

For example, if we had monthly data with an annual season (a very common
situation), we would likely use d = 12, so the seasonally differenced data
would be

Vi, = =B®)y, =y, —y_p.

When both trend and seasonal components are simultaneously present, we
can sequentially difference to eliminate these effects. That is, first season-
ally difference to remove the seasonal component and then difference one
or more times using the regular difference operator to remove the trend.

Example 2.8 The beverage shipment data shown in Figure 2.2 appear
to have a strong monthly pattern—January consistently has the lowest
shipments in a year while the peak shipments are in May and June. There
is also an overall increasing trend from year to year that appears to be the
same regardless of month.

A seasonal difference of twelve followed by a trend difference of
one was applied to the beverage shipments, and the results are shown
in Figure 2.25. The seasonal differencing removes the monthly pattern
(Figure 2.25a), and the second difference of one removes the overall
increasing trend (Figure 2.25b). The fitted linear trend line in Figure 2.25b
has a slope of virtually zero. Examination of the residual plots in Figure
2.26 does not reveal any problems with the linear trend model fit to the
differenced data.

Regression models can also be used to eliminate seasonal (or trend
and seasonal components) from time series data. A simple but useful
model is

E(y,) = fy + P, sin %rt + p, cos %rt, (2.27)

where d is the period (or length) of the season and 27 /d is expressed in
radians. For example, if we had monthly data and an annual season, then
d = 12. This model describes a simple, symmetric seasonal pattern that
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FIGURE 2.25 Time series plots of seasonal- and trend-differenced beverage
data.

repeats every 12 periods. The model is actually a sine wave. To see this,
recall that a sine wave with amplitude f, phase angle or origin @, and period
or cycle length @ can be written as

E(y,) = Bsinaw(t + 0). (2.28)
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FIGURE 2.26 Residual plots for linear trend model of differenced beverage
shipments.

Equation (2.27) was obtained by writing Eq. (2.28) as a sine—cosine pair
using the trigonometric identity sin(u + v) = cosusinv + sinucosv and
adding an intercept term f:

E(y,) = fsinw(t + 0)
= f cos wf sin wt + f sin wh cos wt

= f, sinwt + p, cos wt

where | = fcoswf and f, = fsin wh. Setting w = 2z /12 and adding the
intercept term f, produces Eq. (2.27). This model is very flexible; for
example, if we set w = 2z /52 we can model a yearly seasonal pattern that
is observed weekly, if we set w = 27 /4 we can model a yearly seasonal
pattern observed quarterly, and if we set w = 27 /13 we can model an
annual seasonal pattern observed in 13 four-week periods instead of the
usual months.

Equation (2.27) incorporates a single sine wave at the fundamental
frequency w = 2z /12. In general, we could add harmonics of the fun-
damental frequency to the model in order to model more complex sea-
sonal patterns. For example, a very general model for monthly data and
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an annual season that uses the fundamental frequency and the first three
harmonics is

2
E(y) =, + Z (/3 sin == t+ Pasjcos == ) (2.29)

If the data are observed in 13 four-week periods, the model would be

E(y,) =By + Z <ﬁ sin — t+ P4 cos 21§jt>. (2.30)

There is also a “classical” approach to decomposition of a time series
into trend and seasonal components (actually, there are a lot of differ-
ent decomposition algorithms; here we explain a very simple but useful
approach). The general mathematical model for this decomposition is

yt :f(Sp Tp 6;)9

where §, is the seasonal component, 7, is the trend effect (sometimes called
the trend-cycle effect), and ¢, is the random error component. There are
usually two forms for the function f; an additive model

yv,=8+T, +¢
and a multiplicative model
Ve =S8,

The additive model is appropriate if the magnitude (amplitude) of the
seasonal variation does not vary with the level of the series, while the
multiplicative version is more appropriate if the amplitude of the seasonal
fluctuations increases or decreases with the average level of the time series.

Decomposition is useful for breaking a time series down into these
component parts. For the additive model, it is relatively easy. First, we
would model and remove the trend. A simple linear model could be used
to do this, say, T, = f, + p,¢. Other methods could also be used. Moving
averages can be used to isolate a trend and remove it from the original data,
as could more sophisticated regression methods. These techniques might
be appropriate when the trend is not a straight line over the history of the
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time series. Differencing could also be used, although it is not typically in
the classical decomposition approach.

Once the trend or trend-cycle component is estimated, the series is
detrended:

»w—T,=5+¢,.

Now a seasonal factor can be calculated for each period in the season. For
example, if the data are monthly and an annual season is anticipated, we
would calculate a season effect for each month in the data set. Then the
seasonal indices are computed by taking the average of all of the seasonal
factors for each period in the season. In this example, all of the January
seasonal factors are averaged to produce a January season index; all of
the February seasonal factors are averaged to produce a February season
index; and so on. Sometimes medians are used instead of averages. In
multiplicative decomposition, ratios are used, so that the data are detrended
by

M
Tt = S,&,.

t

The seasonal indices are estimated by taking the averages over all of the
detrended values for each period in the season.

Example 2.9 The decomposition approach can be applied to the bev-
erage shipment data. Examining the time series plot in Figure 2.2, there
is both a strong positive trend as well as month-to-month variation, so
the model should include both a trend and a seasonal component. It also
appears that the magnitude of the seasonal variation does not vary with the
level of the series, so an additive model is appropriate.

Results of a time series decomposition analysis from Minitab of the
beverage shipments are in Figure 2.27, showing the original data (labeled
“Actual”); along with the fitted trend line (“Trend”) and the predicted
values (“Fits”) from the additive model with both the trend and seasonal
components.

Details of the seasonal analysis are shown in Figure 2.28. Estimates of
the monthly variation from the trend line for each season (seasonal indices)
are in Figure 2.28a with boxplots of the actual differences in Figure 2.28b.
The percent of variation by seasonal period is in Figure 2.28c, and model
residuals by seasonal period are in Figure 2.28d.
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FIGURE 2.27 Time series plot of decomposition model for beverage shipments.

Additional details of the component analysis are shown in Figure 2.29.
Figure 2.29a is the original time series, Figure 2.29b is a plot of the time
series with the trend removed, Figure 2.29c is a plot of the time series
with the seasonality removed, and Figure 2.29d is essentially a residual
plot of the detrended and seasonally adjusted data. The wave-like pattern
in Figure 2.29d suggests a potential issue with the assumption of constant
variance over time.
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FIGURE 2.29 Component analysis of beverage shipments.

Looking at the normal probability plot and histogram of residuals
(Figure 2.30a,c), there does not appear to be an issue with the normal-
ity assumption. Figure 2.30d is the same plot as Figure 2.29d. However,
variance does seem to increase as the predicted value increases; there is a
funnel shape to the residuals plotted in Figure 2.30b. A natural logarithm
transformation of the data may stabilize the variance and allow a useful
decomposition model to be fit.

Results from the decomposition analysis of the natural log-transformed
beverage shipment data are plotted in Figure 2.31, with the transformed
data, fitted trend line, and predicted values. Figure 2.32a shows the trans-
formed data, Figure 2.32b the transformed data with the trend removed,
Figure 2.32c the transformed data with seasonality removed, and Fig-
ure 2.32d the residuals plot of the detrended and seasonally adjusted trans-
formed data. The residual plots in Figure 2.33 indicate that the variance
over the range of the predicted values is now stable (Figure 2.33b), and
there are no issues with the normality assumption (Figures 2.33a,c). How-
ever, there is still a wave-like pattern in the plot of residuals versus time,
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FIGURE 2.30 Residual plots for additive model of beverage shipments.

both Figures 2.32d and 2.33d, indicating that some other structure in the
transformed data over time is not captured by the decomposition model.
This was not an issue with the model based on seasonal and trend differ-
encing (Figures 2.25 and 2.26), which may be a more appropriate model

for monthly beverage shipments.
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FIGURE 2.31 Time series plot of decomposition model for transformed bever-

age data.



60 STATISTICS BACKGROUND FOR FORECASTING

Data
o] © e} o«
) IS o ©
Detr. Data

©
S

Seas. Adj. Data
oo © oo
xN o
£4
I\
Seas. Adj. and Detr. Data

FIGURE 2.32 Component analysis of transformed beverage data.

99.9

0.10
99
L 90 = 0.05
H 3
© 50 % 0.00
& &
10 -0.05
1 »
0.1 -0.10
-0.10 -0.05 0.00 0.05 0.10 8.2 8.4 8.6 8.8
Residual Fitted value
(a) (b)
‘:>,. 18 = 0.05
3
o o
3 12 % 0.00
g &
L o5 -0.05
o L1 -0.10
—-0.09 -0.06 -0.03 0.00 0.03 0.06 0.09 1 20 40 60 80 100 120 140 160 180
Residual Observation order
(c) (d)

FIGURE 2.33 Residual plots from decomposition model for transformed bev-
erage data.



GENERAL APPROACH TO TIME SERIES MODELING AND FORECASTING 61

Another technique for seasonal adjustment that is widely used in mod-
eling and analyzing economic data is the X-11 method. Much of the devel-
opment work on this method was done by Julian Shiskin and others at the
US Bureau of the Census beginning in the mid-1950s and culminating into
the X-11 Variant of the Census Method II Seasonal Adjustment Program.
References for this work during this period include Shiskin (1958), and
Marris (1961). Authoritative documentation for the X-11 procedure is in
Shiskin, Young, and Musgrave (1967). The X-11 method uses symmet-
ric moving averages in an iterative approach to estimating the trend and
seasonal components. At the end of the series, however, these symmetric
weights cannot be applied. Asymmetric weights have to be used.

JMP (V12 and higher) provides the X-11 technique. Figure 2.34 shows
the JMP X-11 output for the beverage shipment data from Figure 2.2. The
upper part of the output contains a plot of the original time series, followed
by the sample ACF and PACF. Then Display D10 in the figure shows the
final estimates of the seasonal factors by month followed in Display D13
by the irregular or deseasonalized series. The final display is a plot of the
original and adjusted time series.

While different variants of the X-11 technique have been proposed, the
most important method to date has been the X-7/-ARIMA method devel-
oped at Statistics Canada. This method uses Box—Jenkins autoregressive
integrated moving average models (which are discussed in Chapter 5) to
extend the series. The use of ARIMA models will result in differences in
the final component estimates. Details of this method are in Dagum (1980,
1983, 1988).

2.5 GENERAL APPROACH TO TIME SERIES MODELING
AND FORECASTING

The techniques that we have been describing form the basis of a general
approach to modeling and forecasting time series data. We now give a broad
overview of the approach. This should give readers a general understanding
of the connections between the ideas we have presented in this chapter and
guidance in understanding how the topics in subsequent chapters form a
collection of useful techniques for modeling and forecasting time series.
The basic steps in modeling and forecasting a time series are as follows:

1. Plot the time series and determine its basic features, such as whether
trends or seasonal behavior or both are present. Look for possible
outliers or any indication that the time series has changed with respect



62 STATISTICS BACKGROUND FOR FORECASTING

7500 +
7000
6500
6000
Y 5500
5000
4500
4000
3500

Mean

Std

N

Zero Mean ADF

Lag AutoCorr —.8-.6-.4-.20 .2.4.6.8

0
1
2
3
4
5
6
7
8

9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

T
01/01/1997

1.0000
0.4398
0.5701
0.3620
0.1353
0.3132
-0.1007
0.1533
-0.2213
-0.1051
-0.0786
-0.2943
0.0785
-0.3209
-0.0537
-0.1891
-0.2052
-0.0233
-0.2957
0.0434
-0.2931
—-0.1244
—-0.1548
-0.3361
-0.0158
-0.3572

T
01/01/2003

Date

o

E;Dmmu:u

Lag

o N o~ WN = O

MDD MNDMNN - =
A WON -2 O O©O~NOUGA~WN-= O ©

25

Trend ADF

Single Mean ADF

5238.6611
782.42158

180
—-0.793136
—8.334716
-8.501149

Partial —.8-.6-.4-.20 .2.4.6.8

1.0000
0.4398
0.4670
0.0363

-0.3506 B

0.2678

-0.2836 B

0.1343

-0.3817 [

0.2253
-0.0379
—0.0456

0.1256

-0.2326 |

-0.0171
-0.0413
0.0353
-0.1088
0.0021
0.0036
-0.1474
-0.1013
-0.0729
-0.0980
0.0444
-0.1089

':"=":‘=|:'|:|':“:'|:|D|:||_I|_|D'=‘|_||_|_

I ___ e e

|
.

T

FIGURE 2.34 JMP output for the X-11 procedure.

to its basic features (such as trends or seasonality) over the time period
history.

2. Eliminate any trend or seasonal components, either by differencing or
by fitting an appropriate model to the data. Also consider using data
transformations, particularly if the variability in the time series seems
to be proportional to the average level of the series. The objective of
these operations is to produce a set of stationary residuals.
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3. Develop a forecasting model for the residuals. It is not unusual to find
that there are several plausible models, and additional analysis will
have to be performed to determine the best one to deploy. Sometimes
potential models can be eliminated on the basis of their fit to the
historical data. It is unlikely that a model that fits poorly will produce
good forecasts.
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. Validate the performance of the model (or models) from the previous

step. This will probably involve some type of split-sample or cross-
validation procedure. The objective of this step is to select a model
to use in forecasting. We will discuss this more in the next section
and illustrate these techniques throughout the book.

. Also of interest are the differences between the original time series

¥, and the values that would be forecast by the model on the original
scale. To forecast values on the scale of the original time series y,,
reverse the transformations and any differencing adjustments made
to remove trends or seasonal effects.

. For forecasts of future values in period 7 + 7 on the original scale,

if a transformation was used, say, x, = Iny,, then the forecast made
at the end of period T for 7'+ 7 would be obtained by reversing the
transformation. For the natural log this would be

Y14:(T) = explir, (T)].

. If prediction intervals are desired for the forecast (and we recom-

mend doing this), construct prediction intervals for the residuals and
then reverse the transformations made to produce the residuals as
described earlier. We will discuss methods for finding prediction
intervals for most of the forecasting methods presented in this book.

. Develop and implement a procedure for monitoring the forecast to

ensure that deterioration in performance will be detected reasonably
quickly. Forecast monitoring is usually done by evaluating the stream
of forecast errors that are experienced. We will present methods for
monitoring forecast errors with the objective of detecting changes in
performance of the forecasting model.

2.6 EVALUATING AND MONITORING FORECASTING
MODEL PERFORMANCE

2.6.1 Forecasting Model Evaluation

We now consider how to evaluate the performance of a forecasting tech-
nique for a particular time series or application. It is important to carefully
define the meaning of performance. It is tempting to evaluate performance
on the basis of the fit of the forecasting or time series model to histor-
ical data. There are many statistical measures that describe how well a
model fits a given sample of data, and several of these will be described in
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subsequent chapters. This goodness-of-fit approach often uses the residu-
als and does not really reflect the capability of the forecasting technique to
successfully predict future observations. The user of the forecasts is very
concerned about the accuracy of future forecasts, not model goodness of
fit, so it is important to evaluate this aspect of any recommended technique.
Sometimes forecast accuracy is called “out-of-sample” forecast error, to
distinguish it from the residuals that arise from a model-fitting process.

Measure of forecast accuracy should always be evaluated as part of a
model validation effort (see step 4 in the general approach to forecasting
in the previous section). When more than one forecasting technique seems
reasonable for a particular application, these forecast accuracy measures
can also be used to discriminate between competing models. We will
discuss this more in Section 2.6.2.

It is customary to evaluate forecasting model performance using the
one-step-ahead forecast errors

e,(1)=y,=3@&-1), (2.31)

where §,(t — 1) is the forecast of y, that was made one period prior. Fore-
cast errors at other lags, or at several different lags, could be used if interest
focused on those particular forecasts. Suppose that there are n observations
for which forecasts have been made and n one-step-ahead forecast errors,
e(l),t=1,2, ..., n. Standard measures of forecast accuracy are the aver-
age error or mean error

n

1
ME = - Z e,(1), (2.32)

t=1

the mean absolute deviation (or mean absolute error)
MAD = 2 3 je 1)), (2.33)
n =1
and the mean squared error
1 n
MSE = = " [e,(1)]. (2.34)
i3

The mean forecast error in Eq. (2.32) is an estimate of the expected value
of forecast error, which we would hope to be zero; that is, the forecasting
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technique produces unbiased forecasts. If the mean forecast error differs
appreciably from zero, bias in the forecast is indicated. If the mean forecast
error drifts away from zero when the forecasting technique is in use, this
can be an indication that the underlying time series has changed in some
fashion, the forecasting technique has not tracked this change, and now
biased forecasts are being generated.

Both the mean absolute deviation (MAD) in Eq. (2.33) and the mean
squared error (MSE) in Eq. (2.34) measure the variability in forecast
errors. Obviously, we want the variability in forecast errors to be small.
The MSE is a direct estimator of the variance of the one-step-ahead forecast
errors:

) 1 ¢
62, =MSE = - Z [e,(1)]. (2.35)
=1

If the forecast errors are normally distributed (this is usually not a bad
assumption, and one that is easily checked), the MAD is related to the
standard deviation of forecast errors by

6o = \/gMAD ~ 1.25MAD (2.36)

The one-step-ahead forecast error and its summary measures, the ME,
MAD, and MSE, are all scale-dependent measures of forecast accuracy;
that is, their values are expressed in terms of the original units of mea-
surement (or in the case of MSE, the square of the original units). So, for
example, if we were forecasting demand for electricity in Phoenix during
the summer, the units would be megawatts (MW). If the MAD for the fore-
cast error during summer months was 5 MW, we might not know whether
this was a large forecast error or a relatively small one. Furthermore, accu-
racy measures that are scale dependent do not facilitate comparisons of a
single forecasting technique across different time series, or comparisons
across different time periods. To accomplish this, we need a measure of
relative forecast error.

Define the relative forecast error (in percent) as

re,(1) = <%M> 100 = (?) 100. (2.37)
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This is customarily called the percent forecast error. The mean percent
forecast error (MPE) is

n

_1
MPE = Y re(1) (2.38)

t=1

and the mean absolute percent forecast error (MAPE) is
1 n
MAPE = = )" |re,(1)]. (2.39)
=

Knowing that the relative or percent forecast error or the MAPE is 3%
(say) can be much more meaningful than knowing that the MAD is 5 MW.
Note that the relative or percent forecast error only makes sense if the time
series y, does not contain zero values.

Example 2.10  Table 2.2 illustrates the calculation of the one-step-ahead
forecast error, the absolute errors, the squared errors, the relative (percent)
error, and the absolute percent error from a forecasting model for 20 time
periods. The last row of columns (3) through (7) display the sums required
to calculate the ME, MAD, MSE, MPE, and MAPE.

From Eq. (2.32), the mean (or average) forecast error is

1 © 1
ME =~ Z e(1) = 55(=11.6) = ~0.58,

t=1

the MAD is computed from Eq. (2.33) as
MAD = 1 Z le,(1)] = - (86.6) = 4.33
&0 20 T T

and the MSE is computed from Eq. (2.34) as

I © , 1
MSE = - 1 = —(471.8) = 23.59.
. ; [e,(DF = 25(471.8)
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Because the MSE estimates the variance of the one-step-ahead forecast
errors, we have

52 = MSE = 23.59

Oe(1

and an estimate of the standard deviation of forecast errors is the square

root of this quantity, or 6,;, = VMSE = 4.86. We can also obtain an
estimate of the standard deviation of forecasts errors from the MAD using
Eq. (2.36)

6,1y = 1.25MAD = 1.25(4.33) = 5.41.

These two estimates are reasonably similar. The mean percent forecast
error, MPE, is computed from Eq. (2.38) as

n

1 1
MPE = — D re ) = 5g(~35-1588) = —1.76%

1=1
and the mean absolute percent error is computed from Eq. (2.39) as

n

1 1
MAPE = — ; Ire (D] = 75(177.3) = 8.87%

There is much empirical evidence (and even some theoretical justifi-
cation) that the distribution of forecast errors can be well approximated
by a normal distribution. This can easily be checked by constructing a
normal probability plot of the forecast errors in Table 2.2, as shown in
Figure 2.35. The forecast errors deviate somewhat from the straight line,
indicating that the normal distribution is not a perfect model for the dis-
tribution of forecast errors, but it is not unreasonable. Minitab calculates
the Anderson—Darling statistic, a widely used test statistic for normality.
The P-value is 0.088, so the hypothesis of normality of the forecast errors
would not be rejected at the 0.05 level. This test assumes that the observa-
tions (in this case the forecast errors) are uncorrelated. Minitab also reports
the standard deviation of the forecast errors to be 4.947, a slightly larger
value than we computed from the MSE, because Minitab uses the standard
method for calculating sample standard deviations.

Note that Eq. (2.31) could have been written as

Error = Observation — Forecast.
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FIGURE 2.35 Normal probability plot of forecast errors from Table 2.2.

Hopefully, the forecasts do a good job of describing the structure in the
observations. In an ideal situation, the forecasts would adequately model
all of the structure in the data, and the sequence of forecast errors would
be structureless. If they are, the sample ACF of the forecast error should
look like the ACF of random data; that is, there should not be any large
“spikes” on the sample ACF at low lag. Any systematic or nonrandom
pattern in the forecast errors will tend to show up as significant spikes on
the sample ACF. If the sample ACF suggests that the forecast errors are
not random, then this is evidence that the forecasts can be improved by
refining the forecasting model. Essentially, this would consist of taking
the structure out of the forecast errors and putting it into the forecasts,
resulting in forecasts that are better prediction of the data.

Example 2.11 Table 2.3 presents a set of 50 one-step-ahead errors from
a forecasting model, and Table 2.4 shows the sample ACF of these forecast
errors. The sample ACF is plotted in Figure 2.36. This sample ACF was
obtained from Minitab. Note that sample autocorrelations for the first 13
lags are computed. This is consistent with our guideline indicating that for
T observations only the first 7/4 autocorrelations should be computed. The
sample ACF does not provide any strong evidence to support a claim that
there is a pattern in the forecast errors.
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TABLE 2.3 One-Step-Ahead Forecast Errors

Period, ¢ e,(1) Period, t e,(1) Period, ¢ e,(1) Period,t e,(1) Period,t e,(1)

-062 11 =049 21 290 31 -1.88 41 -3.98
=299 12 413 22 0.86 32 —446 42 428
065 13 -339 23 580 33 —-193 43 1.06
0.81 14 281 24 466 34 286 44 0.18
=225 15 -159 25 399 35 023 45 3.56
-263 16 =269 26 -176 36 -182 46 -0.24
357 17 341 27 231 37 064 47 298
0.11 18 435 28 224 38 —155 48 247
059 19 —-437 29 295 39 0.78 49 0.66
-0.63 20 279 30 6.30 40 2.84 50 0.32

O O 0NNk W~

—

TABLE 2.4 Sample ACF of the One-Step-Ahead Forecast Errors in
Table 2.3

Lag Sample ACF, r;, Z-Statistic Ljung-Box Statistic, O; 5
1 0.004656 0.03292 0.0012
2 —0.102647 —0.72581 0.5719
3 0.136810 0.95734 1.6073
4 —0.033988 —0.23359 1.6726
5 0.118876 0.81611 2.4891
6 0.181508 1.22982 4.4358
7 —0.039223 —0.25807 4.5288
8 —0.118989 —0.78185 5.4053
9 0.003400 0.02207 5.4061

10 0.034631 0.22482 5.4840

11 —0.151935 —0.98533 7.0230

12 —0.207710 —1.32163 9.9749

13 0.089387 0.54987 10.5363

If a time series consists of uncorrelated observations and has constant
variance, we say that it is white noise. If, in addition, the observations
in this time series are normally distributed, the time series is Gaussian
white noise. Ideally, forecast errors are Gaussian white noise. The normal
probability plot of the one-step-ahead forecast errors from Table 2.3 are
shown in Figure 2.37. This plot does not indicate any serious problem, with
the normality assumption, so the forecast errors in Table 2.3 are Gaussian
white noise.
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FIGURE 2.36 Sample ACF of forecast errors from Table 2.4.

If a time series is white noise, the distribution of the sample autocorre-
lation coefficient at lag k in large samples is approximately normal with
mean zero and variance 1/7; that is,
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FIGURE 2.37 Normal probability plot of forecast errors from Table 2.3.
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Therefore we could test the hypothesis H;, : p;, = 0 using the test statistic

Zy = — = r\/T. (2.40)

1

\/;
Minitab calculates this Z-statistic (calling it a ¢-statistic), and it is reported
in Table 2.4 for the one-step-ahead forecast errors of Table 2.3 (this is the
t-statistic reported in Figure 2.13 for the ACF of the chemical viscosity
readings). Large values of this statistic (say, |Zy| > Z, ,, where Z, , is the
upper a/2 percentage point of the standard normal distribution) would
indicate that the corresponding autocorrelation coefficient does not equal
zero. Alternatively, we could calculate a P-value for this test statistic.
Since none of the absolute values of the Z-statistics in Table 2.4 exceeds
Zyyy = Zyps = 1.96, we cannot conclude at significance level a = 0.05

that any individual autocorrelation coefficient differs from zero.

This procedure is a one-at-a-time test; that is, the significance level
applies to the autocorrelations considered individually. We are often inter-
ested in evaluating a set of autocorrelations jointly to determine if they
indicate that the time series is white noise. Box and Pierce (1970) have
suggested such a procedure. Consider the square of the test statistic Z; in
Eq. (2.40). The distribution of Z5 = r; T is approximately chi-square with
one degree of freedom. The Box—Pierce statistic

K
Opp=T Z r (2.41)
k=1

is distributed approximately as chi-square with Kdegrees of freedom under
the null hypothesis that the time series is white noise. Therefore, if Ogp >
;(‘f x we would reject the null hypothesis and conclude that the time series
is not white noise because some of the autocorrelations are not zero. A
P-value approach could also be used. When this test statistic is applied
to a set of residual autocorrelations the statistic Qgp ~ ;(‘f x_,» Where
p is the number of parameters in the model, so the number ofp degrees
of freedom in the chi-square distribution becomes K — p. Box and Pierce
call this procedure a “Portmanteau” or general goodness-of-fit statistic (it
is testing the goodness of fit of the ACF to the ACF of white noise). A
modification of this test that works better for small samples was devised
by Ljung and Box (1978). The Ljung—Box goodness-of-fit statistic is

K
1 2
=T(T+2 E —_— . 2.42
O (T + )k=1<T—k>rk ( )
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Note that the Ljung-Box goodness-of-fit statistic is very similar to the
original Box—Pierce statistic, the difference being that the squared sample
autocorrelation at lag k is weighted by (7 + 2)/(T — k). For large values
of T, these weights will be approximately unity, and so the Q; 5 and QOgp
statistics will be very similar.

Minitab calculates the Ljung—-Box goodness-of-fit statistic Q) g, and
the values for the first 13 sample autocorrelations of the one-step-ahead
forecast errors of Table 2.3 are shown in the last column of Table 2.4. At
lag 13, the value Q;z = 10.5363, and since ;( = 22.36, there is no
strong evidence to indicate that the first 13 autocorrelatlons of the forecast
errors considered jointly differ from zero. If we calculate the P-value for
this test statistic, we find that P = 0.65. This is a good indication that the
forecast errors are white noise. Note that Figure 2.13 also gave values for
the Ljung—Box statistic.

2.6.2 Choosing Between Competing Models

There are often several competing models that can be used for forecasting
a particular time series. For example, there are several ways to model and
forecast trends. Consequently, selecting an appropriate forecasting model
is of considerable practical importance. In this section we discuss some
general principles of model selection. In subsequent chapters, we will
illustrate how these principles are applied in specific situations.

Selecting the model that provides the best fit to historical data generally
does not result in a forecasting method that produces the best forecasts
of new data. Concentrating too much on the model that produces the best
historical fit often results in overfitting, or including too many param-
eters or terms in the model just because these additional terms improve
the model fit. In general, the best approach is to select the model that
results in the smallest standard deviation (or mean squared error) of the
one-step-ahead forecast errors when the model is applied to data that
were not used in the fitting process. Some authors refer to this as an out-
of-sample forecast error standard deviation (or mean squared error). A
standard way to measure this out-of-sample performance is by utilizing
some form of data splitting; that is, divide the time series data into two
segments—one for model fitting and the other for performance testing.
Sometimes data splitting is called cross-validation. It is somewhat arbi-
trary as to how the data splitting is accomplished. However, a good rule of
thumb is to have at least 20 or 25 observations in the performance testing
data set.
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When evaluating the fit of the model to historical data, there are several
criteria that may be of value. The mean squared error of the residuals is

T
>
t=1

SZ

(2.43)

where T periods of data have been used to fit a model with p parameters
and e, is the residual from the model-fitting process in period ¢. The mean
squared error s is just the sample variance of the residuals and it is an
estimator of the variance of the model errors.

Another criterion is the R-squared statistic

(2.44)
Z (yt _)_’)2

=1

The denominator of Eq. (2.44) is just the total sum of squares of the
observations, which is constant (not model dependent), and the numerator
is just the residual sum of squares. Therefore, selecting the model that
maximizes R’ is equivalent to selecting the model that minimizes the
sum of the squared residuals. Large values of R> suggest a good fit to
the historical data. Because the residual sum of squares always decreases
when parameters are added to a model, relying on R to select a forecasting
model encourages overfitting or putting in more parameters than are really
necessary to obtain good forecasts. A large value of R? does not ensure
that the out-of-sample one-step-ahead forecast errors will be small.
A better criterion is the “adjusted” R statistic, defined as

a

> e /(T =p) )
2. =1-—"! =1- S . (245)

Adj T
O =y?/(T -1 ;(yt—ﬁ)z/(T— 1Y)

M~

N
Il
_

The adjustment is a “size” adjustment—that is, adjust for the number of
parameters in the model. Note that a model that maximizes the adjusted
R? statistic is also the model that minimizes the residual mean square.
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Two other important criteria are the Akaike Information Criterion
(AIC) (see Akaike (1974)) and the Schwarz Bayesian Information
Criterion (abbreviated as BIC or SIC by various authors) (see Schwarz
(1978)):

+ = (2.46)

and

(2.47)

These two criteria penalize the sum of squared residuals for including
additional parameters in the model. Models that have small values of the
AIC or BIC are considered good models.

One way to evaluate model selection criteria is in terms of consistency.
A model selection criterion is consistent if it selects the true model when the
true model is among those considered with probability approaching unity
as the sample size becomes large, and if the true model is not among those
considered, it selects the best approximation with probability approaching
unity as the sample size becomes large. It turns out that s, the adjusted R?,
and the AIC are all inconsistent, because they do not penalize for adding
parameters heavily enough. Relying on these criteria tends to result in
overfitting. The BIC, which caries a heavier “size adjustment” penalty, is
consistent.

Consistency, however, does not tell the complete story. It may turn
out that the true model and any reasonable approximation to it are very
complex. An asymptotically efficient model selection criterion chooses
a sequence of models as 7(the amount of data available) gets large for
which the one-step-ahead forecast error variances approach the one-step-
ahead forecast error variance for the true model at least as fast as any other
criterion. The AIC is asymptotically efficient but the BIC is not.

There are a number of variations and extensions of these criteria.
The AIC is a biased estimator of the discrepancy between all candidate
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models and the true model. This has led to developing a “corrected” version
of AIC:

T
e
=1

2T(p + 1)

AICc =1n .
T T-p-2

(2.48)

Sometimes we see the first term in the AIC, AICc, or BIC written as
—21nL(B,6?), where L(B,c?) is the likelihood function for the fitted
model evaluated at the maximum likelihood estimates of the unknown
parameters 8 and o2. In this context, AIC, AICc, and SIC are called penal-
ized likelihood criteria.

Many software packages evaluate and print model selection criteria,
such as those discussed here. When both AIC and SIC are available, we
prefer using SIC. It generally results in smaller, and hence simpler, models,
and so its use is consistent with the time-honored model-building principle
of parsimony (all other things being equal, simple models are preferred to
complex ones). We will discuss and illustrate model selection criteria again
in subsequent chapters. However, remember that the best way to evaluate a
candidate model’s potential predictive performance is to use data splitting.
This will provide a direct estimate of the one-step-ahead forecast error
variance, and this method should always be used, if possible, along with
the other criteria that we have discussed here.

2.6.3 Monitoring a Forecasting Model

Developing and implementing procedures to monitor the performance of
the forecasting model is an essential component of good forecasting system
design. No matter how much effort has been expended in developing the
forecasting model, and regardless of how well the model works initially,
over time it is likely that its performance will deteriorate. The underlying
pattern of the time series may change, either because the internal inertial
forces that drive the process may evolve through time, or because of exter-
nal events such as new customers entering the market. For example, a level
change or a slope change could occur in the variable that is being fore-
casted. It is also possible for the inherent variability in the data to increase.
Consequently, performance monitoring is important.

The one-step-ahead forecast errors e,(1) are typically used for forecast
monitoring. The reason for this is that changes in the underlying time series
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will also typically be reflected in the forecast errors. For example, if a level
change occurs in the time series, the sequence of forecast errors will no
longer fluctuate around zero; that is, a positive or negative bias will be
introduced.

There are several ways to monitor forecasting model performance. The
simplest way is to apply Shewhart control charts to the forecast errors. A
Shewhart control chart is a plot of the forecast errors versus time containing
a center line that represents the average (or the target value) of the forecast
errors and a set of control limits that are designed to provide an indication
that the forecasting model performance has changed. The center line is
usually taken as either zero (which is the anticipated forecast error for
an unbiased forecast) or the average forecast error (ME from Eq. (2.32)),
and the control limits are typically placed at three standard deviations
of the forecast errors above and below the center line. If the forecast
errors plot within the control limits, we assume that the forecasting model
performance is satisfactory (or in control), but if one or more forecast errors
exceed the control limits, that is a signal that something has happened and
the forecast errors are no longer fluctuating around zero. In control chart
terminology, we would say that the forecasting process is out of control
and some analysis is required to determine what has happened.

The most familiar Shewhart control charts are those applied to data
that have been collected in subgroups or samples. The one-step-ahead
forecast errors ¢,(1) are individual observations. Therefore the Shewhart
control chart for individuals would be used for forecast monitoring. On this
control chart it is fairly standard practice to estimate the standard deviation
of the individual observations using a moving range method. The moving
range is defined as the absolute value of the difference between any two
successive one-step-ahead forecast errors, say, |e,(1) —e,_;(1)|, and the
moving range based on n observations is

MR = le(1) = e, (D). (2.49)
=2

The estimate of the standard deviation of the one-step-ahead forecast
errors is based on the average of the moving ranges

n
0.8865 Y |e,(1) — e, (1)
. 0.8865MR Ez ' -t
Ge(l) = =

= 0.8865MR, (2.50)

n—1 n—1

where MR is the average of the moving ranges. This estimate of the standard
deviation would be used to construct the control limits on the control chart
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for forecast errors. For more details on constructing and interpreting control
charts, see Montgomery (2013).

Example 2.12 Minitab can be used to construct Shewhart control charts
for individuals. Figure 2.38 shows the Minitab control charts for the one-
step-ahead forecast errors in Table 2.3. Note that both an individuals control
chart of the one-step-ahead forecast errors and a control chart of the moving
ranges of these forecast errors are provided. On the individuals control
chart the center line is taken to be the average of the forecast errors ME
defined in Eq. (2.30) (denoted X in Figure 2.38) and the upper and lower
three-sigma control limits are abbreviated as UCL and LCL, respectively.
The center line on the moving average control chart is at the average of
the moving ranges MR = MR/(n — 1), the three-sigma upper control limit
UCL is at 3.267MR/(n — 1), and the lower control limit is at zero (for
details on how the control limits are derived, see Montgomery (2013)). All
of the one-step-ahead forecast errors plot within the control limits (and the
moving range also plot within their control limits). Thus there is no reason
to suspect that the forecasting model is performing inadequately, at least
from the statistical stability viewpoint. Forecast errors that plot outside the
control limits would indicate model inadequacy, or possibly the presence of
unusual observations such as outliers in the data. An investigation would be
required to determine why these forecast errors exceed the control limits.

P 10 1 UCL = 8.91

g 59 )

g 0 i X = 028

S

= 54

T 10 LCL=-8.34
5 10 15 20 25 30 35 40 45 50

Observation

©10.0 . UCL = 10.60

g

s 7.5 4

D 5.0 - —

5 251 MR = 3.24

= 0.0 4 LCL=0

5 10 15 20 25 30 35 40 45 50
Observation

FIGURE 2.38 Individuals and moving range control charts of the one-step-
ahead forecast errors in Table 2.3.
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Because the control charts in Figure 2.38 exhibit statistical control, we
would conclude that there is no strong evidence of statistical inadequacy
in the forecasting model. Therefore, these control limits would be retained
and used to judge the performance of future forecasts (in other words, we
do not recalculate the control limits with each new forecast). However,
the stable control chart does not imply that the forecasting performance
is satisfactory in the sense that the model results in small forecast errors.
In the quality control literature, these two aspects of process performance
are referred to as control and capability, respectively. It is possible for the
forecasting process to be stable or in statistical control but not capable—
that is, produce forecast errors that are unacceptably large.

Two other types of control charts, the cumulative sum (or CUSUM)
control chart and the exponentially weighted moving average (or EWMA)
control chart, can also be useful for monitoring the performance of a
forecasting model. These charts are more effective at detecting smaller
changes or disturbances in the forecasting model performance than the
individuals control chart. The CUSUM is very effective in detecting level
changes in the monitored variable. It works by accumulating deviations of
the forecast errors that are above the desired target value 7|, (usually either
zero or the average forecast error) with one statistic C* and deviations that
are below the target with another statistic C~. The statistics C* and C~ are
called the upper and lower CUSUMs, respectively. They are computed as
follows:

Cr = max[0,e,(1) — (Ty + K) + CF ||
C; =min[0,e(1) — (T~ K)+ C_ ]’

t

(2.51)

where the constant K, usually called the reference value, is usually chosen
as K = 0.50,, and o, is the standard deviation of the one-step-ahead
forecast errors. The logic is that if the forecast errors begin to systematically
fall on one side of the target value (or zero), one of the CUSUMs in
Eq. (2.51) will increase in magnitude. When this increase becomes large
enough, an out-of-control signal is generated. The decision rule is to signal
if the statistic C* exceeds a decision interval H = 50, or if C~ exceeds
—H. The signal indicates that the forecasting model is not performing
satisfactorily (Montgomery (2013) discusses the choice of H and K in
detail).

Example 2.13 The CUSUM control chart for the forecast errors shown
in Table 2.3 is shown in Figure 2.39. This CUSUM chart was constructed



EVALUATING AND MONITORING FORECASTING MODEL PERFORMANCE 81
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FIGURE 2.39 CUSUM control chart of the one-step-ahead forecast errors in
Table 2.3.

using Minitab with a target value of 7 = 0 and o,,, was estimated using
the moving range method described previously, resulting in H = 56, =
5(0.8865)MR /(T — 1) = 5(0.8865)3.24 = 14.36. Minitab labels H and —H
as UCL and LCL, respectively. The CUSUM control chart reveals no
obvious forecasting model inadequacies.

A control chart based on the EWMA is also useful for monitoring
forecast errors. The EWMA applied to the one-step-ahead forecast errors
is

2,(1) = Ae,(1) + (1 = 2,_y (1), (2.52)

where 0 < A <1 is a constant (usually called the smoothing constant)
and the starting value of the EWMA (required at the first observation) is
either e,(1) = O or the average of the forecast errors. Typical values of the
smoothing constant for an EWMA control chart are 0.05 < 4 < 0.2.

The EWMA is a weighted average of all current and previous forecast
errors, and the weights decrease geometrically with the “age” of the forecast
error. To see this, simply substitute recursively fore,_;(1), thene,_,(1), then
é,_j(l)j forj = 3,4, ..., until we obtain

n—1

2,(1) =2 )" (1= WYer_(1) + (1 = 1)'g,(1)

J=0
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and note that the weights sum to unity because

n—1

/12(1—/1y'=1—(1—/1)".
j=0

The standard deviation of the EWMA is

A
= —[1 == 21)¥].
O,(1) "e(l)\/z_ F = A= D7]

So an EWMA control chart for the one-step-ahead forecast errors with a
center line of T (the target for the forecast errors) is defined as follows:

A
UCL =T+ 3%)\/m[1 - (1 -]

Center line =T (2.53)

A
LCL=T- 3%)\/m[1 —(1 =21

Example 2.14 Minitab can be used to construct EWMA control charts.
Figure 2.40 is the EWMA control chart of the forecast errors in Table 2.3.
This chart uses the mean forecast error as the center line, ., was estimated
using the moving range method, and we chose A = 0.1. None of the forecast

) UCL = 2.261
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s e |
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< p 0o . _
= o g . . X = 0.282
° NPy @ b SP
z o .«.»‘n‘o", . Ce.
. **
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i,
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FIGURE 2.40 EWMA control chart of the one-step-ahead forecast errors in
Table 2.3.
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errors exceeds the control limits so there is no indication of a problem with
the forecasting model.

Note from Eq. (2.51) and Figure 2.40 that the control limits on the
EWMA control chart increase in width for the first few observations
and then stabilize at a constant value because the term [1 — (1 — A)¥]
approaches unity as ¢ increases. Therefore steady-state limits for the
EWMA control chart are

Center line =T (2.54)
A

In addition to control charts, other statistics have been suggested for
monitoring the performance of a forecasting model. The most common of
these are tracking signals. The cumulative error tracking signal (CETS) is

based on the cumulative sum of all current and previous forecast errors, say,
n

Y() = ) e (1) =Y(n—1)+e,(l).
t=1
If the forecasts are unbiased, we would expect Y(n) to fluctuate around
zero. If it differs from zero by very much, it could be an indication that
the forecasts are biased. The standard deviation of Y(n), say, oy, will
provide a measure of how far Y(n) can deviate from zero due entirely
to random variation. Therefore, we would conclude that the forecast
is biased if |Y(n)| exceeds some multiple of its standard deviation. To
operationalize this, suppose that we have an estimate 6y, of oy, and
form the cumulative error tracking signal
Y(n)

A

Oy(n)

CETS = . (2.55)

If the CETS exceeds a constant, say, K;, we would conclude that the
forecasts are biased and that the forecasting model may be inadequate.

It is also possible to devise a smoothed error tracking signal based
on the smoothed one-step-ahead forecast errors in Eq. (2.52). This would
lead to a ratio
e,(1)

A

Oz, (1)

SETS = . (2.56)
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If the SETS exceeds a constant, say, K,, this is an indication that the fore-
casts are biased and that there are potentially problems with the forecasting
model.

Note that the CETS is very similar to the CUSUM control chart and
that the SETS is essentially equivalent to the EWMA control chart. Fur-
thermore, the CUSUM and EWMA are available in standard statistics
software (such as Minitab) and the tracking signal procedures are not.
So, while tracking signals have been discussed extensively and recom-
mended by some authors, we are not going to encourage their use. Plotting
and periodically visually examining a control chart of forecast errors is
also very informative, something that is not typically done with tracking
signals.

2.7 R COMMANDS FOR CHAPTER 2

Example 2.15 The data are in the second column of the array called
gms.data in which the first column is the year. For moving averages, we
use functions from package “zoo.”

plot (gms.data,type="1",xlab="'Year',6ylab="'Average Amount of

Anomaly, °C')

points (gms.data,pch=16,cex=.5)

lines (gms.data[5:125,1],rollmean(gms.datal[,2],5),col="red")
points(gms.data[5:125,1] ,rollmean(gms.datal,2],5),col="red",pch=15,
cex=.5)

legend (1980, -.3,c("Actual","Fits"), pch=c(16,15),1lwd=c(.5,.5),
cex=.55,col=c ("black", "red"))
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Example 2.16 The data are in the second column of the array called
vis.data in which the first column is the time period (or index).

# Moving Average

plot (vis.data,type="1",xlab="'Time Period',6ylab='Viscosity, cP')
points(vis.data,pch=16,cex=.5)

lines(vis.data[5:100,1], rollmean(vis.datal[,2],5),col="red")
points(vis.data[5:100,1], rollmean(vis.datal[,2],5),col="red",
pch=15, cex=.5)

legend(1,61,c("Actual","Fits"), pch=c(16,15),1lwd=c(.5,.5),cex=.55,
col=c("black", "red"))
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# Moving Median

plot (vis.data,type="1",xlab="'Time Period',6ylab='Viscosity, cP')
points(vis.data,pch=16,cex=.5)

lines(vis.data[5:100,1], rollmedian(vis.datal,2],5),col="red")
points(vis.data[5:100,1], rollmedian(vis.datal[,2],5),col="red",
pch=15, cex=.5)

legend(1,61,c("Actual","Fits"), pch=c(16,15),1lwd=c(.5,.5),cex=.55,
col=c("black", "red"))
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Example 2.17 The pharmaceutical sales data are in the second column
of the array called pharma.data in which the first column is the week.

The viscosity data are in the second column of the array called vis.data
in which the first column is the year (Note that the 70th observation is
corrected).

nrp<-dim(pharma.data) [1]
nrv<-dim(vis.data) [1]

plot (pharma.data([l: (nrp-1),2], pharma.datal[2:nrp,2],type="p",
xlab="'Sales,

Week t',ylab='

Sales,

Week t+1',pch=20,cex=1)

plot (vis.datal[l: (nrv-1),2], vis.data[2:nrv,2],type="p", xlab=
'Reading, Time Period t',ylab=' Reading, Time Period t+1l',6pch=20,
cex=1)
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Example 2.18 The viscosity data are in the second column of the array
called vis.data in which the first column is the year (Note that the 70th
observation is corrected).

acf (vis.datal,2], lag.max=25,type="correlation",main="ACF of
viscosity readings")

ACF of viscosity readings

Example 2.19 The cheese production data are in the second column of
the array called cheese.data in which the first column is the year.

fit.cheese<-1lm(cheese.datal[, 2] ~cheese.datal[,1])

plot (cheese.data, type="1",xlab="'Year',ylab="'Production, 100001b')
points (cheese.data,pch=16,cex=.5)

lines (cheese.datal[,1], fit.cheese$fit,col="red",lty=2)

legend (1990,12000,c("Actual", "Fits"),
pch=c(16,NA),lwd=c(.5,.5),1lty=c(1,2),cex=.55,col=c("black", "red"))
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par (mfrow=c (2,2) ,oma=c(0,0,0,0))
ggnorm(fit.cheeseS$res,datax=TRUE, pch=16,xlab="'Residual',main="")
ggline (fit.cheeseS$Sres, datax=TRUE)

plot (fit.cheese$fit, fit.cheesesSres,pch=16, xlab='Fitted Value',
ylab='Residual')

abline (h=0)

hist (fit.cheeseS$Sres,col="gray",xlab='Residual’', main="'")

plot (fit.cheeseS$Sres, type="1",xlab="'0Observation Order',
ylab='Residual')

points (fit.cheeseSres,pch=16,cex=.5)

abline (h=0)
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Example 2.20  The cheese production data are in the second column of
the array called cheese.data in which the first column is the year.

nrc<-dim(cheese.data) [1]

dcheese.data<-cbind (cheese.data[2:nrc,1] ,diff (cheese.datal,2]))
fit.dcheese<-1m(dcheese.datal[, 2] ~dcheese.datal[,1])

plot (dcheese.data, type="1",xlab="",ylab="Production, d=1"')
points (dcheese.data,pch=16,cex=.5)

lines (dcheese.datal,1], fit.dcheeses$fit,col="red",lty=2)

legend (1952, -2200,c("Actual", "Fits"),

pch=c(16,NA) ,lwd=c(.5,.5),1lty=c(1,2),

cex=.75,col=c ("black", "red"))
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4000
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par (mfrow=c(2,2) ,oma=c(0,0,0,0))
ggnorm (fit.dcheeses$res,datax=TRUE, pch=16,xlab="'Residual', main="")
ggline (fit.dcheeseS$Sres, datax=TRUE)

plot (fit.dcheese$fit, fit.dcheesesres,pch=16,

ylab='Residual')

abline (h=0)

xlab='Fitted Value',

hist (fit.dcheesesres,col="gray",xlab='Residual', main="")
plot (fit.dcheeseS$res, type="1",xlab="'0Observation Order',
ylab='Residual')

points (fit.dcheeseS$Sres,pch=16,cex=.5)
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Example 2.21 The beverage sales data are in the second column of the
array called bev.data in which the first column is the month of the year.

nrb<-dim(bev.data) [1]

tt<-1l:nrb

dsbev.data<-bev.data

dsbev.datal,2]<- c(array (NA,dim=c(12,1)),diff (bev.datal,2]1,12))

plot (tt,dsbev.datal,2],type="1",xlab="",ylab="'Seasonal d=12"',
xaxt='n')axis (1,seq(1l,nrb,24),labels=dsbev.datal[seq(l,nrb,24),1])
points (tt,dsbev.datal, 2] ,pch=16,cex=.5)
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dstbev.data<-dsbev.data

dstbev.datal[,2]<- c¢(NA,diff (dstbev.datal,2],1))
fit.dstbev<-1lm(dstbev.datal[,2]~tt)

plot (tt,dstbev.datal,2],type="1",xlab="",6ylab="'Seasonal d=12 with
Trend d=1',xaxt='n")
axis(1l,seq(1l,nrb,24),labels=dsbev.datalseq(1l,nrb,24),1])

points (tt,dstbev.datal,2],pch=16,cex=.5)

lines (c(array (NA,dim=c(12,1)),fit.dstbev$fit),col="red",lty=2)
legend(2,-300,c("Actual", "Fits"),

pch=c(16,NA) ,1lwd=c(.5,.5),1lty=c(1,2),cex=.75,col=c("black", "red"))
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par (mfrow=c(2,2),oma=c(0,0,0,0))
ggnorm (fit.dstbevSres, datax=TRUE, pch=16,xlab="'Residual', main="")
ggline (fit.dstbevS$res, datax=TRUE)
plot (fit.dstbevsfit, fit.dstbevsSres,pch=16, xlab='Fitted Value',
ylab='Residual')

abline (h=0)

hist (fit.dstbev$res, col="gray",xlab="Residual', main="")
plot (fit.dstbevsSres, type="1",xlab="'0bservation Order',
ylab='Residual')

points(fit.dstbevsSres,pch=16,cex=.5)

abline (h=0)
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Example 2.22 The beverage sales data are in the second column of the
array called bev.data in which the first column is the month of the year.

Software packages use different methods for decomposing a time series.
Below we provide the code of doing it in R without using these functions.
Note that we use the additive model.

nrb<-dim(bev.data) [1]

# De-trend the data
tt<-1l:nrb
fit.tbev<-lm(bev.datal[,2]~tt)
bev.data.dt<-fit.tbevsres

# Obtain seasonal medians for each month, seasonal period is sp=12
sp<-12
smed<-apply (matrix (bev.data.dt,nrow=sp),1l,median)

# Adjust the medians so that their sum is zero
smed<-smed-mean (smed)

# Data without the trend and seasonal components
bev.data.dts<-bev.data.dt-rep (smed,nrb/sp)

# Note that we can also reverse the order, i.e. first take the
seasonality out

smed2<-apply (matrix (bev.datal[,2],nrow=sp),1,median)

smed2<-smed2-mean (smed2)

bev.data.ds<-bev.datal[, 2] -rep(smed2,nrb/sp)

# To reproduce Figure 2.25

par (mfrow=c(2,2) ,oma=c(0,0,0,0))

plot (tt,bev.datal,2],type="1",xlab="'(a) Original Data',ylab=
'Data',xaxt='n")
axis(1,seq(1l,nrb,24),labels=bev.datalseq(1l,nrb,24),1])
points (tt,bev.datal,2],pch=16,cex=.75)

plot (tt, bev.data.dt,type="1",xlab="'(b) Detrended Data',ylab='Detr.
Data',xaxt='n")
axis(1l,seq(l,nrb,24),labels=bev.datalseq(1l,nrb,24),1])

points (tt, bev.data.dt,pch=16,cex=.75)

plot (tt, bev.data.ds,type="1",xlab='(c) Seasonally Adjusted Data',
ylab="'Seas.

Adj. Data',xaxt='n')
axis(1l,seqg(l,nrb,24),labels=bev.datalseq(l,nrb,24),1])

points (tt, bev.data.ds,pch=16,cex=.75)
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plot (tt, bev.data.dts,type="1",xlab="'(c) Seasonally Adj. and
Detrended Data',ylab='Seas. Adj. and Detr. Data',xaxt='n')
axis(1l,seq(l,nrb,24),labels=bev.datalseq(l,nrb,24),1]) points(tt,
bev.data.dts, pch=16,cex=.75)
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Detr. Data

4000
1

—1000

T T T T T T T T T T T T T T T T
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(a) Original data (b) Detrended data

600
1

Seas. Adj. Data
4000 5000 6000 7000
Seas. Adj. and Detr. Data
—-600 -200 200
1

T T T T T T T T
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(c) Seasonally adjusted data (c) Seasonally Adj. and detrended data

Example 2.23  Functions used to fit a time series model often also
provide summary statistics. However, in this example we provide some
calculations for a given set of forecast errors as provided in the text.

# original data and forecast errors
yt<-c(47,46,51,44,54,47,52,45,50,51,49,41,48,50,51,55,52,53,48,52)
fe<-c(-4.1,-6.9,2.2,-4.1,4.3,-.5,.8,-8.1,-4.4,-.2,-4.3,-5.5,-5.1,
-2.1,4.2,7.3,6.6,5.9,-3.8,6.2)

ME<-mean (fe)
MAD<-mean (abs (fe))
MSE<-mean (fe”2)
retl<- (fe/yt)*100
MPE<-mean (retl)
MAPE<-mean (abs (retl))

> ME

[1] -0.58
> MAD

[1] 4.33
> MSE

[1] 23.59



94 STATISTICS BACKGROUND FOR FORECASTING

> MPE
[1] -1.757938
> MAPE
[1] 8.865001

Example 2.24  The forecast error data are in the second column of the
array called fe2.data in which the first column is the period.

acf.fe2<-acf (fe2.datal,2],main="'ACF of Forecast Error (Ex 2.11)"')

ACF of forecast error (Ex 2.11)

1.0

0.8

ACF
0.4
|

0.2

0.0

Lag
# To get the Q,, statistic, we first define the lag K

K<-13
T<-dim(fe2.data) [1]
QLB<-T* (T+2) *sum( (1/(T-1:K)) * (acf.fe28acf [2: (K+1)]"2))

# Upper 5% of y? distribution with K degrees of freedom
gchisg(.95,K)

Example 2.25 The forecast error data are in the second column of the
array called fe2.data in which the first column is the period.

# The following function can be found in gcc package

# Generating the chart for individuals

gcc (fe2.datal,2],type="xbar.one",title="Individuals Chart for the
Forecast Error")
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Individuals chart for the forecast error

Group summary statistics
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Example 2.26  The forecast error data are in the second column of the

array called fe2.data in which the first column is the period.

# The following function can be found in gcc package
# Generating the cusum chart

cusum(fe2.datal[,2], title='Cusum Chart for the Forecast
Error', sizes=1)

Cusum chart for the forecast error
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Group
Number of groups = 50 Decision interval (std. err.) =5
Center = 0.282 Shift detection (std. err.) = 1

StdDev = 2.875597 No. of points beyond boundaries = 0

ubDB

LDB
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Example 2.27 The forecast error data are in the second column of the
array called fe2.data in which the first column is the period.

# The following function can be found in gcc package

# Generating the EWMA chart

ewma (fe2.datal[,2], title='EWMA Chart for the Forecast Error',
lambda=.1,sizes=1)

EWMA chart for the forecast error

© - + +
+
0 < + + +
2 + + +
2 + ++ + + N
B oo\ aememmmmmmmemes + ucL
= R
I
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s R
o ~ | 0 TTTTemeeeeeo + +.
& q ++ +* . FoETTF LCL
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¥ + + T+
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1357 9 12 15 18 21 24 27 30 33 36 39 42 45 48
Group
Number of groups = 50 Smoothing parameter = 0.1
Center = 0.282 Control limits at 3*sigma
StdDev = 2.875597 No. of points beyond limits = 0

2.1 Consider the US Treasury Securities rate data in Table B.1
(Appendix B). Find the sample autocorrelation function and
the variogram for these data. Is the time series stationary or
nonstationary?

2.2 Consider the data on US production of blue and gorgonzola cheeses

in Table B.4.

a. Find the sample autocorrelation function and the variogram for
these data. Is the time series stationary or nonstationary?

b. Take the first difference of the time series, then find the sample
autocorrelation function and the variogram. What conclusions
can you draw about the structure and behavior of the time series?
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Table B.5 contains the US beverage product shipments data. Find the
sample autocorrelation function and the variogram for these data. Is
the time series stationary or nonstationary?

Table B.6 contains two time series: the global mean surface air
temperature anomaly and the global CO, concentration. Find the
sample autocorrelation function and the variogram for both of these
time series. Is either one of the time series stationary?

Reconsider the global mean surface air temperature anomaly and the
global CO, concentration time series from Exercise 2.4. Take the
first difference of both time series. Find the sample autocorrelation
function and variogram of these new time series. Is either one of
these differenced time series stationary?

Find the closing stock price for a stock that interests you for the last
200 trading days. Find the sample autocorrelation function and the
variogram for this time series. Is the time series stationary?

Reconsider the Whole Foods Market stock price data from Exercise
2.6. Take the first difference of the data. Find the sample autocor-
relation function and the variogram of this new time series. Is this
differenced time series stationary?

Consider the unemployment rate data in Table B.8. Find the sample
autocorrelation function and the variogram for this time series. Is
the time series stationary or nonstationary? What conclusions can
you draw about the structure and behavior of the time series?

Table B.9 contains the annual International Sunspot Numbers. Find
the sample autocorrelation function and the variogram for this time
series. Is the time series stationary or nonstationary?

Table B.10 contains data on the number of airline miles flown in the

United Kingdom. This is strongly seasonal data. Find the sample

autocorrelation function for this time series.

a. Is the seasonality apparent in the sample autocorrelation func-
tion?

b. Is the time series stationary or nonstationary?

Reconsider the data on the number of airline miles flown in the
United Kingdom from Exercise 2.10. Take the natural logarithm of
the data and plot this new time series.

a. What impact has the log transformation had on the time series?
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b. Find the autocorrelation function for this time series.
c. Interpret the sample autocorrelation function.

Reconsider the data on the number of airline miles flown in the
United Kingdom from Exercises 2.10 and 2.11. Take the first dif-
ference of the natural logarithm of the data and plot this new time
series.

a. What impact has the log transformation had on the time series?
b. Find the autocorrelation function for this time series.
c. Interpret the sample autocorrelation function.

The data on the number of airline miles flown in the United Kingdom
in Table B.10 are seasonal. Difference the data at a season lag of
12 months and also apply a first difference to the data. Plot the
differenced series. What effect has the differencing had on the time
series? Find the sample autocorrelation function and the variogram.
What does the sample autocorrelation function tell you about the
behavior of the differenced series?

Table B.11 contains data on the monthly champagne sales in France.

This is strongly seasonal data. Find the sample autocorrelation func-

tion and variogram for this time series.

a. Is the seasonality apparent in the sample autocorrelation func-
tion?

b. Is the time series stationary or nonstationary?

Reconsider the champagne sales data from Exercise 2.14. Take the
natural logarithm of the data and plot this new time series.

a. What impact has the log transformation had on the time series?

b. Find the autocorrelation function and variogram for this time
series.

c. Interpret the sample autocorrelation function and variogram.

Table B.13 contains data on ice cream and frozen yogurt production.
Plot the data and calculate both the sample autocorrelation function
and variogram. Is there an indication of nonstationary behavior in
the time series? Now plot the first difference of the time series
and compute the sample autocorrelation function and variogram of
the first differences. What impact has differencing had on the time
series?

Table B.14 presents data on CO, readings from the Mauna Loa
Observatory. Plot the data, then calculate the sample autocorrelation
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function and variogram. Is there an indication of nonstationary
behavior in the time series? Now plot the first difference of the
time series and compute the sample autocorrelation function and
the variogram of the first differences. What impact has differencing
had on the time series?

Data on violent crime rates are given in Table B.15. Plot the data
and calculate the sample autocorrelation function and variogram. Is
there an indication of nonstationary behavior in the time series? Now
plot the first difference of the time series and compute the sample
autocorrelation function and variogram of the first differences. What
impact has differencing had on the time series?

Table B.16 presents data on the US Gross Domestic Product (GDP).
Plot the GDP data and calculate the sample autocorrelation function
and variogram. Is there an indication of nonstationary behavior in
the time series? Now plot the first difference of the GDP time series
and compute the sample autocorrelation function and variogram of
the first differences. What impact has differencing had on the time
series?

Table B.17 contains information on total annual energy consump-
tion. Plot the energy consumption data and calculate the sample
autocorrelation function and variogram. Is there an indication of
nonstationary behavior in the time series? Now plot the first dif-
ference of the time series and compute the sample autocorrelation
function and variogram of the first differences. What impact has
differencing had on the time series?

Data on US coal production are given in Table B.18. Plot the coal
production data and calculate the sample autocorrelation function
and variogram. Is there an indication of nonstationary behavior in
the time series? Now plot the first difference of the time series
and compute the sample autocorrelation function and variogram of
the first differences. What impact has differencing had on the time
series?

Consider the CO, readings from Mauna Loa in Table B.14. Use a six-
period moving average to smooth the data. Plot both the smoothed
data and the original CO, readings on the same axes. What has
the moving average done? Repeat the procedure with a three-period
moving average. What is the effect of changing the span of the
moving average?
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Consider the violent crime rate data in Table B.15. Use a ten-period
moving average to smooth the data. Plot both the smoothed data
and the original CO, readings on the same axes. What has the
moving average done? Repeat the procedure with a four-period
moving average. What is the effect of changing the span of
the moving average?

Table B.21 contains data from the US Energy Information Admin-
istration on monthly average price of electricity for the residential
sector in Arizona. Plot the data and comment on any features that
you observe from the graph. Calculate and plot the sample ACF and
variogram. Interpret these graphs.

Reconsider the residential electricity price data from Exercise 2.24.

a. Plot the first difference of the data and comment on any features
that you observe from the graph. Calculate and plot the sam-
ple ACF and variogram for the differenced data. Interpret these
graphs. What impact did differencing have?

b. Now difference the data again at a seasonal lag of 12. Plot the
differenced data and comment on any features that you observe
from the graph. Calculate and plot the sample ACF and variogram
for the differenced data. Interpret these graphs. What impact did
regular differencing combined with seasonal differencing have?

Table B.22 contains data from the Danish Energy Agency on Danish
crude oil production. Plot the data and comment on any features that
you observe from the graph. Calculate and plot the sample ACF and
variogram. Interpret these graphs.

Reconsider the Danish crude oil production data from Exercise 2.26.
Plot the first difference of the data and comment on any features that
you observe from the graph. Calculate and plot the sample ACF
and variogram for the differenced data. Interpret these graphs. What
impact did differencing have?

Use a six-period moving average to smooth the first difference of
the Danish crude oil production data that you computed in Exercise
2.27. Plot both the smoothed data and the original data on the same
axes. What has the moving average done? Does the moving average
look like a reasonable forecasting technique for the differenced data?

Weekly data on positive laboratory test results for influenza are
shown in Table B.23. Notice that these data have a number of missing
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values. Construct a time series plot of the data and comment on any
relevant features that you observe.

a. What is the impact of the missing observations on your ability to
model and analyze these data?

b. Develop and implement a scheme to estimate the missing values

Climate data collected from Remote Automated Weather Stations
(RAWS) are used to monitor the weather and to assist land man-
agement agencies with projects such as monitoring air quality,
rating fire danger, and other research purposes. Data from the
Western Regional Climate Center for the mean daily solar radia-
tion (in Langleys) at the Zion Canyon, Utah, station are shown in
Table B.24.

a. Plot the data and comment on any features that you observe.

b. Calculate and plot the sample ACF and variogram. Comment on
the plots.

c. Apply seasonal differencing to the data, plot the data, and con-
struct the sample ACF and variogram. What was the impact of
seasonal differencing?

Table B.2 contains annual US motor vehicle traffic fatalities along
with other information. Plot the data and comment on any features
that you observe from the graph. Calculate and plot the sample ACF
and variogram. Interpret these graphs.

Reconsider the motor vehicle fatality data from Exercise 2.31.

a. Plot the first difference of the data and comment on any features
that you observe from the graph. Calculate and plot the sam-
ple ACF and variogram for the differenced data. Interpret these
graphs. What impact did differencing have?

b. Compute a six-period moving average for the differenced data.
Plot the moving average and the original data on the same axes.
Does it seem that the six-period moving average would be a good
forecasting technique for the differenced data?

Apply the X-11 seasonal decomposition method (or any other sea-
sonal adjustment technique for which you have software) to the
mean daily solar radiation in Table B.24.

Consider the N-span moving average applied to data that are uncor-

related with mean y and variance o2.

a. Show that the variance of the moving average is Var (M,) = 62 /N.
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b. Show that Cov(M,, M,;) = 0> XX 7" (1/N)?, for k < N.
¢. Show that the autocorrelation function is

Consider an N-span moving average where each observation is
weighted by a constant, say, a; > 0. Therefore the weighted moving
average at the end of period 7 is

T

W _
My = Z are1-e
t=T—-N+1

]

. Why would you consider using a weighted moving average?

b. Show that the variance of the weighted moving average is Var
M?) =2 3N a2
T (j=i "j "
_ 2Nk
c. Show that Cov(My, M}, ) = o ijl a1kl <N.
d. Show that the autocorrelation function is

N—k N
zajaj+k / zaz N k=1,2,...,N_1
Pr = j=1 =1 7’

0, k>N

Consider the Hanning filter. This is a weighted moving average.

a. Find the variance of the weighted moving average for the Hanning
filter. Is this variance smaller than the variance of a simple span-3
moving average with equal weights?

b. Find the autocorrelation function for the Hanning filter. Compare
this with the autocorrelation function for a simple span-3 moving
average with equal weights.

Suppose that a simple moving average of span N is used to forecast
a time series that varies randomly around a constant, that is, y, =
U + €,, where the variance of the error term is 2. The forecast error
at lead one is ey, (1) = y;,; — M;. What is the variance of this
lead-one forecast error?

Suppose that a simple moving average of span N is used to fore-
cast a time series that varies randomly around a constant, that is,
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y, = p + &,, where the variance of the error term is 6%. You are inter-
ested in forecasting the cumulative value of y over a lead time of L
periods, say, yroj + Yryo + o+ Yryr-

a. The forecast of this cumulative demand is LM ;. Why?

b. What is the variance of the cumulative forecast error?

Suppose that a simple moving average of span N is used to forecast
a time series that varies randomly around a constant mean, that is,
v, = U+ €, At the start of period ¢, the process shifts to a new
mean level, say, u + 6. Show that the expected value of the moving
average is

T—1,+1
E(My) = ”+T15’ H<T<t,+N-2.
u+9, T>n+N-1

Suppose that a simple moving average of span N is used to forecast
a time series that varies randomly around a constant mean, that
is, y, = p + €,. At the start of period #; the process experiences a
transient; that is, it shifts to a new mean level, say, u + 6, but it
reverts to its original level y at the start of period #; 4+ 1. Show that
the expected value of the moving average is

E(M;) = M+%, f<T<t+N—1.
U, T>t+N

If a simple N—span moving average is applied to a time series
that has a linear trend, say, y, = f, + B, + ¢,, the moving average
will lag behind the observations. Assume that the observations are
uncorrelated and have constant variance. Show that at time 7 the
expected value of the moving average is

N-—-1

EMy) = py+ 5T - B

Use a three-period moving average to smooth the champagne sales
data in Table B.11. Plot the moving average on the same axes as the
original data. What impact has this smoothing procedure had on the
data?
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TABLE E2.1 One-Step-Ahead Forecast Errors for Exercise 2.44

Period,t e,(1) Period,t e/ (1) Period, ¢ e, (1) Period, t  e,(1)
1 1.83 11 -2.30 21 3.30 31 -0.07
2 —1.80 12 0.65 22 1.036 32 0.57
3 0.09 13 -0.01 23 2.042 33 2.92
4 —1.53 14 —1.11 24 1.04 34 1.99
5 —0.58 15 0.13 25 —0.87 35 1.74
6 0.21 16 —1.07 26 —0.39 36 -0.76
7 1.25 17 0.80 27 -0.29 37 2.35
8 —-1.22 18 —-1.98 28 2.08 38 -1.91
9 1.32 19 0.02 29 3.36 39 2.22

10 3.63 20 0.25 30 —0.53 40 2.57

2.43 Use a 12-period moving average to smooth the champagne sales
data in Table B.11. Plot the moving average on the same axes as the
original data. What impact has this smoothing procedure had on the
data?
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2.46

Table E2.1 contains 40 one-step-ahead forecast errors from a fore-
casting model.

a.
b.

Find the sample ACF of the forecast errors. Interpret the results.
Construct a normal probability plot of the forecast errors. Is there
evidence to support a claim that the forecast errors are normally
distributed?

Find the mean error, the mean squared error, and the mean abso-
lute deviation. Is it likely that the forecasting technique produces
unbiased forecasts?

Table E2.2 contains 40 one-step-ahead forecast errors from a fore-
casting model.

a.
b.

Find the sample ACF of the forecast errors. Interpret the results.

Construct a normal probability plot of the forecast errors. Is there
evidence to support a claim that the forecast errors are normally
distributed?

Find the mean error, the mean squared error, and the mean abso-

lute deviation. Is it likely that the forecasting method produces
unbiased forecasts?

Exercises 2.44 and 2.45 present information on forecast errors. Sup-
pose that these two sets of forecast errors come from two different
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TABLE E2.2 One-Step-Ahead Forecast Errors for Exercise 2.45

Period,t e,(1) Period,t e,(1) Period,t ¢,(1) Period,t e, (1)

O O 0NNk W~

—

-4.26 11 3.62 21 —6.24 31 —6.42
-3.12 12 -5.08 22 -0.25 32 —8.94
—1.87 13 —1.35 23 -3.64 33 -1.76
0.98 14 3.46 24 5.49 34 -0.57
=5.17 15 -0.19 25 -2.01 35 -10.32
0.13 16 —7.48 26 -4.24 36 -5.64
1.85 17 -3.61 27 —4.61 37 —1.45
-2.83 18 —4.21 28 3.24 38 -5.67
0.95 19 -6.49 29 —-8.66 39 —4.45
7.56 20 4.03 30 -1.32 40 —10.23
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2.52

forecasting methods applied to the same time series. Which of these
two forecasting methods would you recommend for use? Why?

Consider the forecast errors in Exercise 2.44. Construct individuals
and moving range control charts for these forecast errors. Does the
forecasting system exhibit stability over this time period?

Consider the forecast errors in Exercise 2.44. Construct a cumulative
sum control chart for these forecast errors. Does the forecasting
system exhibit stability over this time period?

Consider the forecast errors in Exercise 2.45. Construct individuals
and moving range control charts for these forecast errors. Does the
forecasting system exhibit stability over this time period?

Consider the forecast errors in Exercise 2.45. Construct a cumulative
sum control chart for these forecast errors. Does the forecasting
system exhibit stability over this time period?

Ten additional forecast errors for the forecasting model in Exer-
cise 2.44 are as follows: 5.5358, —2.6183, 0.0130, 1.3543, 12.6980,
2.9007, 0.8985, 2.9240, 2.6663, and —1.6710. Plot these additional
10 forecast errors on the individuals and moving range control charts
constructed in Exercise 2.47. Is the forecasting system still working
satisfactorily?

Plot the additional 10 forecast errors from Exercise 2.51 on the
cumulative sum control chart constructed in Exercise 2.38. Is the
forecasting system still working satisfactorily?






CHAPTER 3

REGRESSION ANALYSIS
AND FORECASTING

Weather forecast for tonight: dark
GEORGE CARLIN, American comedian

3.1 INTRODUCTION

Regression analysis is a statistical technique for modeling and investigating
the relationships between an outcome or response variable and one or
more predictor or regressor variables. The end result of a regression
analysis study is often to generate a model that can be used to forecast or
predict future values of the response variable, given specified values of the
predictor variables.

The simple linear regression model involves a single predictor variable
and is written as

y=fo+pfix+e, 3.1)

where y is the response, x is the predictor variable, f, and f; are unknown
parameters, and ¢ is an error term. The model parameters or regression
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coefficients f, and f, have a physical interpretation as the intercept and
slope of a straight line, respectively. The slope f; measures the change
in the mean of the response variable y for a unit change in the predictor
variable x. These parameters are typically unknown and must be estimated
from a sample of data. The error term & accounts for deviations of the
actual data from the straight line specified by the model equation. We
usually think of ¢ as a statistical error, so we define it as a random variable
and will make some assumptions about its distribution. For example, we
typically assume that € is normally distributed with mean zero and variance
o2, abbreviated N(0, o2). Note that the variance is assumed constant; that
is, it does not depend on the value of the predictor variable (or any other
variable).

Regression models often include more than one predictor or regressor
variable. If there are k predictors, the multiple linear regression model is

=P+ Bix+ Pox, + - + frx;, + €. (3.2)

The parameters S, f,, ..., p; in this model are often called partial regres-
sion coefficients because they convey information about the effect on y of
the predictor that they multiply, given that all of the other predictors in the
model do not change.

The regression models in Egs. (3.1) and (3.2) are linear regression
models because they are linear in the unknown parameters (the f’s), and
not because they necessarily describe linear relationships between the
response and the regressors. For example, the model

y=PFy+Phx+px +e

is a linear regression model because it is linear in the unknown parameters
P, B, and f,, although it describes a quadratic relationship between y and
x. As another example, consider the regression model

2

d

2

t+ B, cos
b, p

v, = Py + P sin t+¢, (3.3)
which describes the relationship between a response variable y that varies
cyclically with time (hence the subscript ¢) and the nature of this cyclic
variation can be described as a simple sine wave. Regression models such
as Eq. (3.3) can be used to remove seasonal effects from time series data
(refer to Section 2.4.2 where models like this were introduced). If the
period d of the cycle is specified (such as d = 12 for monthly data with
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an annual cycle), then sin (2z/d)t and cos (2z/d)t are just numbers for
each observation on the response variable and Eq. (3.3) is a standard linear
regression model.

We will discuss the use of regression models for forecasting or making
predictions in two different situations. The first of these is the situation
where all of the data are collected on y and the regressors in a single time
period (or put another way, the data are not time oriented). For exam-
ple, suppose that we wanted to develop a regression model to predict the
proportion of consumers who will redeem a coupon for purchase of a par-
ticular brand of milk (y) as a function of the amount of the discount or face
value of the coupon (x). These data are collected over some specified study
period (such as a month) and the data do not explicitly vary with time. This
type of regression data is called cross-section data. The regression model
for cross-section data is written as

yi=ﬂ0+ﬂ]xi1 +ﬂ2xl~2+"'+ﬁkxik+£i, l= 1,2,...,”, (34)

where the subscript i is used to denote each individual observation (or case)
in the data set and n represents the number of observations. In the other
situation the response and the regressors are time series, so the regression
model involves time series data. For example, the response variable might
be hourly CO, emissions from a chemical plant and the regressor variables
might be the hourly production rate, hourly changes in the concentration
of an input raw material, and ambient temperature measured each hour. All
of these are time-oriented or time series data.
The regression model for time series data is written as

Y= ﬁo + ﬂlxtl + ﬂzxtz + - +ﬁkxtk + & t= 1,2, ,T (35)

In comparing Eq. (3.5) to Eq. (3.4), note that we have changed the obser-
vation or case subscript from i to ¢ to emphasize that the response and
the predictor variables are time series. Also, we have used T instead of
n to denote the number of observations in keeping with our convention
that, when a time series is used to build a forecasting model, T represents
the most recent or last available observation. Equation (3.3) is a specific
example of a time series regression model.

The unknown parameters f, f;, ..., B in a linear regression model are
typically estimated using the method of least squares. We illustrated least
squares model fitting in Chapter 2 for removing trend and seasonal effects
from time series data. This is an important application of regression models
in forecasting, but not the only one. Section 3.1 gives a formal description
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of the least squares estimation procedure. Subsequent sections deal with
statistical inference about the model and its parameters, and with model
adequacy checking. We will also describe and illustrate several ways in
which regression models are used in forecasting.

3.2 LEAST SQUARES ESTIMATION IN LINEAR
REGRESSION MODELS

We begin with the situation where the regression model is used with cross-
section data. The model is given in Eq. (3.4). There are n > k observations
on the response variable available, say, y,, ¥,,..., y,. Along with each
observed response y;, we will have an observation on each regressor or
predictor variable and x; denotes the ith observation or level of variable x;.
The data will appear as in Table 3.1. We assume that the error term € in
the model has expected value E(¢) = 0 and variance Var (g) = ¢, and that
the errors €;, i = 1, 2, ..., n are uncorrelated random variables.

The method of least squares chooses the model parameters (the §’s) in
Eq. (3.4) so that the sum of the squares of the errors, €;, is minimized. The
least squares function is

L= Z 51‘2 = Z i = Bo = Brxiy — Poxip — = — ﬁkxik)z
i=1 i=1

i . ) (3.6)
= Z (yi_ﬂo_ Zﬂjx,/> .
i=1 j=1
This function is to be minimized with respect to f, f, ... , f;. Therefore
the least squares estimators, say, f, f;, ... , f;, must satisfy
oL d :
TN =-2 Z <)’i —bBo— 2 ﬂjxij) =0 (3.7
‘BO BosPys-- By i=1 j=1

TABLE 3.1 Cross-Section Data for Multiple Linear Regression

Observation Response, y X Xy . X
1 Y1 X1 *12 ce X1k

2 Y2 X1 Xy e Xok

n Yn Xn1 Xn2 e Xnk
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and
oL " k
a_ﬁ- =—22<yi—ﬂ0—2ﬁjxl-j>xij=0, j=1,2,..,,k
T 1 Bo. BBy i=1 =

(3.8)

Simplifying Eqgs. (3.7) and (3.8), we obtain

nfo+ B inl"‘ﬁz inz""“ + By ink = Z)’,’ (3.9)
i=1 i=1 i=1

i=1

=

n n n n
. . s . 3
Bo 2, xuth Z X1 +0, Z XppXi+ -+ By Z XigXip = Z Vit
i=1 i=1 i=1

i=1 i=1

(3.10)

n n n n n

A A A A  _

Po Z Xyt Z X X + B inzxik+ ) Z Xig = 2 YiXik
i=1 i=1 i=1 i=1 i=1

These equations are called the least squares normal equations. Note
that there are p = k + 1 normal equations, one for each of the unknown
regression coefficients. The solutions to the normal equations will be the
least squares estimators of the model regression coefficients.

It is simpler to solve the normal equations if they are expressed in matrix
notation. We now give a matrix development of the normal equations that
parallels the development of Eq. (3.10). The multiple linear regression
model may be written in matrix notation as

y=Xp +¢, (3.11)
where
Vi Loxyp xppeee g Bo €1
y = )’:2 . X = 1 x:21 xzz: x:Zk , B= ﬁ:1 . and £= 5:2
Yn 1 Xl X2 0 Xk ﬁk &n

In general, y is an (n X 1) vector of the observations, X is an (7 X p) matrix
of the levels of the regressor variables, fisa (p X 1) vector of the regression
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coefficients, and € is an (n X 1) vector of random errors. X is usually called
the model matrix, because it is the original data table for the problem
expanded to the form of the regression model that you desire to fit.

The vector of least squares estimators minimizes

L=Y e =¢e=(y-Xp/(y-Xp)
i=1

We can expand the right-hand side of L and obtain
L=yy-pXy-yXp+pXXp=yy-28Xy+pXXp,

because B'X'y is a (1x1) matrix, or a scalar, and its transpose (f'X'y) =
y'Xp is the same scalar. The least squares estimators must satisfy

oL| _ -2X'y + 2(X’X)B = 0,
B lp

which simplifies to

X'X)B =Xy (3.12)
In Eq. (3.12) X'X is a (p X p) symmetric matrix and X'y is a (p X
1) column vector. Equation (3.12) is just the matrix form of the least
squares normal equations. It is identical to Eq. (3.10). To solve the normal

equations, multiply both sides of Eq. (3.12) by the inverse of X'X (we
assume that this inverse exists). Thus the least squares estimator of f is

B=XX)"Xy (3.13)

The fitted values of the response variable from the regression model are
computed from

>
Il
»

et

(3.14)
or in scalar notation,

$i=Po+ Bixy + Poxp + -+ Bixy, i=1,2,....n  (3.15)
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The difference between the actual observation y; and the corresponding
fitted value is the residual ¢; =y, — 9;,i = 1,2, ..., n. The n residuals can
be written as an (n X 1) vector denoted by

e=y-y=y-Xp (3.16)
In addition to estimating the regression coefficients S, f;, ..., f, it

is also necessary to estimate the variance of the model errors, 6. The
estimator of this parameter involves the sum of squares of the residuals

SSg = (y — XB)(y - XB)

We can show that E(SSg) = (n — p)c2, so the estimator of o7 is the residual
Or mean square error

SS
62 =—F (3.17)
n—p

The method of least squares is not the only way to estimate the param-
eters in a linear regression model, but it is widely used, and it results in
estimates of the model parameters that have nice properties. If the model is
correct (it has the right form and includes all of the relevant predictors), the
least squares estimator f is an unbiased estimator of the model parameters
[; that is,

E(p) = B.

The variances and covariances of the estimators f are contained in a (p X p)
covariance matrix

Var (B) = 62(X'X)"! (3.18)

The variances of the regression coefficients are on the main diagonal of
this matrix and the covariances are on the off-diagonals.

Example 3.1 A hospital is implementing a program to improve quality
and productivity. As part of this program, the hospital is attempting to
measure and evaluate patient satisfaction. Table 3.2 contains some of the
data that have been collected for a random sample of 25 recently discharged
patients. The “severity” variable is an index that measures the severity of
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TABLE 3.2 Patient Satisfaction Survey Data

Observation Age (x)) Severity (x,) Satisfaction (y)
1 55 50 68
2 46 24 77
3 30 46 96
4 35 48 80
5 59 58 43
6 61 60 44
7 74 65 26
8 38 42 88
9 27 42 75

10 51 50 57

11 53 38 56

12 41 30 88

13 37 31 88

14 24 34 102

15 42 30 88

16 50 48 70

17 58 61 52

18 60 71 43

19 62 62 46

20 68 38 56

21 70 41 59

22 79 66 26

23 63 31 52

24 39 42 83

25 49 40 75

the patient’s illness, measured on an increasing scale (i.e., more severe
illnesses have higher values of the index), and the response satisfaction is
also measured on an increasing scale, with larger values indicating greater
satisfaction.

We will fit a multiple linear regression model to the patient satisfaction
data. The model is

y =By + Bix) + Brx; + €,

where y = patient satisfaction, x; = patient age, and x, = illness severity.
To solve the least squares normal equations, we will need to set up the X'X
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matrix and the X'y vector. The model matrix X and observation vector y
are

(1 55 507 768
1 46 24 77
1 30 46 96
1 35 48 80
1 59 58 43
1 61 60 44
1 74 65 26
1 38 42 88
1 27 42 75
1 51 50 57
1 53 38 56
1 41 30 88

X=|1 37 31|, y=|88
1 24 34 102
1 42 30 88
1 50 48 70
1 58 6l 52
1 60 71 43
1 62 62 46
1 68 38 56
1 70 41 59
1 79 66 26
1 63 31 52
1 39 42 83

|1 49 40| | 75 |

The X’X matrix and the X'y vector are

1 1 - 1 i 4512 ;g 25 1271 1148
X'X=[55 46 .- 49 . . .| = 1271 69881 60814
50 24 --- 40 1 49 40 1148 60814 56790
and
1 1 - 1 gg 1638
X'y=|[55 46 - 49 E 76487
50 24 --- 40 ) 70426
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Using Eq. (3.13), we can find the least squares estimates of the parameters
in the regression model as

B=XX)"'Xy

25 1271 1148 | '[1638

—|1271 69881 60814 |76487

1148 60814 56790 70426

C0.699946097 —0.006128086 —0.0075869827[ 1638
=[-0.006128086  0.00026383  —0.000158646 || 76487
| —0.007586982  —0.000158646  0.000340866 || 70426
1434720118

= | -1.031053414

| ~0.55603781

Therefore the regression model is
y=143.472 — 1.031x, — 0.556x,,

where x; = patient age and x, = severity of illness, and we have reported
the regression coefficients to three decimal places.

Table 3.3 shows the output from the JMP regression routine for the
patient satisfaction data. At the top of the table JMP displays a plot of the
actual satisfaction data points versus the fitted values from the regression.
If the fit is “perfect” then the actual-predicted and the plotted points would
lie on a straight 45° line. The points do seem to scatter closely along the
45° line, suggesting that the model is a reasonably good fit to the data.
Note that, in addition to the fitted regression model, JMP provides a list of
the residuals computed from Eq. (3.16) along with other output that will
provide information about the quality of the regression model. This output
will be explained in subsequent sections, and we will frequently refer back
to Table 3.3.

Example 3.2 Trend Adjustment One way to forecast time series data
that contain a linear trend is with a trend adjustment procedure. This
involves fitting a model with a linear trend term in time, subtracting the
fitted values from the original observations to obtain a set of residuals that
are trend-free, then forecast the residuals, and compute the forecast by
adding the forecast of the residual value(s) to the estimate of trend. We
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TABLE 3.3 JMP Output for the Patient Satisfaction Data in Table 3.2

Actual by Predicted Plot

110

100
90
80
70
60
50
404 .
30"

20

Satisfaction actual

N R B B
20 30 40 50 60

70 80 90 100 100

Satisfaction predicted
P <.0001 RSq = 0.90 RMSE = 7.1177

Summary of Fit

RSquare

RSquare Adj

Root mean square error
Mean of response
Observations (or Sum Wgts)

Analysis of Variance

Source DF
Model 2
Error 22

C. Total 24
Parameter Estimates

Term Estimate
Intercept 143.47201
Age —1.031053
Severity —0.556038

0.896593
0.887192
7.117667
65.52
25
Sum of
Squares Mean Square F Ratio
9663.694 4831.85 95.3757
1114.546 50.66 Prob > F
10778.240 <.0001*
Std Error t Ratio Prob> ||
5.954838 24.09 <.0001*
0.115611 -8.92 <.0001*
0.13141 —4.23 0.0003*

(continued)
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TABLE 3.3 (Continued)

Observation Age Severity Satisfaction Residual
1 55 50 68 9.03781647
2 46 24 77 —5.6986473
3 30 46 96 9.03732988
4 35 48 80 —0.6953274
5 59 58 43 —7.3896674
6 61 60 44 —3.2154849
7 74 65 26 -5.0316015
8 38 42 88 7.06160595
9 27 42 75 —17.279982
10 51 50 57 —6.0863972
11 53 38 56 —11.696744
12 41 30 88 3.48231247
13 37 31 88 —0.0858634
14 24 34 102 2.17855567
15 42 30 88 4.51336588
16 50 48 70 4.77047378
17 58 61 52 2.24739262
18 60 71 43 0.86987755
19 62 62 46 0.92764409
20 68 38 56 3.76905713
21 70 41 59 10.4992774
22 79 66 26 0.67970337
23 63 31 52 —9.2784746
24 39 42 83 3.09265936
25 49 40 75 4.29111788

described and illustrated trend adjustment in Section 2.4.2, and the basic
trend adjustment model introduced there was

=P +bt+e, t=12,..,T.

The least squares normal equations for this model are

T
nT+n
Vi
~ T(T+1 ~ T(T+1DR2T +1
Bo (2+)+ﬂ1 ( +)6( +)=Zl}’t

Thy+ pi——

t=1
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Because there are only two parameters, it is easy to solve the normal
equations directly, resulting in the least squares estimators

s 2QT+1) Z

T
6
T T -1) T(T—l)Zlyf

b= T(T2—1)Z’yf T(T — 1)Zy'

Minitab computes these parameter estimates in its trend adjustment
procedure, which we illustrated in Example 2.6. The least squares estimates
obtained from this trend adjustment model depend on the point in time at
which they were computed, that is, 7. Sometimes it may be convenient
to keep track of the period of computation and denote the estimates as
functions of time, say, ﬁO(T) and ﬁ {(T). The model can be used to predict
the next observation by predicting the point on the trend line in period
T + 1, which is ﬁO(T) + ﬁl(T)(T + 1), and adding to the trend a forecast
of the next residual, say, &;,(1). If the residuals are structureless and have
average value zero, the forecast of the next residual would be zero. Then
the forecast of the next observation would be

5741(T) = Bo(T) + By (T)(T + 1)

When a new observation becomes available, the parameter estimates
ﬁO(T) and ﬁl(T) could be updated to reflect the new information. This
could be done by solving the normal equations again. In some situations
it is possible to devise simple updating equations so that new estimates
ﬁO(T +1)and j (T + 1) can be computed directly from the previous ones
ﬁO(T) and f 1(T) without having to directly solve the normal equations. We
will show how to do this later.

3.3 STATISTICAL INFERENCE IN LINEAR REGRESSION

In linear regression problems, certain tests of hypotheses about the model
parameters and confidence interval estimates of these parameters are help-
ful in measuring the usefulness of the model. In this section, we describe
several important hypothesis-testing procedures and a confidence inter-
val estimation procedure. These procedures require that the errors ¢; in
the model are normally and independently distributed with mean zero
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and variance o2, abbreviated NID(0, ¢2). As a result of this assumption,
the observations y; are normally and independently distributed with mean

k - 2
Po + X, Byx; and variance o°.

3.3.1 Test for Significance of Regression

The test for significance of regression is a test to determine whether there
is a linear relationship between the response variable y and a subset of the
predictor or regressor variables x;, x,, ..., x;. The appropriate hypotheses
are

Hy:py=p=-=p=0
H, : atleastone f§; # 0 (3.19)
Rejection of the null hypothesis H, in Eq. (3.19) implies that at least one of
the predictor variables x|, x,, ..., x; contributes significantly to the model.
The test procedure involves an analysis of variance partitioning of the total
sum of squares

SSp =) ;= ’ (3.20)
i=1

into a sum of squares due to the model (or to regression) and a sum of
squares due to residual (or error), say,

Now if the null hypothesis in Eq. (3.19) is true and the model errors are
normally and independently distributed with constant variance as assumed,
then the test statistic for significance of regression is

SSp /k

"= SSg/n—p) 622
and one rejects H, if the test statistic F, exceeds the upper tail point of the
F distribution with k£ numerator degrees of freedom and n — p denominator
degrees of freedom, F, ; ,_,. Table A.4 in Appendix A contains these upper
tail percentage points of the F' distribution.

Alternatively, we could use the P-value approach to hypothesis testing

and thus reject the null hypothesis if the P-value for the statistic Fj, is
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TABLE 3.4 Analysis of Variance for Testing Significance of Regression

Source of Sum of Degrees of Mean
Variation Squares Freedom Square Test Statistic, F),
SS SSr/k
Regression SSg k —R Fy= ;/
S]g' SSg/(n—p)
Residual SSg n—p E
(error) n=p
Total SSt n—1

less than a. The quantities in the numerator and denominator of the test
statistic F|, are called mean squares. Recall that the mean square for error
or residual estimates o2.

The test for significance of regression is usually summarized in an
analysis of variance (ANOVA) table such as Table 3.4. Computational
formulas for the sums of squares in the ANOVA are

S8t = Z‘i ;= y? =Yy —ny*

R 323
55 = B'Xy = n? 329
SSe =y'y - B X'y

Regression model ANOVA computations are almost always performed
using a computer software package. The JMP output in Table 3.3 shows
the ANOVA test for significance of regression for the regression model for
the patient satisfaction data. The hypotheses in this problem are

Hy:py=p=0
H, : atleastone §; # 0

The reported value of the F-statistic from Eq. (3.22) is

9663.694/2  4831.85

0= 11454622 = 5066 %

and the P-value is reported as <0.0001. The actual P-value is approximately
1.44 x 107!, a very small value, so there is strong evidence to reject the
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null hypothesis and we conclude that either patient age or severity are
useful predictors for patient satisfaction.

Table 3.3 also reports the coefficient of multiple determination R, first
introduced in Section 2.6.2 in the context of choosing between competing
forecasting models. Recall that

_SSy . SSg

R? = =
SS- SS-

(3.24)

For the regression model for the patient satisfaction data, we have

>SSk _ 9663.694

=R - 22707 _ ).8966
SS; 1077824

So this model explains about 89.7% of the variability in the data.

The statistic R? is a measure of the amount of reduction in the variability
of y obtained by using the predictor variables x;, x,, ... , x; in the model. Itis
a measure of how well the regression model fits the data sample. However,
as noted in Section 2.6.2, a large value of R? does not necessarily imply
that the regression model is a good one. Adding a variable to the model
will never cause a decrease in R?, even in situations where the additional
variable is not statistically significant. In almost all cases, when a variable
is added to the regression model R? increases. As a result, over reliance
on R? as a measure of model adequacy often results in overfitting; that is,
putting too many predictors in the model. In Section 2.6.2 we introduced
the adjusted R statistic

SSg/(n —p)

2 — —_
B =17 5500

2= (3.25)

In general, the adjusted R? statistic will not always increase as variables
are added to the model. In fact, if unnecessary regressors are added, the
value of the adjusted R? statistic will often decrease. Consequently, models
with a large value of the adjusted R? statistic are usually considered good
regression models. Furthermore, the regression model that maximizes the
adjusted R? statistic is also the model that minimizes the residual mean
square.
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JMP reports both R? and Ri i in Table 3.4. The value of R* = 0.897 (or
89.7%), and the adjusted R? statistic is

2 SSE/(” - D)
R, =1———

Adj SSp/(n—1)
1114.546/(25 - 3)
10778.24/(25 = 1)

= 0.887.

Both R? and Ri 4 are very similar, usually a good sign that the regres-
sion model does not contain unnecessary predictor variables. It seems
reasonable to conclude that the regression model involving patient age and
severity accounts for between about 88% and 90% of the variability in the
patient satisfaction data.

3.3.2 Tests on Individual Regression Coefficients and
Groups of Coefficients

Tests on Individual Regression Coefficients We are frequently
interested in testing hypotheses on the individual regression coefficients.
These tests would be useful in determining the value or contribution of each
predictor variable in the regression model. For example, the model might
be more effective with the inclusion of additional variables or perhaps with
the deletion of one or more of the variables already in the model.

Adding a variable to the regression model always causes the sum of
squares for regression to increase and the error sum of squares to decrease.
We must decide whether the increase in the regression sum of squares is
sufficient to warrant using the additional variable in the model. Further-
more, adding an unimportant variable to the model can actually increase
the mean squared error, thereby decreasing the usefulness of the model.

The hypotheses for testing the significance of any individual regression
coefficient, say, , are

(3.26)

If the null hypothesis H,, : f; = 0 is not rejected, then this indicates that the
predictor variable x; can be deleted from the model.
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The test statistic for this hypothesis is

fy = f (3.27)

b
-5
V&G

where C;; is the diagonal element of the (X’X)"'matrix corresponding

to the regression coefficient ﬂAj (in numbering the elements of the matrix
C = (X’X)~!, it is necessary to number the first row and column as zero so
that the first diagonal element C, will correspond to the subscript number
on the intercept). The null hypothesis H;, : f; = 0 is rejected if the absolute
value of the test statistic |¢y| > 1,5 ,_,, Where #,,,,_, is the upper a/2
percentage point of the ¢ distribution with n — p degrees of freedom. Table
A.3 in Appendix A contains these upper tail points of the ¢ distribution.
A P-value approach could also be used. This #-test is really a partial or
marginal test because the regression coefficient ﬁj depends on all the other
regressor variables x; (i # j) that are in the model.

The denominator of Eq. (3.27), 1/62 ij, is usually called the standard

error of the regression coefficient. That is,

se(f)) = 1/62C;. (3.28)

Therefore an equivalent way to write the z-test statistic in Eq. (3.27) is

= -2, (3.29)
Se(ﬂj)

Most regression computer programs provide the z-test for each model
parameter. For example, consider Table 3.3, which contains the JMP out-
put for Example 3.1. The upper portion of this table gives the least squares
estimate of each parameter, the standard error, the ¢ statistic, and the corre-
sponding P-value. To illustrate how these quantities are computed, suppose
that we wish to test the hypothesis that x; = patient age contributes signif-
icantly to the model, given that x, = severity is included in the regression
equation. Stated formally, the hypotheses are

Hy:p,=0
H :p#0
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The regression coefficient for x; = patient age is ﬂl = —1.0311. The stan-
dard error of this estimated regression coefficient is

se(f)) = 1/62C,, = V/(50.66)(0.00026383) = 0.1156.

which when rounded agrees with the JMP output. (Often manual calcu-
lations will differ slightly from those reported by the computer, because
the computer carries more decimal places. For instance, in this exam-
ple if the mean squared error is computed to four decimal places as
MSy = SSg/(n—p) = 1114.546/(25 — 3) = 50.6612 instead of the two
places reported in the JMP output, and this value of the MSy is used
as the estimate 6 in calculating the standard error, then the standard error
of f, will match the JMP output.) The test statistic is computed from Eq.
(3.29) as

b 1031053 _

= = -8.92
0 ~

This is agrees with the results reported by JMP. Because the P-value
reported is small, we would conclude that patient age is statistically sig-
nificant; that is, it is an important predictor variable, given that severity is
also in the model. Similarly, because the #-test statistic for x, = severity is
large, we would conclude that severity is a significant predictor, given that
patient age is in the model.

Tests on Groups of Coefficients We may also directly examine the
contribution to the regression sum of squares for a particular predictor,
say, x;, or a group of predictors, given that other predictors x; (i # j) are
included in the model. The procedure for doing this is the general regression
significance test or, as it is more often called, the extra sum of squares
method. This procedure can also be used to investigate the contribution
of a subset involving several regressor or predictor variables to the model.
Consider the regression model with k regressor variables

y=Xp +¢, (3.30)

whereyis(n X 1),Xis(n X p), fis(p X 1),eis(n x 1),andp =k + 1. We

would like to determine if a subset of the predictor variables x, x,, ... , X,
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(r < k) contributes significantly to the regression model. Let the vector of
regression coefficients be partitioned as follows:

~ ﬁl]
ﬁ‘[ﬁz’

where f, is (r X 1) and f, is [(p — r) X 1]. We wish to test the hypotheses

Hy:,=0
0 by (3.31)
H :p,#0
The model may be written as

where X, represents the columns of X (or the predictor variables) associ-
ated with B, and X, represents the columns of X (predictors) associated
with B,.

For the full model (including both B, and f,), we know that B =
X'X)"'x’ y. Also, the regression sum of squares for all predictor variables
including the intercept is

SSr(P) = ﬁ'X’y (p degrees of freedom) (3.33)
and the estimate of ¢ based on this full model is

Al
o Yy-BXy
o = —
n—p

(3.34)

SSRr(B) is called the regression sum of squares due to 8. To find the contri-
bution of the terms in B, to the regression, we fit the model assuming that
the null hypothesis H,: f; = 0 is true. The reduced model is found from
Eq. (3.32) with g, = 0:

The least squares estimator of 8, is B, = (X’,X,)"' X,y and the regression
sum of squares for the reduced model is

~

SSg(By) = B,X,y (p — r degrees of freedom) (3.36)
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The regression sum of squares due to 8, given that B, is already in the
model is

SSr(B11B2) = SSg(B) — SSx(By) = B X'y — B, X',y (3.37)

This sum of squares has r degrees of freedom. It is the “extra sum of
squares” due to ;. Note that SSy(B,| B,) is the increase in the regression
sum of squares due to including the predictor variables x,, x,, ..., x, in the
model. Now SSy(B,| B,) is independent of the estimate of ¢? based on
the full model from Eq. (3.34), so the null hypothesis H,: f; = 0 may be
tested by the statistic

_ SSr(B11B) /1

F
0 -
52

(3.38)

where 62 is computed from Eq. (3.34). If F, > Fyn-p We reject Hy,
concluding that at least one of the parameters in f, is not zero, and,
consequently, at least one of the predictor variables x;, x,, ..., x, in X
contributes significantly to the regression model. A P-value approach could
also be used in testing this hypothesis. Some authors call the test in Eq.
(3.38) a partial F test.

The partial F testis very useful. We can use it to evaluate the contribution
of an individual predictor or regressor x; as if it were the last variable added

to the model by computing

SSp(B1B;2i # J)

This is the increase in the regression sum of squares due to adding x; to
a model that already includes xy, ..., X;_;, X1, ..., X;. The partial F' test
on a single variable x; is equivalent to the 7-test in Equation (3.27). The
computed value of F;, will be exactly equal to the square of the -test
statistic #,. However, the partial F' test is a more general procedure in that
we can evaluate simultaneously the contribution of more than one predictor

variable to the model.

Example 3.3 To illustrate this procedure, consider again the patient
satisfaction data from Table 3.2. Suppose that we wish to consider fitting a
more elaborate model to this data; specifically, consider the second-order
polynomial

2 2
Y =By + Bixy + Boxy 4 Broxi Xy + PBryx] + Prox; + €
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TABLE 3.5 JMP Output for the Second-Order Model for the Patient
Satisfaction Data

Summary of Fit

RSquare 0.900772
RSquare Adj 0.874659
Root mean square error 7.502639
Mean of response 65.52
Observations (or Sum Wgts) 25
Analysis of Variance

Sum of Mean
Source DF Squares Square  F Ratio
Model 5 9708.738 1941.75  34.4957
Error 19 1069.502 56.29 Prob > F
C. Total 24 10,778.240 <.0001*
Parameter Estimates
Term Estimate Std Error t Ratio Prob> |¢|
Intercept 143.74009 6.774622 21.22  <0.0001*
Age —0.986524 0.135366 -7.29  <0.0001*
Severity —0.571637 0.158928 -3.60 0.0019*
(Severity-45.92)*(Age-50.84)  0.0064566 0.016546 0.39 0.7007
(Age-50.84)"(Age-50.84) —0.00283  0.008588 -0.33 0.7453
(Severity-45.92)* —-0.011368 0.013533 -0.84 04113

(Severity-45.92)

where x; = patient age and x, = severity. To fit the model, the model matrix
would need to be expanded to include columns for the second-order terms
xlxz,x%, and x%. The results of fitting this model using JMP are shown in
Table 3.5.

Suppose that we want to test the significance of the additional second-

order terms. That is, the hypotheses are

Hy:pp=p1=pPn=0
H, : atleast one of the parameters f,,, f;;, or f,, #0

In the notation used in this section, these second-order terms are the param-
eters in the vector f,. Since the quadratic model is the full model, we can
find SSg(p) directly from the JMP output in Table 3.5 as

SSx(B) = 9708.738
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with 5 degrees of freedom (because there are five predictors in this model).
The reduced model is the model with all of the predictors in the vector 8,
equal to zero. This reduced model is the original regression model that we
fit to the data in Table 3.3. From Table 3.3, we can find the regression sum
of squares for the reduced model as

SSp(B,) = 9663.694

and this sum of squares has 2 degrees of freedom (the model has two
predictors).

Therefore the extra sum of squares for testing the significance of the
quadratic terms is just the difference between the regression sums of
squares for the full and reduced models, or

SSR(ﬁ] |ﬂ2) = SSR(ﬂ) - SSR(ﬁz)
= 9708.738 — 9663.694
=45.044

with 5 — 2 = 3 degrees of freedom. These three degrees of freedom cor-
respond to the three additional terms in the second-order model. The test
statistic from Eq. (3.38) is

_ SS(BIB)/ T
6’2

_45.044/3

T 56.29

=0.267.

Fy

This F-statistic is very small, so there is no evidence against the null
hypothesis.

Furthermore, from Table 3.5, we observe that the individual z-statistics
for the second-order terms are very small and have large P-values, so there
is no reason to believe that the model would be improved by adding any of
the second-order terms.

It is also interesting to compare the R?> and Ri i statistics for the two

models. From Table 3.3, we find that R* = 0.897 and R% o = 0-887 for the

original two-variable model, and from Table 3.5, we find that R?> = 0.901
and Ri 4= 0.875 for the quadratic model. Adding the quadratic terms

caused the ordinary R? to increase slightly (it will never decrease when
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additional predictors are inserted into the model), but the adjusted R?
statistic decreased. This decrease in the adjusted R? is an indication that
the additional variables did not contribute to the explanatory power of the
model.

3.3.3 Confidence Intervals on Individual
Regression Coefficients

It is often necessary to construct confidence interval (CI) estimates for the
parameters in a linear regression and for other quantities of interest from the
regression model. The procedure for obtaining these confidence intervals
requires that we assume that the model errors are normally and indepen-
dently distributed with mean zero and variance ¢, the same assumption
made in the two previous sections on hypothesis testing.

Because the least squares estimator 8 is a linear combination of the
observations, it follows that f is normally distributed with mean vector
and covariance matrix V(B) = ¢2(X’X)~!.Then each of the statistics

b-b

— j=0,1,...,k (3.39)
¢

is distributed as 7 with n — p degrees of freedom, where C;; is the (jj)th

element of the (X’X) 'matrix, and 67 is the estimate of the error vari-

ance, obtained from Eq. (3.34). Therefore a 100(1 — a) percent confidence

interval for an individual regression coefficient g, j = 0,1, ... ,k, is

Bi = taypnp\/62Cyi < B; < B+ tyj2npr\/67C (3.40)

This CI could also be written as
ﬁAj - ta/z,n—pse(ﬁj) < ﬁj < ﬁj + ta/Z,n—pse(ﬁj)

because se(ﬁj) = 62ij.

Example 3.4 We will find a 95% CI on the regression for patient age
in the patient satisfaction data regression model. From the JMP output in
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Table 3.3, we find that ﬁl = —1.0311 and se(ﬁl) = 0.1156. Therefore the
95% Cl is

By = tappun—pSeB) < B; < By + tayppse(B)
—1.0311 — (2.074)(0.1156) < f, < —1.0311 + (2.074)(0.1156)

—1.2709 < g, < —0.7913.

This confidence interval does not include zero; this is equivalent to rejecting
(at the 0.05 level of significance) the null hypothesis that the regression
coefficient g; = 0.

3.3.4 Confidence Intervals on the Mean Response

We may also obtain a confidence interval on the mean response at a partic-
ular combination of the predictor or regressor variables, say, Xy, X3, --- »
Xor- We first define a vector that represents this point expanded to model
form. Since the standard multiple linear regression model contains the k
predictors and an intercept term, this vector is

The mean response at this point is

E[y(xy)] = pyx, = X oB-

The estimator of the mean response at this point is found by substituting

p for p
I(xg) = fiypy, = X B (3.41)

This estimator is normally distributed because Bis normally distributed and
it is also unbiased because f is an unbiased estimator of . The variance
of ¥(x) is

Var [§(x,)] = 02X o(X'X) ' x,. (3.42)
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Therefore, a 100(1 — &) percent CI on the mean response at the point x;;,
Xggs +v s X 18

9(X0) = tayanp\ 62X 0X'X) X0 < hyixy < IX0) + tay2.0-p /62X o X' X) X0,

(3.43)

where 62 is the estimate of the error variance, obtained from Eq. (3.34).
Note that the length of this confidence interval will depend on the location
of the point x, through the term x’ (X’ X)_lxo in the confidence interval
formula. Generally, the length of the CI will increase as the point X, moves
further from the center of the predictor variable data.

The quantity
V/Var [5(x,)] = 1/ 62 ((X'X)'x,

used in the confidence interval calculations in Eq. (3.43) is sometimes
called the standard error of the fitted response. JMP will calculate and
display these standard errors for each individual observation in the sample
used to fit the model and for other non-sample points of interest. The
next-to-last column of Table 3.6 displays the standard error of the fitted
response for the patient satisfaction data. These standard errors can be used
to compute the CI in Eq. (3.43).

Example 3.5 Suppose that we want to find a confidence interval on
mean patient satisfaction for the point where x; = patient age = 55 and
x, = severity = 50. This is the first observation in the sample, so refer to
Table 3.6, the JMP output for the patient satisfaction regression model.
For this observation, JMP reports that the “SE Fit” is 1.51 rounded to
two decimal places, or in our notation, y/Var [J(X,)] = 1.51. Therefore, if
we want to find a 95% CI on the mean patient satisfaction for the case
where x; = patient age = 55 and x, = severity = 50, we would proceed as
follows:

j}(x()) - ta/2,n—p \/ &ZX,O(X,X)_]XO < Hyix, < 5’(X0) + la/2,n—p V 6-2X,0(X,X)_]XO

58.96 — 2.074(1.51) < pyy, < 58.96 + 2.074(1.51)
55.83 < p1ypy, < 62.09.

From inspection of Table 3.6, note that the standard errors for each
observation are different. This reflects the fact that the length of the CI on
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the mean response depends on the location of the observation. Generally,
the standard error increases as the distance of the point from the center
of the predictor variable data increases.

In the case where the point of interest X, is not one of the observations
in the sample, it is necessary to calculate the standard error for that point

v/ Var [5(xy)] = 4/ 6'2X’0(X’X)_1X0, which involves finding x’ (X’ X)_IX0
for the observation x,. This is not too difficult (you can do it in Excel), but
it is not necessary, because JMP will provide the CI at any point that you
specify. For example, if you want to find a 95% CI on the mean patient
satisfaction for the point where x; = patient age = 60 and x, = severity =
60 (this is not a sample observation), then in the last row of Table 3.6 JMP
reports that the estimate of the mean patient satisfaction at the point x; =
patient age = 60 and x, = severity = 60 as y(x,) = 48.25, and the standard

error of the fitted response as /Var [5(xy)] = 1/62¥ ,(X’X)"'x, = 2.12.

Consequently, the 95% CI on the mean patient satisfaction at that point is

43.85 < py)y, < 52.65.

3.4 PREDICTION OF NEW OBSERVATIONS

A regression model can be used to predict future observations on the
response y corresponding to a particular set of values of the predictor
or regressor variables, say, Xy, Xgp, ..., Xo- L€t X, represent this point,
expanded to model form. That is, if the regression model is the standard
multiple regression model, then x;, contains the coordinates of the point
of interest and unity to account for the intercept term, so x', = [1, Xy,

Xg2s -+ » X J- A point estimate of the future observation y(x,) at the point
Xg1> X2 - - » Xoi 18 computed from
(%) =X'oB (3.44)

The prediction error in using J(xX;) to estimate y(X,) is y(Xq) — J(Xp)-
Because y(x;) and y(x,) are independent, the variance of this prediction
error is

Var [y(xy) — $(xo)] = Var [y(xo)] + Var [$(xo)] = 67 + 62X o(X'X) ™',
=02 |1+ x,(X'X) x| . (3.45)
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If we use 62 from Eq. (3.34) to estimate the error variance ¢, then the
ratio

y(Xg) — 3(Xp)
V67 [+ % (XX)x,)

has a ¢ distribution with n — p degrees of freedom. Consequently, we can
write the following probability statement:

y(Xg) — (%)

P _ta/2,n—p <
V67 [1+%,(XX) "%,

< ta/Z,n—p =l-a

This probability statement can be rearranged as follows:

(100 =t 82 [0 ] <]
=1-a.

< 50%0) + Luyanp /67 [ 1+ X(XX) ' x,)

Therefore, the probability is 1 — a that the future observation falls in the
interval

$(X0) = Ly /2np \/ 62 [1+ X o(X"X)™'x] < ¥(x0)

<90 + tupny \/ 62 [1+ X/ o(X"X) "% (3.46)

This statement is called a 100(1 — a) percent prediction interval (PI) for
the future observation y(x,) at the point x;;, Xp,, ... , Xo;- LThe expression
in the square tool in Eq. (3.46) is often called the standard error of the
predicted response.

The PI formula in Eq. (3.46) looks very similar to the formula for the
CI on the mean, Eq. (3.43). The difference is the “1” in the variance of
the prediction error under the square root. This will make PI longer than
the corresponding CI at the same point. It is reasonable that the PI should
be longer, as the CI is an interval estimate on the mean of the response
distribution at a specific point, while the PI is an interval estimate on
a single future observation from the response distribution at that point.
There should be more variability associated with an individual observation
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than with an estimate of the mean, and this is reflected in the additional
length of the PI.

Example 3.6 JMP will compute the standard errors of the predicted
response so it is easy to construct the prediction interval in Eq. (3.46). To
illustrate, suppose that we want a 95% PI on a future observation of patient
satisfaction for a patient whose age is 75 and with severity of illness 60. In
the next to last row of Table 3.6 JMP predicted value of satisfaction at this
new observation as y(X,) = 32.78, and the standard error of the predicted
response is 7.65. Then from Eq. (3.46) the prediction interval is

This example provides us with an opportunity to compare prediction
and confidence intervals. First, note that from Table 3.6 the standard error
of the fit at this point is smaller than the standard error of the prediction.
Therefore, the PI is longer than the corresponding CI. Now compare the
length of the CI and the PI for this point with the length of the CI and the
PI for the point x; = patient age = 60 and x, = severity = 60 from Example
3.4. The intervals are longer for the point in this example because this point
with x; = patient age = 75 and x, = severity = 60 is further from the center
of the predictor variable data than the point in Example 3.4, where x;, =
patient age = 60 and x, = severity = 60.

3.5 MODEL ADEQUACY CHECKING

3.5.1 Residual Plots

An important part of any data analysis and model-building procedure is
checking the adequacy of the model. We know that all models are wrong,
but a model that is a reasonable fit to the data used to build it and that
does not seriously ignore or violate any of the underlying model-building
assumptions can be quite useful. Model adequacy checking is particu-
larly important in building regression models for purposes of forecasting,
because forecasting will almost always involve some extrapolation or pro-
jection of the model into the future, and unless the model is reasonable the
forecasting process is almost certainly doomed to failure.

Regression model residuals, originally defined in Eq. (2.2), are very
useful in model adequacy checking and to get some sense of how well the
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regression model assumptions of normally and independently distributed
model errors with constant variance are satisfied. Recall that if y, is the
observed value of the response variable and if the corresponding fitted
value from the model is y;, then the residuals are

ei:yi_j)i’ i=1,2,...,7’l.

Residual plots are the primary approach to model adequacy checking.
The simplest way to check the adequacy of the normality assumption on
the model errors is to construct a normal probability plot of the residuals.
In Section 2.6.1 we introduced and used the normal probability plot of
forecast errors to check for the normality of forecast errors. The use of the
normal probability plot for regression residuals follows the same approach.
To check the assumption of constant variance, plot the residuals versus
the fitted values from the model. If the constant variance assumption is
satisfied, this plot should exhibit a random scatter of residuals around zero.
Problems with the equal variance assumption usually show up as a pattern
on this plot. The most common pattern is an outward-opening funnel
or megaphone pattern, indicating that the variance of the observations
is increasing as the mean increases. Data transformations (see Section
2.4.1) are useful in stabilizing the variance. The log transformation is
frequently useful in forecasting applications. It can also be helpful to plot
the residuals against each of the predictor or regressor variables in the
model. Any deviation from random scatter on these plots can indicate how
well the model fits a particular predictor.

When the data are a time series, it is also important to plot the residuals
versus time order. As usual, the anticipated pattern on this plot is random
scatter. Trends, cycles, or other patterns in the plot of residuals versus time
indicate model inadequacies, possibly due to missing terms or some other
model specification issue. A funnel-shaped pattern that increases in width
with time is an indication that the variance of the time series is increasing
with time. This happens frequently in economic time series data, and in
data that span a long period of time. Log transformations are often useful
in stabilizing the variance of these types of time series.

Example 3.7 Table 3.3 presents the residuals for the regression model
for the patient satisfaction data from Example 3.1. Figure 3.1 presents plots
of these residuals. The plot in the upper left-hand portion of the display
is a normal probability plot of the residuals. The residuals lie generally
along a straight line, so there is no obvious reason to be concerned with
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Normal probability plot of the residuals Residuals versus the fitted values
99 10 °
L J [ ] ° [ ]
[)
= % © Py PYY o® b °
S E 0 s
o 50 — o
] 4 3 ° ° ° °©
o o 10 )
10 °
1 ° 00 °
—20 -10 0 10 20 20 40 60 80 100
Residual Fitted value
Histogram of the residuals Residuals versus the order of the data

: 1: \VAWAWW/\V,A

-16 -12 -8 -4 0 4 8 12 2 4 6 8 1012 14 16 18 20 22 24
Residual Observation order

Frequency
N
Residual

FIGURE 3.1 Plots of residuals for the patient satisfaction model.

the normality assumption. There is a very mild indication that one of the
residuals (in the lower tail) may be slightly larger than expected, so this
could be an indication of an outlier (a very mild one). The lower left
plot is a histogram of the residuals. Histograms are more useful for large
samples of data than small ones, so since there are only 25 residuals, this
display is probably not as reliable as the normal probability plot. However,
the histogram does not give any serious indication of nonnormality. The
upper right is a plot of residuals versus the fitted values. This plot indicates
essentially random scatter in the residuals, the ideal pattern. If this plot had
exhibited a funnel shape, it could indicate problems with the equality of
variance assumption. The lower right is a plot of the observations in the
order of the data. If this was the order in which the data were collected, or
if the data were a time series, this plot could reveal information about how
the data may be changing over time. For example, a funnel shape on this
plot might indicate that the variability of the observations was changing
with time.

In addition to residual plots, other model diagnostics are frequently
useful in regression. The following sections introduce and briefly illus-
trate some of these procedures. For more complete presentations, see
Montgomery, Peck, and Vining (2012) and Myers (1990).
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3.5.2 Scaled Residuals and PRESS

Standardized Residuals Many regression model builders prefer to
work with scaled residuals in contrast to the ordinary least squares (OLS)
residuals. These scaled residuals frequently convey more information than
do the ordinary residuals. One type of scaled residual is the standardized
residual,

€;
d; = —, (3.47)
6

where we generally use 6 = /MSy; in the computation. The standardized
residuals have mean zero and approximately unit variance; consequently,
they are useful in looking for outliers. Most of the standardized residuals
should lie in the interval —3 < d; < 43, and any observation with a stan-
dardized residual outside this interval is potentially unusual with respect to
its observed response. These outliers should be carefully examined because
they may represent something as simple as a data-recording error or some-
thing of more serious concern, such as a region of the predictor or regressor
variable space where the fitted model is a poor approximation to the true
response.

Studentized Residuals The standardizing process in Eq. (3.47) scales
the residuals by dividing them by their approximate average standard devi-
ation. In some data sets, residuals may have standard deviations that differ
greatly. We now present a scaling that takes this into account. The vector
of fitted values 3, that corresponds to the observed values y; is

y=Xp= X(X'X)_IX’y = Hy. (3.48)
The nxn matrix H=X(X’X)"'X’ is usually called the “hat” matrix
because it maps the vector of observed values into a vector of fitted values.
The hat matrix and its properties play a central role in regression analysis.

The residuals from the fitted model may be conveniently written in
matrix notation as

e=y—-y=y-Hy={-Hy (3.49)
and the covariance matrix of the residuals is

Cov(e) = V[(I-H)y] = ¢*(I - H).
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The matrix I — H is in general not diagonal, so the residuals from a linear
regression model have different variances and are correlated. The variance
of the ith residual is

V(e,) = (1 — hy), (3.50)

where h; is the ith diagonal element of the hat matrix H. Because 0 <
h;; <1 using the mean squared error MSg to estimate the variance of the
residuals actually overestimates the true variance. Furthermore, it turns
out that /; is a measure of the location of the ith point in the predictor
variable or x-space; the variance of the residual e; depends on where the
point X, lies. As h; increases, the observation x; lies further from the center
of the region containing the data. Therefore residuals near the center of the
x-space have larger variance than do residuals at more remote locations.
Violations of model assumptions are more likely at remote points, so these
violations may be hard to detect from inspection of the ordinary residuals
e; (or the standardized residuals d;) because their residuals will usually be
smaller.

We recommend taking this inequality of variance into account when
scaling the residuals. We suggest plotting the studentized residuals as:

. N— 3.51)
52(1— hy)

with 62 = MSy, instead of the ordinary residuals or the standardized residu-
als. The studentized residuals have unit variance (i.e., V(r;) = 1) regardless
of the location of the observation x; when the form of the regression model
is correct. In many situations the variance of the residuals stabilizes, par-
ticularly for large data sets. In these cases, there may be little difference
between the standardized and studentized residuals. Thus standardized
and studentized residuals often convey equivalent information. However,
because any point with a large residual and a large hat diagonal h;; is
potentially highly influential on the least squares fit, examination of the
studentized residuals is generally recommended.

Table 3.7 displays the residuals, the studentized residuals, hat diagonals
h;;, and several other diagnostics for the regression model for the patient
satisfaction data in Example 3.1. These quantities were computer generated
using JMP. To illustrate the calculations, consider the first observation.
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TABLE 3.7 Residuals and Other Diagnostics for the Regression Model for
the Patient Satisfaction Data in Example 3.1

Studentized Cook’s
Observation  Residuals Residuals R-Student hy; Distance
1 9.0378 1.29925 1.32107  0.044855  0.026424
2 -5.6986  —0.88216 —-0.87754  0.176299  0.055521
3 9.0373 1.38135 1.41222  0.155114  0.116772
4 —-0.6953 —0.10403 —-0.10166  0.118125  0.000483
5 =7.3897  —1.08009 —-1.08440  0.076032  0.031999
6 -3.2155 —0.47342 —-0.46491  0.089420  0.007337
7 -5.0316  —0.77380 —-0.76651  0.165396  0.039553
8 7.0616 1.03032 1.03183  0.072764  0.027768
9 —17.2800  -2.65767 =3.15124  0.165533  0.467041
10 —-6.0864  —0.87524 —-0.87041  0.045474  0.012165
11 -11.6967  —1.70227 —1.78483  0.068040  0.070519
12 3.4823 0.51635 0.50757  0.102232  0.010120
13 -0.0859  —0.01272 —0.01243  0.100896  0.000006
14 2.1786 0.33738 0.33048  0.176979  0.008159
15 4.5134 0.66928 0.66066  0.102355  0.017026
16 4.7705 0.68484 0.67634  0.042215  0.006891
17 2.2474 0.33223 0.32541  0.096782  0.003942
18 0.8699 0.13695 0.13386  0.203651  0.001599
19 0.9276 0.13769 0.13458  0.104056  0.000734
20 3.7691 0.58556 0.57661  0.182192  0.025462
21 10.4993 1.62405 1.69133  0.175015  0.186511
22 0.6797 0.10725 0.10481  0.207239  0.001002
23 -9.2785 —1.46893 —1.51118  0.212456  0.194033
24 3.0927 0.44996 0.44165  0.067497  0.004885
25 4.2911 0.61834 0.60945  0.049383  0.006621

The studentized residual is calculated as follows:

r

_ €

€]

64/ —hyy)

V621 —hyy)

9.0378

7.117674/1 — 0.044855

= 1.2992
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which agrees approximately with the value reported by JMP in Table 3.7.
Large values of the studentized residuals are usually an indication of poten-
tial unusual values or outliers in the data. Absolute values of the studentized
residuals that are larger than three or four indicate potentially problematic
observations. Note that none of the studentized residuals in Table 3.7 is this
large. The largest studentized residual, —2.65767, is associated with obser-
vation 9. This observation does show up on the normal probability plot of
residuals in Figure 3.1 as a very mild outlier, but there is no indication of
a significant problem with this observation.

PRESS Another very useful residual scaling can be based on the pre-
diction error sum of squares or PRESS. To calculate PRESS, we select an
observation—for example, i. We fit the regression model to the remaining
n — 1 observations and use this equation to predict the withheld observation
y;- Denoting this predicted value by J;, we may now find the prediction
error for the ith observation as

The prediction error is often called the ith PRESS residual. Note that the
prediction error for the ith observation differs from the ith residual because
observation / was not used in calculating the ith prediction value J ;). This
procedure is repeated for each observation i = 1,2, ..., n, producing a set
of n PRESS residuals e, €,), .. , €,). Then the PRESS statistic is defined
as the sum of squares of the n PRESS residuals or

PRESS = Z e(zl-) = Z by — )A’(i)]z (3.53)
i=1 i=1

Thus PRESS is a form of data splitting (discussed in Chapter 2), since
it uses each possible subset of n — 1 observations as an estimation data
set, and every observation in turn is used to form a prediction data set.
Generally, small values of PRESS imply that the regression model will be
useful in predicting new observations. To get an idea about how well the
model will predict new data, we can calculate an R?-like statistic called the
R? for prediction

PRESS
2 —
RPrediction =1- SST

(3.54)
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Now PRESS will always be larger than the residual sum of squares and,
because the ordinary R? = 1 — (SS5/SSy), if the value of the R125’re diction 15
not much smaller than the ordinary R?, this is a good indication about
potential model predictive performance.

It would initially seem that calculating PRESS requires fitting n different
regressions. However, it is possible to calculate PRESS from the results
of a single least squares fit to all n observations. It turns out that the ith

PRESS residual is

é.
=" 3.55
0, -, ( )

un

where e; is the OLS residual. The hat matrix diagonals are directly cal-
culated as a routine part of solving the least squares normal equations.
Therefore PRESS is easily calculated as

PRESS = Z 1 ’ (3.56)

JMP will calculate the PRESS statistic for a regression model and the
R? for prediction based on PRESS from Eq. (3.54). The value of PRESS
is PRESS = 1484.93 and the R? for prediction is

5 _ | _ PRESS
Prediction — + SST
_ | 148493
B 10778.2
= (0.8622.

That is, this model would be expected to account for about 86.22% of the
variability in new data.

R-Student The studentized residual r; discussed earlier is often consid-
ered an outlier diagnostic. It is customary to use the mean squared error
MSy; as an estimate of ¢? in computing r;. This is referred to as internal
scaling of the residual because MSy, is an internally generated estimate of
o2 obtained from fitting the model to all n observations. Another approach
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would be to use an estimate of 6> based on a data set with the ith obser-
vation removed. We denote the estimate of 6% so obtained by S(zl.). We can
show that

2 (n—p)MSg — 3,-2/(1 = hyi)

= 3.57
2 p— (3.57)

The estimate of o2 in Eq. (3.57) is used instead of MSg to produce an
externally studentized residual, usually called R-student, given by

e.
= —=>= (3.58)

! / Q2
S(l)(l - hii)

In many situations, f; will differ little from the studentized residual 7;.
However, if the ith observation is influential, then Szl. can differ significantly
from MSg, and consequently the R-student residual will be more sensitive
to this observation. Furthermore, under the standard assumptions, the R-
student residual 7; has a ¢-distribution with n — p — 1 degrees of freedom.
Thus R-student offers a more formal procedure for investigating potential
outliers by comparing the absolute magnitude of the residual f; to an
appropriate percentage point of 7,_,_;.

JMP will compute the R-student residuals. They are shown in Table 3.7
for the regression model for the patient satisfaction data. The largest value
of R-student is for observation 9, ty = —3.15124. This is another indication
that observation 9 is a very mild outlier.

3.5.3 Measures of Leverage and Influence

In building regression models, we occasionally find that a small subset
of the data exerts a disproportionate influence on the fitted model. That
is, estimates of the model parameters or predictions may depend more on
the influential subset than on the majority of the data. We would like to
locate these influential points and assess their impact on the model. If these
influential points really are “bad” values, they should be eliminated. On
the other hand, there may be nothing wrong with these points, but if they
control key model properties, we would like to know it because it could
affect the use of the model. In this section we describe and illustrate some
useful measures of influence.

The disposition of points in the predictor variable space is important in
determining many properties of the regression model. In particular, remote
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observations potentially have disproportionate leverage on the parameter
estimates, predicted values, and the usual summary statistics.

The hat matrix H = X(X’X)~ !X’ is very useful in identifying influential
observations. As noted earlier, H determines the variances and covariances
of the predicted response and the residuals because

Var (§) = 6*H and Var (e) = 6°(I— H)

The elements 7; of the hat matrix H may be interpreted as the amount
of leverage exerted by the observation y; on the predicted value $;. Thus
inspection of the elements of H can reveal points that are potentially
influential by virtue of their location in x-space.

Attention is usually focused on the diagonal elements of the hat matrix
h;;. It can be shown that 7| h; = rank(H) = rank(X) = p, so the average
size of the diagonal elements of the H matrix is p/n. A widely used rough
guideline is to compare the diagonal elements A;to twice their average
value 2p/n, and if any hat diagonal exceeds this value to consider that
observation as a high-leverage point.

JMP will calculate and save the values of the hat diagonals. Table
3.7 displays the hat diagonals for the regression model for the patient
satisfaction data in Example 3.1. Since there are p = 3 parameters in the
model and n = 25 observations, twice the average size of a hat diagonal
for this problem is

2p/n = 2(3)/25 = 0.24.

The largest hat diagonal, 0.212456, is associated with observation 23. This
does not exceed twice the average size of a hat diagonal, so there are no
high-leverage observations in these data.

The hat diagonals will identify points that are potentially influential due
to their location in x-space. It is desirable to consider both the location of
the point and the response variable in measuring influence. Cook (1977,
1979) has suggested using a measure of the squared distance between the
least squares estimate based on all n points 8 and the estimate obtained by
deleting the ith point, say, ﬁ(i). This distance measure can be expressed as

o, _ B=Bo)XXB- By
o pMSy

, i=12,...,n (3.59)
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Areasonable cutoff for D; is unity. That s, we usually consider observations
for which D, > 1 to be influential. Cook’s distance statistic D; is actually
calculated from

r? VIy(X: r? h..
IS 0) (3.60)
p Vie) p1—h

Note that, apart from the constant p, D; is the product of the square of the
ith studentized residual and the ratio 4; /(1 — h;;). This ratio can be shown
to be the distance from the vector x; to the centroid of the remaining data.
Thus D; is made up of a component that reflects how well the regression
model fits the ith observation y; and a component that measures how far
that point is from the rest of the data. Either component (or both) may
contribute to a large value of D,.

JMP will calculate and save the values of Cook’s distance statistic D,.
Table 3.7 displays the values of Cook’s distance statistic for the regression
model for the patient satisfaction data in Example 3.1. The largest value,
0.467041, is associated with observation 9. This value was calculated from
Eq. (3.60) as follows:

2
TP hy

i_pl_hii

_ (=2.65767)* 0.165533
- 3 1 —0.165533
= 0.467041.

This does not exceed twice the cutoff of unity, so there are no influential
observations in these data.

3.6 VARIABLE SELECTION METHODS IN REGRESSION

In our treatment of regression we have concentrated on fitting the full
regression model. Actually, in most applications of regression the analyst
will have a very good idea about the general form of the model he/she
wishes to fit, but there may be uncertainty about the exact structure of the
model. For example, we may not know if all of the predictor variables
are really necessary. These applications of regression frequently involve a
moderately large or large set of candidate predictors, and the objective
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of the analyst here is to fit a regression model to the “best subset” of these
candidates. This can be a complex problem, as these data sets frequently
have outliers, strong correlations between subsets of the variables, and
other complicating features.

There are several techniques that have been developed for selecting the
best subset regression model. Generally, these methods are either stepwise-
type variable selection methods or all possible regressions. Stepwise-type
methods build a regression model by either adding or removing a predictor
variable to the basic model at each step. The forward selection version
of the procedure begins with a model containing none of the candidate
predictor variables and sequentially inserts variables into the model one-
at-a-time until a final equation is produced. The criterion for entering
a variable into the equation is that the #-statistic for that variable must be
significant. The process is continued until there are no remaining candidate
predictors that qualify for entry into the equation. In backward elimination,
the procedure begins with all of the candidate predictor variables in the
equation, and then variables are removed one-at-a-time to produce a final
equation. The criterion for removing a variable is usually based on the
t-statistic, with the variable having the smallest z-statistic considered for
removal first. Variables are removed until all of the predictors remaining in
the model have significant ¢-statistics. Stepwise regression usually consists
of a combination of forward and backward stepping. There are many
variations of the basic procedures.

In all possible regressions with K candidate predictor variables, the
analyst examines all 2% possible regression equations to identify the ones
with potential to be a useful model. Obviously, as K becomes even mod-
erately large, the number of possible regression models quickly becomes
formidably large. Efficient algorithms have been developed that implicitly
rather than explicitly examine all of these equations. Typically, only the
equations that are found to be “best” according to some criterion (such
as minimum MSg or AICc) at each subset size are displayed. For more
discussion of variable selection methods, see textbooks on regression such
as Montgomery, Peck, and Vining (2012) or Myers (1990).

Example 3.8 Table 3.8 contains an expanded set of data for the hospital
patient satisfaction data introduced in Example 3.1. In addition to the
patient age and illness severity data, there are two additional regressors, an
indicator of whether the patent is a surgical patient (1) or a medical patient
(0), and an index indicating the patient’s anxiety level. We will use these
data to illustrate how variable selection methods in regression can be used
to help the analyst build a regression model.
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TABLE 3.8 Expanded Patient Satisfaction Data

Observation Age  Severity  Surgical-Medical  Anxiety  Satisfaction

1 55 50 0 2.1 68
2 46 24 1 2.8 77
3 30 46 1 33 96
4 35 48 1 4.5 80
5 59 58 0 2.0 43
6 61 60 0 5.1 44
7 74 65 1 55 26
8 38 42 1 32 88
9 27 42 0 3.1 75
10 51 50 1 24 57
11 53 38 1 2.2 56
12 41 30 0 2.1 88
13 37 31 0 1.9 88
14 24 34 0 3.1 102
15 42 30 0 3.0 88
16 50 48 1 4.2 70
17 58 61 1 4.6 52
18 60 71 1 53 43
19 62 62 0 7.2 46
20 68 38 0 7.8 56
21 70 41 1 7.0 59
22 79 66 1 6.2 26
23 63 31 1 4.1 52
24 39 42 0 3.5 83
25 49 40 1 2.1 75

We will illustrate the forward selection procedure first. The JMP out-
put that results from applying forward selection to these data is shown in
Table 3.9. We used the AICc criterion for selecting the best model. The
forward selection algorithm inserted the predictor patient age first, then
severity, then anxiety, and finally surg-med was inserted into the equa-
tion. The best model based on the minimum value of AICc contained age
and severity.

Table 3.10 presents the results of applying the JMP backward elim-
ination procedure to the patient satisfaction data. Once again the AICc
criterion was chosen to select the final model. The procedure begins with
all four predictors in the model, then the surgical-medical indicator vari-
able was removed, followed by the anxiety predictor, followed by severity.
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TABLE 3.9 JMP Forward Selection for the Patient Satisfaction Data in
Table 3.8

Stepwise Fit for Satisfaction
Stepwise Regression Control
Stopping rule: [Minimum AlCc |
Direction: _.Fo_rwa.r-d ]

SSE DFE RMSE RSquare RSquare Adj Cp P AlCc BIC
1114.5459 22 7.1176667 0.8966 0.8872 2.4553073 3 175.8801 178.7556
Current Estimates
Lock Entered Parameter Estimate nDF SS "FRatio” "Prob>F"

) Intercept  143.472012 1 0 0.000 1

a ] Age —1.0310534 1 4029379 79.536 9.28e-9

O Severity —0.5560378 1 907.0377 17.904 0.00034

(] (m] Surg-Med 0 1 0.162962 0.003 0.95633

O O Anxiety 0 1 74611 1507 0.2333
StepHistory

Step Parameter Action "SigProb™ SeqSS RSquare Cp p AlCc BIC

1 Age Entered 0.0000 8756656 0.8124 17.916 2 187.909 190423 O

2 Severity Entered 0.0003 907.0377 0.8966 2.4553 3 175.88 178.756 O

3 Anxiety Entered 0.2332 74611 09035 3.019 4 177.306 180.242 O

4 Surg-Med Entered 0.8917 0.988332 0.9036 5 5 180.791 183437 O

3

v

Best Specific : . 0.8966 2.4553 175.88 178.756 @

However, removing severity causes an increase in AICc so it is added back
to the model. The algorithm concluded with both patient age and severity
in the model. Note that in this example, the forward selection procedure
produced the same model as the backward elimination procedure. This
does not always happen, so it is usually a good idea to investigate different
model-building techniques for a problem.

Table 3.11 is the JMP stepwise regression algorithm applied to the
patient satisfaction data, JMP calls the stepwise option “mixed” variable
selection. The default significance levels of 0.25 to enter or remove vari-
ables from the model were used. At the first step, patient age is entered
in the model. Then severity is entered as the second variable. This is fol-
lowed by anxiety as the third variable. At that point, none of the remaining
predictors met the 0.25 significance level criterion to enter the model, so
stepwise regression terminated with age, severity and anxiety as the model
predictors. This is not the same model found by backwards elimination
and forward selection.
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TABLE 3.10 JMP Backward Elimination for the Patient Satisfaction Data
in Table 3.8

Stepwise Fit for Satisfaction

Stepwise Regression Control

Stopping rule: |Minimum AlCc

Direction: '_EPc"I_c_u_\_.-a_tq_

SSE  DFE RMSE RSquare RSquare Adj Cp P AlCc BIC
1114.5459 22 7.1176667  0.8966 0.8872 2.4553073 3 175.8801 178.7556
Current Estimates
Lock Entered Parameter Estimate nDF SS "F Ratio® "Prob>F"

E & Intercept  143.472012 1 0 0.000 1

o @ Age -1.0310534 1 4029379  79.536  9.28e9

o @ Severity -0.5560378 1 907.0377 17.904 0.00034

O 0O Surg-Med 0 1 0.162962 0.003  0.95633

o o Anxiety 0 1 74611 1507 0.23323
StepHistory

Step Parameter Action  "SigProb” SeqSS RSquare Cp p AlCc BIC

1 Age Entered 0.0000 8756656 0.8124 17.916 2 187.909 190.423 O

2 Severity Entered 0.0003 907.0377 0.8966 2.4553 3 175.88 178.7%6 O

3 Surg-Med Entered 0.9563 0.162962 0.8966 4.4522 4 179.034 181.971 O

4  Anxiety Entered 0.2422 75.43637 0.9036 5 5 180.791 183437 O

5 Surg-Med Removed 0.8917 0.988332 0.9035 3.019 4 177.306 180.242 O

6 Anxiety Removed 0.2332 74611 0.8966 2.4553 3 175.88 178.75%6 O

7 Severity Removed 0.0003 907.0377 0.8124 17.916 2 187.909 190423 O

8 Best Specific . . 0.8966 2.4553 3 175.88 178.7%6 @

Table 3.12 shows the results of applying the JMP all possible regressions
algorithm to the patient satisfaction data. Since there are k = 4 predictors,
there are 16 possible regression equations. JMP shows the best four of each
subset size, along with the full (four-variable) model. For each model, JMP
presents the value of R?, the square root of the mean squared error (RMSE),
and the AICc and BIC statistics.

The model with the smallest value of AICc and BIC is the two-variable
model with age and severity. The model with the smallest value of the
mean squared error (or its square root, RMSE) is the three-variable model
with age, severity, and anxiety. Both of these models were found using
the stepwise-type algorithms. Either one of these models is likely to be a
good regression model describing the effects of the predictor variables on
patient satisfaction.
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TABLE 3.12 JMP All Possible Models Regression for the Patient
Satisfaction Data in Table 3.8

All Possible Models
Crdered up to best 4 models up to 4 terms per model.

Model Number RSquare RMSE  AlCc BIC
Age 1 0.8124 93752 187.909 190423 O
Severity 1 05227 149549 211257 213771 O
Anxiety 1 0.2876 18.2709 221271 223785 O
Surg-Med 1 0.0547 21.0469 228343 230857 O
Age, severity 2 0.896 7.1177 175.880 178.756 O
Age, anxiety 2 0.8133 9.5626 190.644 193.520 O
Age, surg-Med 2 08126 9.5817 190.744 193.619 O
Severity, anxiety 2 05795 14.3537 210951 213827 O
Age, severity, anxiety 3 09035 7.0371 177.306 180.242 O
Age, severity, surg-Med 3 0.8966 7.2846 179.034 181.971 O
Age, surg-Med, anxiety 3 08135 9.7844 193.785 196.722 O
Severity, surg-Med, anxiety 3 0.5893 145186 213518 216454 O
Age, severity, surg-Med, anxiety 4 0903 7.2074 180.791 183437 O
22
o+
20
18 2z
16
+
a +
S 14 T
(-4
12
10
+Age + £
8
) +Age, severi-t; +Age, severity, surg-Med, anxiety
1 2 3 4 5 6 7

p = Number of Terms

3.7 GENERALIZED AND WEIGHTED LEAST SQUARES

In Section 3.4 we discussed methods for checking the adequacy of a linear
regression model. Analysis of the model residuals is the basic methodology.
A common defect that shows up in fitting regression models is noncon-
stant variance. That is, the variance of the observations is not constant but
changes in some systematic way with each observation. This problem is
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often identified from a plot of residuals versus the fitted values. Transfor-
mation of the response variable is a widely used method for handling the
inequality of variance problem.

Another technique for dealing with nonconstant error variance is to fit
the model using the method of weighted least squares (WLS). In this
method of estimation the deviation between the observed and expected
values of y; is multiplied by a weight w; that is inversely proportional
to the variance of y;. For the case of simple linear regression, the WLS
function is

L= wy;—fy—hx), (3.61)
i=1

where w; = 1/67 and 67 is the variance of the ith observation y;. The
resulting least squares normal equations are

n n n
Bo 2 wi+ B, 2 WiX; = 2 Wiyi
i=1 i=1 i=1
n n n
. . )
Po Z wixi+ Z wiX; = Z WiX;Yi
i=1 i=1 i=1

Solving Eq. (3.62) will produce WLS estimates of the model parameters
By and p;.

In this section we give a development of WLS for the multiple regres-
sion model. We begin by considering a slightly more general situation
concerning the structure of the model errors.

(3.62)

3.7.1 Generalized Least Squares

The assumptions that we have made concerning the linear regression model
y = XB + € are that E(e) = 0 and Var (¢) = ¢”I; that is, the errors have
expected value zero and constant variance, and they are uncorrelated. For
testing hypotheses and constructing confidence and prediction intervals we
also assume that the errors are normally distributed, in which case they are
also independent. As we have observed, there are situations where these
assumptions are unreasonable. We will now consider the modifications
that are necessary to the OLS procedure when E(¢) = 0 and Var (¢) = 62V,
where V is a known n X n matrix. This situation has a simple interpretation;
if V is diagonal but with unequal diagonal elements, then the observations
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y are uncorrelated but have unequal variances, while if some of the off-
diagonal elements of V are nonzero, then the observations are correlated.
When the model is

y=Xp+¢

E(e)=0 and Var(e) = o1 (3.63)

the OLS estimator B = (X’X)"'X'y is no longer appropriate. The OLS
estimator is unbiased because

EB) = E[X'X)"' X'yl = X'X)'X'E(y) = X'X) ' X'B=8

but the covariance matrix of B is not o>(X’ X)_l. Instead, the covariance
matrix is

Var (B) = Var [(X'X)"'Xy]
= X'X) "' X'V(yXX'X)™!
= 2(X'X)'X'X(X'X)™!

Practically, this implies that the variances of the regression coefficients are
larger than we expect them to be.

This problem can be avoided if we estimate the model parameters with a
technique that takes the correct variance structure in the errors into account.
We will develop this technique by transforming the model to a new set of
observations that satisfy the standard least squares assumptions. Then we
will use OLS on the transformed observations.

Because 62V is the covariance matrix of the errors, V must be nonsin-
gular and positive definite, so there exists an 7 X n nonsingular symmetric
matrix K defined such that

KK=KK=V

The matrix K is often called the square root of V. Typically, the error
variance ¢ is unknown, in which case V represents the known (or assumed)
structure of the variances and covariances among the random errors apart
from the constant ¢~.

Define the new variables

z=K'ly, B=K'X, and 6=K'¢ (3.64)
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so that the regression model y = Xf + € becomes, upon multiplication
by K7!,

K'y=K!'Xg+K e
or
z=Bp+6 (3.65)

The errors in the transformed model Eq. (3.65) have zero expecta-
tion because E(8) = E(K~le) = K-1E(¢) = 0. Furthermore, the covariance
matrix of & is

Var (8) = V(K l¢)
=K 1V(e)K!
= 2K 1VK™!
= oK 1KKK™!

e |

Thus the elements of the vector of errors é have mean zero and constant
variance and are uncorrelated. Since the errors 6 in the model in Eq. (3.65)
satisfy the usual assumptions, we may use OLS to estimate the parameters.
The least squares function is

L=686
=K 'e)K e
=K 'K e
=V'e
=(y-Xp'V'y-Xp)
The corresponding normal equations are

X'V 'X)Bg s =XVy (3.66)

In Equation (3.66) [BGLS is the generalized least squares (GLS) esti-
mator of the model parameters f. The solution to the GLS normal
equations is

Bors = X'VIX)'X'Vly (3.67)



156 REGRESSION ANALYSIS AND FORECASTING

The GLS estimator is an unbiased estimator for the model parameters £,
and the covariance matrix of B g is

Var (BgLs) = 62X’V 'X)™! (3.68)

The GLS estimator is a best linear unbiased estimator of the model param-
eters f§, where “best” means minimum variance.

3.7.2 Weighted Least Squares

Weighted least squares or WLS is a special case of GLS where the n
response observations y; do not have the same variances but are uncorre-
lated. Therefore the matrix V is

612 0O - 0
0 o5 0 0
V= ,
0 o0 o?
n
where crl.z is the variance of the ith observation y;, i =1, 2, ..., n. Because

the weight for each observation should be the reciprocal of the variance
of that observation, it is convenient to define a diagonal matrix of weights
W = V~!. Clearly, the weights are the main diagonals of the matrix W.
Therefore the WLS criterion is

L=(y-Xp)'W(y-Xp) (3.69)
and the WLS normal equations are

X'WX)Bys = X'Wy. (3.70)

The WLS estimator is

Bwis = X'WX)'X'Wy. (3.71)

The WLS estimator is an unbiased estimator for the model parameters £,
and the covariance matrix of fy; g is

Var (Byrs) = X'WX)™. (3.72)
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To use WLS, the weights w; must be known. Sometimes prior knowl-
edge or experience or information from an underlying theoretical model
can be used to determine the weights. For example, suppose that a signif-
icant source of error is measurement error and different observations are
measured by different instruments of unequal but known or well-estimated
accuracy. Then the weights could be chosen inversely proportional to the
variances of measurement error.

In most practical situations, however, the analyst learns about the
inequality of variance problem from the residual analysis for the original
model that was fit using OLS. For example, the plot of the OLS residuals
e; versus the fitted values §; may exhibit an outward-opening funnel shape,
suggesting that the variance of the observations is increasing with the mean
of the response variable y. Plots of the OLS residuals versus the predictor
variables may indicate that the variance of the observations is a function
of one of the predictors. In these situations we can often use estimates of
the weights. There are several approaches that could be used to estimate
the weights. We describe two of the most widely used methods.

Estimation of a Variance Equation In the first method, suppose that
analysis of the OLS residuals indicates that the variance of the ith observa-
tion is a function of one or more predictors or the mean of y. The squared
OLS residual ei2 is an estimator of the variance of the ith observation 61.2 if
the form of the regression model is correct. Furthermore, the absolute value
of the residual |e¢;| is an estimator of the standard deviation o; (because

o; = |1/0?|). Consequently, we can find a variance equation or a regres-

sion model relating al.z to appropriate predictor variables by the following
process:

1. Fit the model relating y to the predictor variables using OLS and find
the OLS residuals.

2. Use residual analysis to determine potential relationships between 61.2
and either the mean of y or some of the predictor variables.

3. Regress the squared OLS residuals on the appropriate predictors to
obtain an equation for predicting the variance of each observation,
say, 87 = f(x) or 87 = f(y).

4. Use the fitted values from the estimated variance function to obtain
estimates of the weights, w; = 1/87,i=1,2,..., n.

5. Use the estimated weights as the diagonal elements of the matrix W
in the WLS procedure.
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As an alternative to estimating a variance equation in step 3 above,
we could use the absolute value of the OLS residual and fit an equation
that relates the standard deviation of each observation to the appropriate
regressors. This is the preferred approach if there are potential outliers in
the data, because the absolute value of the residuals is less affected by
outliers than the squared residuals.

When using the five-step procedure outlined above, it is a good idea to
compare the estimates of the model parameters obtained from the WLS fit
to those obtained from the original OLS fit. Because both methods produce
unbiased estimators, we would expect to find that the point estimates of the
parameters from both analyses are very similar. If the WLS estimates differ
significantly from their OLS counterparts, it is usually a good idea to use
the new WLS residuals and reestimate the variance equation to produce
a new set of weights and a revised set of WLS estimates using these new
weights. This procedure is called iteratively reweighted least squares
(IRLS). Usually one or two iterations are all that is required to produce
stable estimates of the model parameters.

Using Replicates or Nearest Neighbors The second approach to
estimating the weights makes use of replicate observations or nearest
neighbors. Exact replicates are sample observations that have exactly the
same values of the predictor variables. Suppose that there are replicate
observations at each of the combination of levels of the predictor vari-
ables. The weights w; can be estimated directly as the reciprocal of the
sample variances at each combination of these levels. Each observation
in a replicate group would receive the same weight. This method works
best when there are a moderately large number of observations in each
replicate group, because small samples do not produce reliable estimates
of the variance.

Unfortunately, it is fairly unusual to find groups of replicate observations
in most regression-modeling situations. It is especially unusual to find them
in time series data. An alternative is to look for observations with similar
x-levels, which can be thought of as a nearest-neighbor group of obser-
vations. The observations in a nearest-neighbor group can be considered
as pseudoreplicates and the sample variance for all of the observations in
each nearest-neighbor group can be computed. The reciprocal of a sample
variance would be used as the weight for all observations in the nearest-
neighbor group.

Sometimes these nearest-neighbor groups can be identified visually by
inspecting the scatter plots of y versus the predictor variables or from plots
of the predictor variables versus each other. Analytical methods can also be
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used to find these nearest-neighbor groups. One nearest-neighbor algorithm
is described in Montgomery, Peck, and Vining (2012). These authors also
present a complete example showing how the nearest-neighbor approach
can be used to estimate the weights for a WLS analysis.

Statistical Inference in WLS In WLS the variances o7 are almost
always unknown and must be estimated. Since statistical inference on the
model parameters as well as confidence intervals and prediction intervals
on the response are usually necessary, we should consider the effect of
using estimated weights on these procedures. Recall that the covariance
matrix of the model parameters in WLS was given in Eq. (3.72). This
covariance matrix plays a central role in statistical inference. Obviously,
when estimates of the weights are substituted into Eq. (3.72) an estimated
covariance matrix is obtained. Generally, the impact of using estimated
weights is modest, provided that the sample size is not very small. In these
situations, statistical tests, confidence intervals, and prediction intervals
should be considered as approximate rather than exact.

Example 3.9 Table 3.13 contains 28 observations on the strength of a
connector and the age in weeks of the glue used to bond the components of
the connector together. A scatter plot of the strength versus age, shown in
Figure 3.2, suggests that there may be a linear relationship between strength
and age, but there may also be a problem with nonconstant variance in the
data. The regression model that was fit to these data is

$ = 25.936 + 0.3759x,

where x = weeks.

The residuals from this model are shown in Table 3.13. Figure 3.3 is
a plot of the residuals versus weeks. The pronounced outward-opening
funnel shape on this plot confirms the inequality of variance problem.
Figure 3.4 is a plot of the absolute value of the residuals from this model
versus week. There is an indication that a linear relationship may exist
between the absolute value of the residuals and weeks, although there is
evidence of one outlier in the data. Therefore it seems reasonable to fit
a model relating the absolute value of the residuals to weeks. Since the
absolute value of a residual is the residual standard deviation, the predicted
values from this equation could be used to determine weights for the
regression model relating strength to weeks. This regression model is

§; = —5.854 + 0.29852x.
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TABLE 3.13 Connector Strength Data

Observation Weeks  Strength  Residual  Absolute Residual ~ Weights

1 20 34 0.5454 0.5454 73.9274
2 21 35 1.1695 1.1695 5.8114
3 23 33 —1.5824 1.5824 0.9767
4 24 36 1.0417 1.0417 0.5824
5 25 35 —0.3342 0.3342 0.3863
6 28 34 —2.4620 2.4620 0.1594
7 29 37 0.1621 0.1621 0.1273
8 30 34 —3.2139 3.2139 0.1040
9 32 42 4.0343 4.0343 0.0731
10 33 35 -3.3416 3.3416 0.0626
11 35 33 —6.0935 6.0935 0.0474
12 37 46 6.1546 6.1546 0.0371
13 38 43 27187 27187 0.0332
14 40 32 —8.9731 8.9731 0.0270
15 41 37 —4.3491 4.3491 0.0245
16 43 50 7.8991 7.8991 0.0205
17 44 34 —8.4769 8.4769 0.0189
18 45 54 11.1472 11.1472 0.0174
19 46 49 5.7713 5.7713 0.0161
20 48 55 11.0194 11.0194 0.0139
21 50 40 —4.7324 4.7324 0.0122
22 51 33 —12.1084 12.1084 0.0114
23 52 56 10.5157 10.5157 0.0107
24 55 58 11.3879 11.3879 0.0090
25 56 45 —1.9880 1.9880 0.0085
26 57 33 —14.3639 14.3639 0.0080
27 59 60 11.8842 11.8842 0.0072
28 60 35 —13.4917 13.4917 0.0069

The weights would be equal to the inverse of the square of the fitted
value for each s;. These weights are shown in Table 3.13. Using these
weights to fit a new regression model to strength using WLS results in

y =127.545 4+ 0.32383x

Note that the weighted least squares model does not differ very much
from the OLS model. Because the parameter estimates did not change very
much, this is an indication that it is not necessary to iteratively reestimate
the standard deviation model and obtain new weights.
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FIGURE 3.2  Scatter diagram of connector strength versus age from Table 3.12.

3.7.3 Discounted Least Squares

Weighted least squares is typically used in situations where the variance
of the observations is not constant. We now consider a different situation
where a WLS-type procedure is also appropriate. Suppose that the pre-
dictor variables in the regression model are only functions of time. As

Residual
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FIGURE 3.3 Plot of residuals versus weeks.
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Absolute residual
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FIGURE 3.4 Scatter plot of absolute residuals versus weeks.

an illustration, consider the linear regression model with a linear trend
in time:

vw=Pph+ht+te, t=12,....T (3.73)

This model was introduced to illustrate trend adjustment in a time series in
Section 2.4.2 and Example 3.2. As another example, the regression model

2

y t+ p, cos 27ﬂt+s (3.74)

v =Bt b sin

describes the relationship between a response variable y that varies cycli-
cally or periodically with time where the cyclic variation is modeled as a
simple sine wave. A very general model for these types of situations could
be written as

=P+ X+ -+ px(O)+e, t=1,2,....,T, (3.75)

where the predictors x,(#), x,(), ..., x,(f) are mathematical functions of
time, ¢. In these types of models it is often logical to believe that older
observations are of less value in predicting the future observations at peri-
ods T+ 1,T + 2, ..., than are the observations that are close to the current
time period, 7. In other words, if you want to predict the value of y at time
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T + 1 given that you are at the end of time period T (or $;,,(7)), it is logi-
cal to assume that the more recent observations such as yr, yr_;, and yr_,
carry much more useful information than do older observations such as
Yr_so- Therefore it seems reasonable to weight the observations in the
regression model so that recent observations are weighted more heavily
than older observations. A very useful variation of WLS, called discounted
least squares, can be used to do this. Discounted least squares also lead
to a relatively simple way to update the estimates of the model parameters
after each new observation in the time series.
Suppose that the model for observation y, is given by Eq. (3.75):

Y =B (@) + -+ Bx, (1) + g,
=x(0)p, r=12,...,T,

where x(1)" = [x,(#), x,(0), ... s X, (0] and g’ = (B, Bas - 5 B, This model
could have an intercept term, in which case x;(#) =1 and the final
model term could be written as f,x,(¢) as in Eq. (3.75). In matrix form,
Eq. (3.75) is

y=X(T)B +¢, (3.76)

where y is a 7 X 1 vector of the observations, f is a p X 1 vector of the
model parameters, € is a T X 1 vector of the errors, and X(7') is the T X p
matrix

x(1)  x (1) .- xp(l)
X(T) = XIQ) x2F2) prZ)
x(T)  x(T) - x,(T)

Note that the th row of X(7) contains the values of the predictor variables
that correspond to the tth observation of the response, y,.

We will estimate the parameters in Eq. (3.76) using WLS. However, we
are going to choose the weights so that they decrease in magnitude with
time. Specifically, let the weight for observation y;_; be &/, where 0 < 0 <
1. We are also going to shift the origin of time with each new observation
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so that T is the current time period. Therefore the WLS criterion is

T-1
L= Z w; [yr—j = Bi(Tx, (=) + - + ﬁp(T)xk(—j))]2
Jj=0
T-1 )
=Y w; s —x(=DBD)]’,

J=0

(3.77)

where B(T') indicates that the vector of regression coefficients is estimated
at the end of time period 7', and x(—j) indicates that the predictor variables,
which are just mathematical functions of time, are evaluated at —j. This is

just WLS with a T x T diagonal weight matrix

(7' 0 0 - O]

0 ™2 0 .. 0

W= : Lo
0 0 - 0 1

By analogy with Eq. (3.70), the WLS normal equations are
X(TYWX(DB(T) = X(T)'Wy
or
G(DB(T) = g(T),

where

G(T) = X(T)WX(T)
g(T) = X(T)'Wy

The solution to the WLS normal equations is
B(T) = G(T)™'w(T),

B(T) is called the discounted least squares estimator of f.

(3.78)

(3.79)

(3.80)

In many important applications, the discounted least squares estimator
can be simplified considerably. Assume that the predictor variables x;(¢) in
the model are functions of time that have been chosen so that their values
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at time period ¢ + 1 are linear combinations of their values at the previous
time period. That is,

x(t+ 1) = Lyx; (D) + Lpx,(6) + -+ + Lpx,(0), i=12,....,p (3.81)
In matrix form,
x(t+ 1) = Lx(¢), (3.82)

where L is the p X p matrix of the constants L;; in Eq. (3.81). The transition
property in Eq. (3.81) holds for polynomial, trigonometric, and certain
exponential functions of time. This transition relationship implies that

x(1) = L'x(0) (3.83)

Consider the matrix G(T') in the normal equations (3.78). We can write

T-1

G(T) = Y O'x(=j)x(=j)’
j=0
=G(T = 1)+ 07 'x(—=(T = )x(—(T = 1))/

If the predictor variables x;(f) in the model are polynomial, trigonometric,
or certain exponential functions of time, the matrix G(7') approaches a
steady-state limiting value G,where

G = ) Ox(=)x(=)) (3.84)
=0
Consequently, the inverse of G would only need to be computed once. The
right-hand side of the normal equations can also be simplified. We can
write

T—-1
g(T) =) Oy, x(=j)
j=0
T-1

= yrx(0) + Y Oyr_x(=))
j=1
T-1

=yx(0)+0 Y 07y, L7'x(=j+1)
j=1
T-2

= yrx(0) + 6L~ Y 0%y, | ix(=k)
k=0
= yrx(0) + OL™'g(T — 1)
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So the discounted least squares estimator can be written as
B(T) = G™'g(T)
This can also be simplified. Note that
B(1) = G™'g(T)
= G~ '[y;x(0) + 0L 'g(T — 1)]

= G~ '[y;x(0) + OL'GB(T — 1)]
= y;G7'x(0) + 0G'L'GB(T - 1)

or
B(T) =hy, +ZB(T - 1) (3.85)
where
h = G~ 'x(0) (3.86)
and
Z=6G'L'G (3.87)

The right-hand side of Eq. (3.85) can still be simplified because
LG =L 'g)'L
= ) UL X(=)x(=) )L
=0
= )OI X(HIL %I

J=0

= ) 0/x(=j = Dx(=j - YL/

j=0
and letting k = j + 1,
LG =0") 0*x(-kx(-k)'L’

k=1
= 607'[G — x(0)x(0)']L’
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Substituting for L='G on the right-hand side of Eq. (3.87) results in

Z =6G'07'[G - x(0)x(0)' L/
= [I - G~ 'x(0)x(0)'IL’

=L’ — hx(0)L/
= L’ — h[Lx(0)]’
=L’ —hx(1)

Now the vector of discounted least squares parameter estimates at the
end of time period T in Eq. (3.85) is

B(T) = hy, + ZB(T - 1)
=hy; + [l —hx(1)]3(T - 1)
=L/B(T — 1) + hly; — x(1)' /(T = 1)].

Butx(1)(T - 1) = $7(T — 1) is the forecast of y; computed at the end of
the previous time period, 7 — 1, so the discounted least squares vector of
parameter estimates computed at the end of time period ¢ is

B(T) = L' B(T — 1) + hly; — $,(T — 1)]

. (3.88)
=L/B(T = 1) + he,(1).

The last line in Eq. (3.88) is an extremely important result; it states that
in discounted least squares the vector of parameter estimates computed at
the end of time period T can be computed as a simple linear combination
of the estimates made at the end of the previous time period 7' — 1 and
the one-step-ahead forecast error for the observation in period 7. Note that
there are really two things going on in estimating f by discounted least
squares: the origin of time is being shifted to the end of the current period,
and the estimates of the model parameters are being modified to reflect the
forecast error in the current time period. The first and second terms on the
right-hand side of Eq. (3.88) accomplish these objectives, respectively.

When discounted least squares estimation is started up, an initial esti-
mate of the parameters is required at time period zero, say, B(0). This could
be found by a standard least squares (or WLS) analysis of historical data.

Because the origin of time is shifted to the end of the current time
period, forecasting is easy with discounted least squares. The forecast of
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the observation at a future time period T + 7, made at the end of time
period 7, is

14T = B(TY'x(1)

S

) (3.89)
=Y fi(Dxy(0).
1

~
I

Example 3.10 Discounted Least Squares and the Linear Trend Model
To illustrate the discounted least squares procedure, let us consider the
linear trend model:

v, =P+ pPt+e, t=12,....T

To write the parameter estimation equations in Eq. (3.88), we need the
transition matrix L. For the linear trend model, this matrix is

e[ 1

Therefore the parameter estimation equations are

B(T) = L'B(T — 1) + hex(1)

Bo(T) [1 1] Bo(T = 1) [hl]
" = . + 1
[mm] 0 1 [ﬂl(T—l)] o

or

Bo(T) = Bo(T — 1)+ B(T — 1) + hye (T)

. A (3.90)
Pi(T) = Py(T = 1) + hyer(1)

The elements of the vector h are found from Eq. (3.86):

h = G~ 'x(0)

o)
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The steady-state matrix G is found as follows:

T-1

G(T) = ) Ox(=x(=j)’
j=0
|
Sl -
=0 L
T-1 .
-3l
j=0 —J +.]

[ T-1 T-1
zyﬂ _zym
J=0 Jj=0
T-1 T-1

-2 XY

| j=0

j=0
T 1—67 60 -6")

B 1—-6 1-6

B L0 —-0") 6 +06)1-067)
| 1-96 (1-0)3

The steady-state value of G(T') is found by taking the limit as 7 — oo,
which results in

G = Tlim G(T)

1 0
| 1= 1-9
B 0 6(1 4+ 6)

1-6  (1-0)3

The inverse of G is

1-60> (1-06)7?

G'= 2
_gp U-0¢
(1-9) 0
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Therefore, the vector h is

h = G~'x(0)

o)

1-6> (1-0)7 |
(1—0)? ﬂ [O]

0
B 1-—6?
- [(1—9>2]'

Substituting the elements of the vector h into Eq. (3.90) we obtain the
parameter estimating equations for the linear trend model as

Bo(T) = Bo(T — 1)+ B1(T = 1) + (1 = 6%)er(1)
Bi(T) = (T — 1)+ (1 — 6)%ex(1)

Inspection of these equations illustrates the twin aspects of discounted least
squares; shifting the origin of time, and updating the parameter estimates.
In the first equation, the updated intercept at time 7T consists of the old
intercept plus the old slope (this shifts the origin of time to the end of the
current period T'), plus a fraction of the current forecast error (this revises
or updates the estimate of the intercept). The second equation revises the
slope estimate by adding a fraction of the current period forecast error to
the previous estimate of the slope.

To illustrate the computations, suppose that we are forecasting a time
series with a linear trend and we have initial estimates of the slope and
intercept at time ¢ = 0 as

fo(0)=50 and f,(0)=1.5

These estimates could have been obtained by regression analysis of histor-
ical data.

Assume that 60 =0.9, sothat]1 —0?>=1-(0.9>=0.19 and (1 —
6)> = (1 —0.9)> = 0.01. The forecast for time period ¢ = 1, made at the
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end of time period ¢ = 0, is computed from Eq. (3.89):

91(0) = B0)'x(1)
= Bo(0) + £,(0)
=50+15
=515
Suppose that the actual observation in time period 1 isy; =52. The forecast
error in time period 1 is
er(D) =y, =30
=52-51.5
=0.5.

The updated estimates of the model parameter computed at the end of time
period 1 are now

Bo(1) = (0) + f,(0) + 0.19¢,(0)
=50+ 1.5+ 0.19(0.5)
=51.60

and
B,(1) = f,(0) 4+ 0.01e,(0)
= 1.5+ 0.01(0.5)
=1.55

The origin of time is now T = 1. Therefore the forecast for time period 2
made at the end of period 1 is

$,(1) = Bo(1) + B,(1)
=51.6+1.55
= 53.15.

If the observation in period 2 is y, = 55, we would update the parameter
estimates exactly as we did at the end of time period 1. First, calculate the
forecast error:
ey(1) =y, = $,(1)
=55-53.15
=1.85



172 REGRESSION ANALYSIS AND FORECASTING

Second, revise the estimates of the model parameters:

Bo(2) = Bo(1) + B,(1) + 0.19¢,(1)
=51.6 4+ 1.55+0.19(1.85)
= 53.50

and

£,(2) = f,(1) +0.01ex(1)
= 1.55 +0.01(1.85)
= 1.57

The forecast for period 3, made at the end of period 2, is

$3(2) = fo(2) + B,(2)
=53.50+1.57
= 55.07.

Suppose that a forecast at a longer lead time than one period is required.
If a forecast for time period 5 is required at the end of time period 2, then
because the forecast lead time is T = 5 — 2 = 3, the desired forecast is

$5(2) = Bo(2) + ,(2)3
=53.50 + 1.57(3)
= 58.21.

In general, the forecast for any lead time =, computed at the current
origin of time (the end of time period 2), is

$5(2) = fo(2) + £,(2)7
=53.50+1.57r.

When the discounted least squares procedure is applied to a linear trend
model as in Example 3.9, the resulting forecasts are equivalent to the
forecasts produced by a method called double exponential smoothing.
Exponential smoothing is a popular and very useful forecasting technique
and will be discussed in detail in Chapter 4.

Discounted least squares can be applied to more complex models. For
example, suppose that the model is a polynomial of degree k. The transition
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matrix for this model is a square (k + 1) X (k + 1) matrix in which the
diagonal elements are unity, the elements immediately to the left of the
diagonal are also unity, and all other elements are zero. In this polynomial,
the term of degree r is written as

ry t!
B <r> —ﬂrm

In the next example we illustrate discounted least squares for a simple
seasonal model.

Example 3.11 A Simple Seasonal Model Suppose that a time series
can be modeled as a linear trend with a superimposed sine wave to represent
a seasonal pattern that is observed monthly. The model is a variation of the
one shown in Eq. (3.3):

2

y t+e¢ (3.91)

Y, =hy +ﬂ1t+ﬂzsin2§t+ﬂ3 cos

Since this model represents monthly data, d = 12, Eq. (3.91) becomes

2

12t+ﬁ3 cos 2—7rt+:2 (3.92)

The transition matrix L for this model, which contains a mixture of poly-
nomial and trigonometric terms, is

[ 1 0 0 0 T
1 1 0 0
L=]o 0 0052—7r sin2—7r
12 12
. 2r 2
_0 0 —smﬁ COSE_

Note that L has a block diagonal structure, with the first block containing
the elements for the polynomial portion of the model and the second block
containing the elements for the trigonometric terms, and the remaining
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elements of the matrix are zero. The parameter estimation equations for
this model are

B(T) = L'B(T = 1) + he(1)

N 1 0 0 0 N

AR R

1 1= 2

A =10 0 cosz—” sinz—ﬂ A + i er(1)
p(T) 12 12 || P(T—1) 3

ﬁB(T) 0 0 —sin 2—7[ cos 2—7[ ﬂA3(T -1 hy

| 12 12 |
or

Bo(T) = Bo(T — 1) + f(T = 1) + hyep(1)
Bi(T) = f(T = 1) + hyer(1)

. 27 A . 2 4
f,(T) = cos l—gﬁz(r — 1) —sin £ﬂ3(T — 1)+ hzep(1)
R . 27 4 27
f(T) = sin %ﬁz(T — 1) + cos £ﬂ3(T — 1)+ hyep(1)
and since 2z /12 = 30°, these equations become

Bo(T) = Bo(T = 1) + B,(T = 1) + hyep(1)

Bi(T) = By(T = 1) + hyer(1)

B> (T) = 0.866f,(T — 1) — 0.535(T — 1) + hye (1)
B5(T) = 0.54,(T = 1) + 0.86635(T — 1) + hye(1)

The steady-state G matrix for this model is

o -
k=0

0% cos wk

M s

0" sin wk

M

AR

M

=~
Il
=)
=~
Il
=)
=~
Il
=)

kO cos wk

M

K2o* k6" sin wk -

M

0¥ sin wk sin wk 0" sin wk cos wk

=0

[op]

Il

T
DM 1M
|
DMe I

=
=~
Il

o

0% cos wk cos wk

M

r
>~
I
[}
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where we have let = 27 /12. Because G is symmetric, we only need to
show the upper half of the matrix. It turns out that there are closed-form
expressions for all of the entries in G. We will evaluate these expressions
for & = 0.9. This gives the following:

YYo= =1 __10
~ 1-0 1-09
Z _ 0.9 — 90
rd (1 - 9)2 (1-0.9)?
- 1 9(1 +0.
Zkzgk _ 0(1+0) _ 0.9(1 +0.9) 1710
(1-6)3 (1-0.9)3
for the polynomial terms and
Z o sinok = 0 sin w _ (0.9)0.5 — 179
P 1 —20cosw+6% 1—2(0.9)0.866 + (0.9)2
- - 1 - (0.9)0.
Zﬁkcosa)k __ 1—-fcosw = (0.9)0.866 — 0.8824
= 1-20cosw+ 0 1 —2(0.9)0.866 + (0.9)2
<k 6(1 — 6%)sinw 0.9[1 — (0.9)210.5
Zkﬁ sinwk = =
(1 =20cosw+6%)2 [1—2(0.9)0.866 + (0.9)%]2
= 1.368
- L 20% - 0(1 +60%*)cosw  2(0.9)> — 0.9[1 + (0.9)%]0.866
Zke cos wk = S = 5
= (1 —-26cosw+ 6?) [1 —2(0.9)0.866 + (0.9)?]
= 3.3486
< i . 1 1 — 6 cosCw) 1 — 6 cos(0)
29 sin wk sin wk = —— 5= >
—~ 2 [1-=26cosCw)+ 0 1 —260cos(0)+ 6
1 1 -0.9(0.5) 3 1 -0.9(1)
2 [1=2(0.9)0.54+(0.9)2 1-2(0.9)(1)+ (0.9)?

=4.7528
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< 1|  6sinQw) 0 sin(0)

20 sin wk cos wk = = 5~ >

e 2 [1-20cosRw)+6 1 —26cos(0)+ 6
_1 [ 0.9(0.866) + 0.9(0)
2 [ 1 —-2(0.9)0.5+ (092 1-2(09)1 +(0.9)?
= 0.4284

- [ 1 2 1-

Z 6% cos wk cos wk = 1 6 cos@w) + 6 cos(0) ]

paurs 2 [1=260cosw)+ 6> 1 —20cos(0)+ 62
_ 1] 1-0905) N 1-0.9(1)
2 [ 1 —2(0.9)0.5+(0.92 1-2(0.9)(1) + (0.9)?
=5.3022

for the trignometric terms. Therefore the G matrix is

10 -90 -1.79 0.8824
1740  1.368 —3.3486
4.7528 —0.4284

5.3022
and G~ lis
0.214401 0.01987 0.075545 -0.02264
G- = 0.01987 0.001138 0.003737 —-0.00081

0.075545 0.003737 0.238595 0.009066
—0.02264 —0.00081 0.009066 0.192591

where we have shown the entire matrix. The h vector is

h = G~'x(0)

[ 0.214401  0.01987 0.075545 —0.02264 ][ 1

0.01987 0.001138 0.003737 —0.00081 || 0

~ | 0.075545  0.003737 0.238595 0.009066 || 0

| -0.02264  —0.00081 0.009066 0.192591 || 1
[0.191762
0.010179
~ 1 0.084611

| 0.169953
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Therefore the discounted least squares parameter estimation equations
are

Bo(T) = Bo(T = 1)+ (T — 1) + 0.191762¢,(1)
B(T) = B,(T — 1)+ 0.010179¢,(1)

B,(T) = cos %ﬁz(T — 1) —sin %ﬁ}(T —1)+0.084611e,(1)

B5(T) = sin %ﬁZ(T — 1) + cos %33@ — 1) +0.169953¢,(1)

3.8 REGRESSION MODELS FOR GENERAL
TIME SERIES DATA

Many applications of regression in forecasting involve both predictor and
response variables that are time series. Regression models using time series
data occur relatively often in economics, business, and many fields of
engineering. The assumption of uncorrelated or independent errors that is
typically made for cross-section regression data is often not appropriate for
time series data. Usually the errors in time series data exhibit some type
of autocorrelated structure. You might find it useful at this point to review
the discussion of autocorrelation in time series data from Chapter 2.

There are several sources of autocorrelation in time series regression
data. In many cases, the cause of autocorrelation is the failure of the analyst
to include one or more important predictor variables in the model. For
example, suppose that we wish to regress the annual sales of a product in a
particular region of the country against the annual advertising expenditures
for that product. Now the growth in the population in that region over the
period of time used in the study will also influence the product sales. If
population size is not included in the model, this may cause the errors in
the model to be positively autocorrelated, because if the per capita demand
for the product is either constant or increasing with time, population size
is positively correlated with product sales.

The presence of autocorrelation in the errors has several effects on the
OLS regression procedure. These are summarized as follows:

1. The OLS regression coefficients are still unbiased, but they are no
longer minimum-variance estimates. We know this from our study of
GLS in Section 3.7.

2. When the errors are positively autocorrelated, the residual

mean square may seriously underestimate the error variance 2.
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Consequently, the standard errors of the regression coefficients may
be too small. As a result, confidence and prediction intervals are
shorter than they really should be, and tests of hypotheses on indi-
vidual regression coefficients may be misleading, in that they may
indicate that one or more predictor variables contribute significantly
to the model when they really do not. Generally, underestimating the
error variance o gives the analyst a false impression of precision of
estimation and potential forecast accuracy.

3. The confidence intervals, prediction intervals, and tests of hypotheses
based on the ¢ and Fdistributions are, strictly speaking, no longer
exact procedures.

There are three approaches to dealing with the problem of autocorre-
lation. If autocorrelation is present because of one or more omitted pre-
dictors and if those predictor variable(s) can be identified and included in
the model, the observed autocorrelation should disappear. Alternatively,
the WLS or GLS methods discussed in Section 3.7 could be used if there
were sufficient knowledge of the autocorrelation structure. Finally, if these
approaches cannot be used, the analyst must turn to a model that specifically
incorporates the autocorrelation structure. These models usually require
special parameter estimation techniques. We will provide an introduction
to these procedures in Section 3.8.2.

3.8.1 Detecting Autocorrelation: The Durbin—Watson Test

Residual plots can be useful for the detection of autocorrelation. The
most useful display is the plot of residuals versus time. If there is positive
autocorrelation, residuals of identical sign occur in clusters: that is, there
are not enough changes of sign in the pattern of residuals. On the other
hand, if there is negative autocorrelation, the residuals will alternate signs
too rapidly.

Various statistical tests can be used to detect the presence of autocor-
relation. The test developed by Durbin and Watson (1950, 1951, 1971) is a
very widely used procedure. This test is based on the assumption that the
errors in the regression model are generated by a first-order autoregres-
sive process observed at equally spaced time periods; that is,

£ =g, +ay, (3.93)

where , is the error term in the model at time period 7, a, is an NID(0, 62)
random variable, and ¢ is a parameter that defines the relationship between
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successive values of the model errors €, and €,_;. We will require that
|| < 1, so that the model error term in time period ¢ is equal to a fraction of
the error experienced in the immediately preceding period plus a normally
and independently distributed random shock or disturbance that is unique
to the current period. In time series regression models ¢ is sometimes
called the autocorrelation parameter. Thus a simple linear regression
model with first-order autoregressive errors would be

v, =P+ bix, +¢€, & =de_+a, (3.94)

where y, and x, are the observations on the response and predictor variables
at time period .

When the regression model errors are generated by the first-order autore-
gressive process in Eq. (3.93), there are several interesting properties of
these errors. By successively substituting for €, €,_;, ... on the right-hand
side of Eq. (3.93) we obtain

o0
— J
&= da
J=0

In other words, the error term in the regression model for period ¢ is just
a linear combination of all of the current and previous realizations of the
NID(0, 6%) random variables a,. Furthermore, we can show that

E@,)=0
1
Var (¢,) = 0* = 0> (1 — ¢2> (3.95)
: 1
Cov (et,stij) = qb’o-j <1 — ¢2>

That is, the errors have zero mean and constant variance but have a nonzero
covariance structure unless ¢ = 0.

The autocorrelation between two errors that are one period apart, or
the lag one autocorrelation, is

Cov(g, €,41)

- \/Var (et)\/Var (g,)

P
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2 1
b, ( G )

)

The autocorrelation between two errors that are k periods apart is

=95 i=12,..

This is called the autocorrelation function (refer to Section 2.3.2). Recall
that we have required that |¢p| < 1. When ¢ is positive, all error terms are
positively correlated, but the magnitude of the correlation decreases as the
errors grow further apart. Only if ¢p = 0 are the model errors uncorrelated.

Most time series regression problems involve data with positive auto-
correlation. The Durbin—Watson test is a statistical test for the presence
of positive autocorrelation in regression model errors. Specifically, the
hypotheses considered in the Durbin—Watson test are

Hy:¢=0

H :¢>0 (3:56)

The Durbin—Watson test statistic is

T T T T
Yle—e ) YetXe —2Fee,
_ =2 t=2 t=2

=2
d= . - ~2(1-r), (3.97)
Te X
=1 =1
where the e,, t =1,2,...,T are the residuals from an OLS regression of

v, on x,. In Eq. (3.97) r, is the lag one autocorrelation between the resid-
uals, so for uncorrelated errors the value of the Durbin—Watson statistic
should be approximately 2. Statistical testing is necessary to determine
just how far away from 2 the statistic must fall in order for us to conclude
that the assumption of uncorrelated errors is violated. Unfortunately, the
distribution of the Durbin—Watson test statistic d depends on the X matrix,
and this makes critical values for a statistical test difficult to obtain. How-
ever, Durbin and Watson (1951) show that d lies between lower and upper
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bounds, say, d; and dy; , such that if d is outside these limits, a conclu-
sion regarding the hypotheses in Eq. (3.96) can be reached. The decision
procedure is as follows:

Ifd <d rejectHy:p=0
Ifd > dy donotreject Hy : ¢ =0

If d;, <d < d the test is inconclusive

Table A.5 in Appendix A gives the bounds d; and dy; for a range of sample
sizes, various numbers of predictors, and three type I error rates (a = 0.05,
a =0.025, and @ = 0.01). It is clear that small values of the test statistic d
imply that H, : ¢ = 0 should be rejected because positive autocorrelation
indicates that successive error terms are of similar magnitude, and the
differences in the residuals e, —e,_; will be small. Durbin and Watson
suggest several procedures for resolving inconclusive results. A reasonable
approach in many of these inconclusive situations is to analyze the data as
if there were positive autocorrelation present to see if any major changes
in the results occur.

Situations where negative autocorrelation occurs are not often encoun-
tered. However, if a test for negative autocorrelation is desired, one can use
the statistic 4 —d, where d is defined in Eq. (3.97). Then the decision rules
for testing the hypotheses H,, : ¢ = 0 versus H, : ¢ < 0 are the same as
those used in testing for positive autocorrelation. It is also possible to test a
two-sided alternative hypothesis (H, : ¢ = 0 versus H, : ¢ # 0 ) by using
both of the one-sided tests simultaneously. If this is done, the two-sided
procedure has type I error 2a, where a is the type I error used for each
individual one-sided test.

Example 3.12 Montgomery, Peck, and Vining (2012) present an exam-
ple of a regression model used to relate annual regional advertising
expenses to annual regional concentrate sales for a soft drink company.
Table 3.14 presents the 20 years of these data used by Montgomery, Peck,
and Vining (2012). The authors assumed that a straight-line relationship
was appropriate and fit a simple linear regression model by OLS. The
Minitab output for this model is shown in Table 3.15 and the residuals are
shown in the last column of Table 3.14. Because these are time series data,
there is a possibility that autocorrelation may be present. The plot of resid-
uals versus time, shown in Figure 3.5, has a pattern indicative of potential
autocorrelation; there is a definite upward trend in the plot, followed by a
downward trend.
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TABLE 3.14 Soft Drink Concentrate Sales Data

Expenditures
Year Sales (Units) (103 Dollars) Residuals
1 3083 75 —32.3298
2 3149 78 —26.6027
3 3218 80 2.2154
4 3239 82 —16.9665
5 3295 84 —1.1484
6 3374 38 -2.5123
7 3475 93 —1.9671
8 3569 97 11.6691
9 3597 99 —0.5128
10 3725 104 27.0324
11 3794 109 —4.4224
12 3959 115 40.0318
13 4043 120 23.5770
14 4194 127 33.9403
15 4318 135 —2.7874
16 4493 144 —8.6060
17 4683 153 0.5753
18 4850 161 6.8476
19 5005 170 —18.9710
20 5236 182 —29.0625

We will use the Durbin—Watson test for

H:¢>0

The test statistic is calculated as follows:

20

(e, — e )2
t=2

d =

t=1

_ [-26.6027 — (—32.3298)1% + [2.2154 — (=26.6027)]> + --- + [—29.0625 — (—18.9710)]?
B (—32.3298)% + (=26.6027)% + -+ + (—29.0625)>

= 1.08

Minitab will also calculate and display the Durbin—Watson statistic.
Refer to the Minitab output in Table 3.15. If we use a significance level
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TABLE 3.15 Minitab Output for the Soft Drink Concentrate Sales Data

Regression Analysis: Sales Versus Expenditures

The regression equation is
Sales = 1609 + 20.1 Expenditures

Predictor Coef SE Coef T P
Constant 1608.51 17.02 94.49 0.000
Expenditures 20.0910 0.1428 140.71 0.000

S = 20.5316 R-Sq = 99.9% R-Sqg(adj) = 99.9%

Analysis of Variance

Source DF SS MS F P
Regression 1 8346283 8346283 19799.11 0.000
Residual Error 18 7588 422

Total 19 8353871

Unusual Observations

Obs Expenditures Sales Fit SE Fit Residual St Resid
12 115 3959.00 3918.97 4.59 40.03 2.00R

R denotes an observation with a large standardized residual.

Durbin-Watson statistic = 1.08005

40
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FIGURE 3.5 Plot of residuals versus time for the soft drink concentrate sales
model.
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of 0.05, Table A.5 in Appendix A gives the critical values corresponding
to one predictor variable and 20 observations as d; = 1.20 and dy; = 1.41.
Since the calculated value of the Durbin—Watson statistic d = 1.08 is less
than d; = 1.20, we reject the null hypothesis and conclude that the errors
in the regression model are positively autocorrelated.

3.8.2 Estimating the Parameters in Time Series
Regression Models

A significant value of the Durbin—Watson statistic or a suspicious resid-
ual plot indicates a potential problem with auto correlated model errors.
This could be the result of an actual time dependence in the errors or
an “artificial” time dependence caused by the omission of one or more
important predictor variables. If the apparent autocorrelation results from
missing predictors and if these missing predictors can be identified and
incorporated into the model, the apparent autocorrelation problem may be
eliminated. This is illustrated in the following example.

Example 3.13 Table 3.16 presents an expanded set of data for the soft
drink concentrate sales problem introduced in Example 3.12. Because it is
reasonably likely that regional population affects soft drink sales, Mont-
gomery, Peck, and Vining (2012) provided data on regional population for
each of the study years. Table 3.17 is the Minitab output for a regression
model that includes as the predictor variables advertising expenditures and
population. Both of these predictor variables are highly significant. The
last column of Table 3.16 shows the residuals from this model. Minitab
calculates the Durbin—Watson statistic for this model as d = 3.05932, and
the 5% critical values are d; = 1.10 and d; = 1.54, and since d is greater
than dy;, we conclude that there is no evidence to reject the null hypothesis.
That is, there is no indication of autocorrelation in the errors.

Figure 3.6 is a plot of the residuals from this regression model in time
order. This plot shows considerable improvement when compared to the
plot of residuals from the model using only advertising expenditures as the
predictor. Therefore, we conclude that adding the new predictor popula-
tion size to the original model has eliminated an apparent problem with
autocorrelation in the errors.

The Cochrane-Orcutt Method When the observed autocorrelation
in the model errors cannot be removed by adding one or more new pre-
dictor variables to the model, it is necessary to take explicit account of
the autocorrelative structure in the model and use an appropriate parameter
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TABLE 3.16 Expanded Soft Drink Concentrate Sales Data for
Example 3.13

Expenditures
Year Sales (Units) (103 Dollars) Population Residuals

1 3083 75 825,000 —4.8290
2 3149 78 830,445 -3.2721
3 3218 80 838,750 14.9179
4 3239 82 842,940 —7.9842
5 3295 84 846,315 5.4817
6 3374 88 852,240 0.7986
7 3475 93 860,760 —4.6749
8 3569 97 865,925 6.9178
9 3597 99 871,640 —11.5443
10 3725 104 871,745 14.0362
11 3794 109 886,520 —23.8654
12 3959 115 894,500 17.1334
13 4043 120 900,400 —-0.9420
14 4194 127 904,005 14.9669
15 4318 135 908,525 —16.0945
16 4493 144 912,160 —13.1044
17 4683 153 917,630 1.8053
18 4850 161 922,220 13.6264
19 5005 170 925,910 —3.4759
20 5236 182 929,610 0.1025

estimation method. A very good and widely used approach is the procedure
devised by Cochrane and Orcutt (1949).

We will describe the Cochrane—Orcutt method for the simple linear
regression model with first-order autocorrelated errors given in Eq. (3.94).
The procedure is based on transforming the response variable so that
¥, =y, — ¢y,_;. Substituting for y, and y, , the model becomes

)’; =Y~y
=Po+ bix, e — PPy + Pix +€y)
=Byl =)+ B (x, — px,_y) + &, — e,
=By + Bix; +a,,

(3.98)

where ﬂ(’) = fy(1 — ¢) and x; = x, — ¢x,_;. Note that the error terms q, in
the transformed or reparameterized model are independent random vari-
ables. Unfortunately, this new reparameterized model contains an unknown
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TABLE 3.17 Minitab Output for the Soft Drink Concentrate Data in
Example 3.13

Regression Analysis: Sales Versus Expenditures, Population

The regression equation is
Sales = 320 + 18.4 Expenditures + 0.00168 Population

Predictor Coef SE Coef T P
Constant 320.3 217.3 1.47 0.159
Expenditures 18.4342 0.2915 63.23 0.000
Population 0.0016787 0.0002829 5.93 0.000
S = 12.0557 R-Sg = 100.0% R-Sg(adj) = 100.0%

Analysis of Variance

Source DF SS MS F P
Regression 2 8351400 4175700 28730.40 0.000
Residual Error 17 2471 145

Total 19 8353871

Source DF Seq SS

Expenditures 1 8346283

Population 1 5117

Unusual Observations

Obs Expenditures Sales Fit SE Fit Residual St Resid
11 109 3794.00 3817.87 4.27 -23.87 -2.12R

R denotes an observation with a large standardized residual.

Durbin-Watson statistic = 3.05932

parameter ¢ and it is also no longer linear in the unknown parameters
because it involves products of ¢, §,, and §,. However, the first-order
autoregressive process &, = ¢¢,_; + a, can be viewed as a simple linear
regression through the origin and the parameter ¢ can be estimated by
obtaining the residuals of an OLS regression of y, on x, and then regressing
e, on e,_;. The OLS regression of e, on e,_; results in

T
2 el
N __t=2

Oo=—- (3.99)
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FIGURE 3.6 Plot of residuals versus time for the soft drink concentrate sales
model in Example 3.13.

Using ¢ as an estimate of ¢, we can calculate the transformed response
and predictor variables as

_yt ¢yt 1
X —X d)xt—l

Now apply OLS to the transformed data. This will result in estimates
of the transformed slope ﬁé, the intercept ﬁl, and a new set of residuals.
The Durbin—Watson test can be applied to these new residuals from the
reparameterized model. If this test indicates that the new residuals are
uncorrelated, then no additional analysis is required. However, if posi-
tive autocorrelation is still indicated, then another iteration is necessary.
In the second iteration ¢ is estimated with new residuals that are obtained
by using the regression coefficients from the reparameterized model with
the original regressor and response variables. This iterative procedure may
be continued as necessary until the residuals indicate that the error terms
in the reparameterized model are uncorrelated. Usually only one or two
iterations are sufficient to produce uncorrelated errors.

Example 3.14 Montgomery, Peck, and Vining (2012) give data on
the market share of a particular brand of toothpaste for 30 time periods
and the corresponding selling price per pound. These data are shown in
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TABLE 3.18 Toothpaste Market Share Data

Time  Market Share  Price  Residuals y X Residuals
1 3.63 0.97 0.281193
2 4.20 0.95 0.365398  2.715 0.553 —0.189435
3 3.33 0.99 0.466989 1.612  0.601 0.392201
4 4.54 0.91 —0.266193 3.178  0.505 —0.420108
5 2.89 0.98 —0.215909 1.033  0.608 —0.013381
6 4.87 0.90 —0.179091 3.688 0.499  —0.058753
7 4.90 0.89 —0.391989 2908 0.522  —0.268949
8 5.29 0.86 —0.730682  3.286 0496 —0.535075
9 6.18 0.85 —0.083580 4.016  0.498 0.244473
10 7.20 0.82 0.207727  4.672 0472 0.256348
11 7.25 0.79 —0.470966 4305 0455 -0.531811
12 6.09 0.83 —0.659375 3.125 0.507 —-0.423560
13 6.80 0.81 —-0.435170  4.309 0471 —0.131426
14 8.65 0.77 0.443239  5.869  0.439 0.635804
15 8.43 0.76 —0.019659 4892 0445 —0.192552
16 8.29 0.80 0.811932 4.842  0.489 0.847507
17 7.18 0.83 0.430625 3.789  0.503 0.141344
18 7.90 0.79 0.179034 4963 0.451 0.027093
19 8.45 0.76 0.000341 5219 0437 —0.063744
20 8.23 0.78 0.266136  4.774  0.469 0.284026

Table 3.18. A simple linear regression model is fit to these data, and the
resulting Minitab output is in Table 3.19. The residuals are shown in Table
3.18. The Durbin—Watson statistic for the residuals from this model is
d = 1.13582 (see the Minitab output), and the 5% critical values are d; =
1.20 and dy; = 1.41, so there is evidence to support the conclusion that the
residuals are positively autocorrelated.

We will use the Cochrane—Orcutt method to estimate the model param-
eters. The autocorrelation coefficient can be estimated using the residuals
in Table 3.18 and Eq. (3.99) as follows:

T
2 el

po
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TABLE 3.19 Minitab Regression Results for the Toothpaste
Market Share Data

Regression Analysis: Market Share Versus Price

The regression equation is
Market Share = 26.9 - 24.3 Price

Predictor Coef SE Coef T P
Constant 26.910 1.110 24 .25 0.000
Price -24.290 1.298 -18.72 0.000
S = 0.428710 R-Sqg = 95.1% R-Sg(adj) = 94.8%

Analysis of Variance

Source DF SS MS F p
Regression 1 64.380 64.380 350.29 0.000
Residual Error 18 3.308 0.184

Total 19 67.688

Durbin-Watson statistic = 1.13582

The transformed variables are computed according to

y; =y, —0.409y,_,
x; =x, — 0.409x,_,

fort =2, 3, ..., 20. These transformed variables are also shown in Table
3.18. The Minitab results for fitting a regression model to the transformed
data are summarized in Table 3.20. The residuals from the transformed
model are shown in the last column of Table 3.18. The Durbin—Watson
statistic for the transformed model is d = 2.15671, and the 5% critical
values from Table A.5 in Appendix A are d; = 1.18 and d; = 1.40, so
we conclude that there is no problem with autocorrelated errors in the
transformed model. The Cochrane—Orcutt method has been effective in
removing the autocorrelation.

The slope in the transformed model ﬂ{ is equal to the slope in the original
model, #,. A comparison of the slopes in the two models in Tables 3.19 and
3.20 shows that the two estimates are very similar. However, if the standard
errors are compared, the Cochrane—Orcutt method produces an estimate
of the slope that has a larger standard error than the standard error of the
OLS estimate. This reflects the fact that if the errors are autocorrelated and
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TABLE 3.20 Minitab Regression Results for Fitting the Transformed
Model to the Toothpaste Sales Data

Regression Analysis: y' Versus x’

The regression equation is
y-prime = 16.1 - 24.8 x-prime

Predictor Coef SE Coef T P
Constant 16.1090 0.9610 16.76 0.000
X-prime -24.774 1.934 -12.81 0.000
S = 0.390963 R-Sqg = 90.6% R-Sg(adj) = 90.1%

Analysis of Variance

Source DF SS MS F P
Regression 1 25.080 25.080 164.08 0.000
Residual Error 17 2.598 0.153

Total 18 27.679

Unusual Observations

Obs x-prime y-prime Fit SE Fit Residual St Resid
2 0.601 1.6120 1.2198 0.2242 0.3922 1.22 X
4 0.608 1.0330 1.0464 0.2367 -0.0134 -0.04 X
15 0.489 4.8420 3.9945 0.0904 0.8475 2.23R

R denotes an observation with a large standardized residual.
X denotes an observation whose X value gives it large influence.

Durbin-Watson statistic = 2.15671

OLS is used, the standard errors of the model coefficients are likely to be
underestimated.

The Maximum Likelihood Approach There are other alternatives to
the Cochrane—Orcutt method. A popular approach is to use the method of
maximum likelihood to estimate the parameters in a time series regression
model. We will concentrate on the simple linear regression model with
first-order autoregressive errors

Vi =Py +Pix, +&, € =q¢e_+a (3.100)
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One reason that the method of maximum likelihood is so attractive is that,
unlike the Cochrane—Orcutt method, it can be used in situations where the
autocorrelative structure of the errors is more complicated than first-order
autoregressive.

For readers unfamiliar with maximum likelihood estimation, we will
present a simple example. Consider the time series model

y,=pu+a, (3.101)

where q, is N(0, 6?) and yu is unknown. This is a time series model for a
process that varies randomly around a fixed level () and for which there
is no autocorrelation. We will estimate the unknown parameter y using the
method of maximum likelihood.

Suppose that there are T observations available, y;, y,,..., ¥7. The
probability distribution of any observation is normal, that is,

f(yt) — 1 e—[()’r—ﬂ)/ﬂJz/z
o\ 2

—_ 1 worn

o\/27

The likelihood function is just the joint probability density function of
the sample. Because the observations y,, y,, ..., y; are independent, the
likelihood function is just the product of the individual density functions,
or

T
1, 1) =[]0
=1

T
= H ;e—(a,/a)zﬂ (3.102)
=1 o\ 2x

r T
1 1 )
= expl —— Y a
< c\2rn > ( 207 ; t )

The maximum likelihood estimator of y is the value of the parameter
that maximizes the likelihood function. It is often easier to work with the
log-likelihood, and this causes no problems because the value of u that
maximizes the likelihood function also maximizes the log-likelihood.
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The log-likelihood is

T
Inl(y,u) = —g In27) — Thho — —— D.a’

2
20 —

Suppose that ¢? is known. Then to maximize the log-likelihood we would
choose the estimate of y that minimizes

T T
Zatzzz:(yt_ﬂ)z

=1 =1

Note that this is just the error sum of squares from the model in Eq. (3.101).
So, in the case of normally distributed errors, the maximum likelihood
estimator of y is identical to the least squares estimator of u. It is easy to
show that this estimator is just the sample average; that is,

A=y

Suppose that the mean of the model in Eq. (3.101) is a linear regression
function of time, say,

u = Py+ Pyt
so that the model is

Vy=u+ta =py+ pfit+a

with independent and normally distributed errors. The likelihood function
for this model is identical to Eq. (3.102), and, once again, the maximum
likelihood estimators of the model parameters f, and f, are found by min-
imizing the error sum of squares from the model. Thus when the errors are
normally and independently distributed, the maximum likelihood estima-
tors of the model parameters f, and f, in the linear regression model are
identical to the least squares estimators.

Now let us consider the simple linear regression model with first-order
autoregressive errors, first introduced in Eq. (3.94), and repeated for con-
venience below:

=B+ Bx,+e, & =¢¢_ +a,
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Recall that the a’s are normally and independently distributed with mean
zero and variance 0'2 and ¢ is the autocorrelation parameter. Write this
equation for y,_, and subtract ¢y,_; from y,. This results in

Ve — d)yt—l = (1 - ¢)ﬁ0 + ﬁl(-xz - d)xz—l) + a,
or

Ve=¢y + =Py + By (x, — dx,_) + a, (3.103)
= u(z,,0)+a,

where 7', = [y,_;,x,] and 0’ = [, B,, B;]. We can think of z, as a vector
of predictor variables and @ as the vector of regression model parameters.
Since y,_, appears on the right-hand side of the model in Eq. (3.103), the
index of time must run from 2, 3, ..., 7. At time period ¢ = 2, we treat y,
as an observed predictor.

Because the a’s are normally and independently distributed, the joint
probability density of the a’s is

L -@/orr

26,\/2x

2
expl —— ) a
<aarzn> < 7 2 )

and the likelihood function is obtained from this joint distribution by
substituting for the a’s:

T-1
1
1010 . o By) =
A (6@)

T
exp ( -5 2 = vy + (L= )y + B = 1Y
o; 5

1]
o

flay,as, ..., ap)

-
Il

2

The log-likelihood is

T-1
2
1

T
= 55 2 = by + (L= )y + By, = )Y
a t=2

Ini(y,, p, By, B1) = — In2z) = (T — D Ino,
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This log-likelihood is maximized with respect to the parameters
¢, By, and B, by minimizing the quantity

T
SSg = ) (v = by, + (1= )Py + Bix, — dx, DI}, (3.104)
1=2

which is the error sum of squares for the model. Therefore the maximum
likelihood estimators of ¢, f,, and f, are also least squares estimators.

There are two important points about the maximum likelihood (or least
squares) estimators. First, the sum of squares in Eq. (3.104) is conditional
on the initial value of the time series, y;. Therefore the maximum likelihood
(or least squares) estimators found by minimizing this conditional sum of
squares are conditional maximum likelihood (or conditional least squares)
estimators. Second, because the model involves products of the parameters
¢ and f,, the model is no longer linear in the unknown parameters. That
is, it is not a linear regression model and consequently we cannot give an
explicit closed-form solution for the parameter estimators. Iterative meth-
ods for fitting nonlinear regression models must be used. These procedures
work by linearizing the model about a set of initial guesses for the parame-
ters, solving the linearized model to obtain improved parameter estimates,
then using the improved estimates to define a new linearized model, which
leads to new parameter estimates and so on. The details of fitting nonlinear
models by least squares are discussed in Montgomery, Peck, and Vining
(2012).

Suppose that we have obtained a set of parameter estimates, say, 0 =
(b, ﬁo, B 1]. The maximum likelihood estimate of aj is computed as

, SSy(0)
O' =

a

, (3.105)
n—1

where SSE(é) is the error sum of squares in Eq. (3.104) evaluated at the
conditional maximum likelihood (or conditional least squares) parameter
estimates @' = [(f), ﬁo, ﬁ 11. Some authors (and computer programs) use an
adjusted number of degrees of freedom in the denominator to account for
the number of parameters that have been estimated. If there are k predictors,
then the number of estimated parameters will be p = k + 3, and the formula
for estimating 63 is

o SSg(0) _ SSp(H)

(3.106)

a

n-p—-1 n—-k-4
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In order to test hypotheses about the model parameters and to find
confidence intervals, standard errors of the model parameters are needed.
The standard errors are usually found by expanding the nonlinear model
in a first-order Taylor series around the final estimates of the parameters

6 = [, By, B,1. This results in

ou(z,, 0)

v, ~ u(z,,0) + (6 — ) ——=—
t t ae 9:@

+a,

The column vector of derivatives, du(z,, 8)/00, is found by differentiating
the model with respect to each parameter in the vector 8’ = [¢, By, B 1.
This vector of derivatives is

oue0) | 10
aa - t t—1
Vo1 — Bo — Bixi—y

This vector is evaluated for each observation at the set of conditional
maximum likelihood parameter estimates 8’ = [, ﬁo, ﬁl] and assembled
into an X matrix. Then the covariance matrix of the parameter estimates is
found from

Cov(d) = 2(X'X)™!

When oaz is replaced by the estimate 6'2 from Eq. (3.106) an estimate of the
covariance matrix results, and the standard errors of the model parameters
are the main diagonals of the covariance matrix.

Example 3.15 We will fit the regression model with time series errors
in Eq. (3.104) to the toothpaste market share data originally analyzed in
Example 3.14. We will use a widely available software package, SAS
(the Statistical Analysis System). The SAS procedure for fitting regression
models with time series errors is SAS PROC AUTOREG. Table 3.21 con-
tains the output from this software program for the toothpaste market share
data. Note that the autocorrelation parameter (or the lag one autocorrela-
tion) is estimated to be 0.4094, which is very similar to the value obtained
by the Cochrane-Orcutt method. The overall R? for this model is 0.9601,
and we can show that the residuals exhibit no autocorrelative structure, so
this is likely a reasonable model for the data.

There is, of course, some possibility that a more complex autocorrela-
tion structure than first-order may exist. SAS PROC AUTOREG can fit
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TABLE 3.21 SAS PROC AUTOREG Output for the Toothpaste Market
Share Data, Assuming First-Order Autoregressive Errors

The SAS System
The AUTOREG Procedure

Dependent Variable Y

Ordinary Least Squares Estimates

SSE 3.30825739 DFE 18
MSE 0.18379 Root MSE 0.42871
SBC 26.762792 AIC 24.7713275
Regress R-Square 0.9511 Total R-Square 0.9511
Durbin-Watson 1.1358 Pr < DW 0.0098
Pr > DW 0.9902

NOTE: Pr<DW is the p-value for testing positive autocorrelation, and Pr>DW is
the p-value for testing negative autocorrelation.

Standard Approx Variable
Variable DF Estimate Error t Value Pr > |t] Label
Intercept 1 26.9099 1.1099 24.25 <.0001

X 1 -24.2898 1.2978 -18.72 <.0001 x

Estimates of Autocorrelations

Lag Covariance Correlation -1987654321012345678291

0 0.1654 1.000000 | |********************|

1 0.0677 0.409437 | |******** |
Preliminary MSE 0.1377

Estimates of Autoregressive Parameters

Standard
Lag Coefficient Error t Value
1 -0.409437 0.221275 -1.85

Algorithm converged.

more complex patterns. Since there is obviously first-order autocorrela-
tion present, an obvious possibility is that the autocorrelation might be
second-order autoregressive, as in

& =¢1g 1+ e, +a,

where the parameters ¢, and ¢, are autocorrelations at lags one and two,
respectively. The output from SAS PROC AUTOREG for this model is in
Table 3.22. The ¢-statistic for the lag two autocorrelation is not significant
so there is no reason to believe that this more complex autocorrelative
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TABLE 3.21 (Continued)

The SAS System
The AUTOREG Procedure

Maximum Likelihood Estimates

SSE 2.69864377 DFE 17
MSE 0.15874 Root MSE 0.39843
SBC 25.8919447 AIC 22.9047479
Regress R-Square 0.9170 Total R-Square 0.9601
Durbin-Watson 1.8924 Pr < DW 0.3472
Pr > DW 0.6528

NOTE: Pr<DW is the p-value for testing positive autocorrelation, and Pr>DW is
the p-value for testing negative autocorrelation.

Standard Approx Variable
Variable DF Estimate Error t Value Pr > |t] Label
Intercept 1 26.3322 1.4777 17.82 <.0001

x 1 -23.5903 1.7222 -13.70 <.0001 x

AR1 1 -0.4323 0.2203 -1.96 0.0663

Autoregressive parameters assumed given.

Standard Approx Variable

Variable DF Estimate Error t Value Pr > |t] Label
Intercept 1 26.3322 1.4776 17.82 <.0001

bd 1 -23.5903 1.7218 -13.70 <.0001 x

structure is necessary to adequately model the data. The model with first-
order autoregressive errors is satisfactory.

Forecasting and Prediction Intervals We now consider how to
obtain forecasts at any lead time using a time series model. It is very
tempting to ignore the autocorrelation in the data when forecasting, and
simply substitute the conditional maximum likelihood estimates into the
regression equation:

i’z = ﬁo +ﬂ1xz

Now suppose that we are at the end of the current time period, 7, and we
wish to obtain a forecast for period T + 1. Using the above equation, this
results in

V(1) = ﬁo + ﬁleH’

assuming that the value of the predictor variable in the next time period
X7, 1s known.
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TABLE 3.22 SAS PROC AUTOREG Output for the Toothpaste Market
Share Data, Assuming Second-Order Autoregressive Errors

The SAS System

The AUTOREG Procedure

Dependent Variable Y

Ordinary Least Squares Estimates

SSE 3.30825739 DFE 18
MSE 0.18379 Root MSE 0.42871
SBC 26.762792 AIC 24.7713275
Regress R-Square 0.9511 Total R-Square 0.9511
Durbin-Watson 1.1358 Pr < DW 0.0098
Pr > DW 0.9902

NOTE: Pr<DW is the p-value for testing positive autocorrelation, and Pr>DW is
the p-value for testing negative autocorrelation.

Standard Approx Variable

Variable DF Estimate Error t Value Pr > |t] Label
Intercept 1 26.9099 1.1099 24.25 <.0001

X 1 -24.2898 1.2978 -18.72 <.0001 X

Estimates of Autocorrelations

Lag Covariance Correlation -1 987654321012345678291
0 0.1654 1.000000 | |********************|
1 0.0677 0.409437 | | >k |
2 0.0223 0.134686 | |***

Preliminary MSE 0.1375

Estimates of Autoregressive Parameters

Standard

Lag Coefficient Error t Value
1 -0.425646 0.249804 -1.70

2 0.039590 0.249804 0.16

Algorithm converged.
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TABLE 3.22 (Continued)

The SAS System
The AUTOREG Procedure

Maximum Likelihood Estimates

SSE 2.69583958 DFE 16
MSE 0.16849 Root MSE 0.41048
SBC 28.8691217 AIC 24.8861926
Regress R-Square 0.9191 Total R-Square 0.9602
Durbin-Watson 1.9168 Pr < DW 0.3732
Pr > DW 0.6268

NOTE: Pr<DW is the p-value for testing positive autocorrelation, and Pr>DW is
the p-value for testing negative autocorrelation.

Standard Approx Variable

Variable DF Estimate Error t Value Pr > |t] Label
Intercept 1 26.3406 1.5493 17.00 <.0001

x 1 -23.6025 1.8047 -13.08 <.0001 x
AR1 1 -0.4456 0.2562 -1.74 0.1012

AR2 1 0.0297 0.2617 0.11 0.9110

Autoregressive parameters assumed given.

Standard Approx Variable

Variable DF Estimate Error t Value Pr > |t] Label
Intercept 1 26.3406 1.5016 17.54 <.0001

x 1 -23.6025 1.7502 -13.49 <.0001 x

Unfortunately, this naive approach is not correct. From Eq. (3.103), we
know that the observation at time period 7 is

Vi=¢y, 1+ A =P)fy+ Bi(x, — dx,_y) +a, (3.107)

So at the end of the current time period T the next observation is

Yre1 = @y + (L= @By + B (xpyy — dxp) + ary,y

Assume that the future value of the regressor variable x;,; is known.
Obviously, at the end of the current time period, both y; and x; are known.
The random error at time 7+1, ar,,, has not been observed yet, and
because we have assumed that the expected value of the errors is zero,
the best estimate we can make of a;,, is ap,; = 0. This suggests that a
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reasonable forecast of the observation in time period 7+1 that we can make
at the end of the current time period 7T is

Sr01(T) = dyr + (1 = P)fy + B (eryy — bxyp) (3.108)

Note that this forecast is likely to be very different from the naive forecast
obtained by ignoring the autocorrelation.

To find a prediction interval on the forecast, we need to find the variance
of the prediction error. The one-step-ahead forecast error is

Yr+1 — j}T+1(T) =dariq,

assuming that all of the parameters in the forecasting model are known.
The variance of the one-step-ahead forecast error is

_ 2
Var (ar,,) =0,

Using the variance of the one-step-ahead forecast error, we can construct
a 100(1 — a) percent prediction interval for the lead-one forecast from
Eq. (3.107). The Pl is

5)T+1(T) + Za/ZGa’

where z,,/, is the upper a/2 percentage point of the standard normal distri-
bution. To actually compute an interval, we must replace o, by an estimate,
resulting in

I1.01(T) £ 24126, (3.109)

as the P1. Because o, and the model parameters in the forecasting equation
have been replaced by estimates, the probability level on the PI in Eq.
(3.109) is only approximate.

Now suppose that we want to forecast two periods ahead assuming that
we are at the end of the current time period, 7. Using Eq. (3.107), we can
write the observation at time period 7 + 2 as

yT+2 = ¢yT+1 + (1 - ¢)ﬂ0 + ﬂ](xT+2 - ¢xT+l) + aT+2
= ¢ldyr + (1 — Py + b1 (xpiy — dxp) + apyy ]+ (1 — P)B

+p1(Xr4p — PXryy) +aryn
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Assume that the future value of the regressor variables x;,; and x;,, are
known. At the end of the current time period, both y; and x; are known.
The random errors at time 7 + 1 and T + 2 have not been observed yet,
and because we have assumed that the expected value of the errors is zero,
the best estimate we can make of both a; | and az,, is zero. This suggests
that the forecast of the observation in time period 7 + 2 made at the end of
the current time period 7 is

V(1) = ‘135’T+1(T) +(1— By + ﬁl(xnz - ‘lsxT+1)
= dldyr + (1 = P)fy + By (xpyy — bxp)] (3.110)
+(1 = Py + 1 (epsn — Pxryy)

The two-step-ahead forecast error is
Yryo = Ir40(T) = agyp + dar,,,

assuming that all estimated parameters are actually known. The variance
of the two-step-ahead forecast error is

Val‘ (aT+2 + ¢aT+1) = 62 + ¢20—5
= (1 + ¢?)o?

Using the variance of the two-step-ahead forecast error, we can construct
a 100(1 — «) percent PI for the lead-one forecast from Eq. (3.107):

V12T £ 24 p(1 + 7)o,

To actually compute the PI, both ¢, and ¢ must be replaced by estimates,
resulting in

S742(T) £ 2, (1 + §H)'/?6, (3.111)
as the PI. Because ¢, and ¢ have been replaced by estimates, the probability
level on the PI in Eq. (3.111) is only approximate.

In general, if we want to forecast = periods ahead, the forecasting equa-

tion is

10T = P97se (1) + (1 = Gy + B (xpyr — Pxppoy)  (3.112)
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The z-step-ahead forecast error is (assuming that the estimated model
parameters are known)

- -1
YTr — yT+T(T) =dar,, + ¢aT+r—1 + ¢‘r aryq
and the variance of the z-step-ahead forecast error is

V@, + Pag, .|+ + ¢ lap ) =1+ ¢* + -+ $*D)o2
1— ¢2T 5
=—7F0
1+¢% ¢

A 100(1 — @) percent PI for the lead-7 forecast from Eq. (3.112) is

1 - ¢2r>1/2
04

V7. (1) £2 —
V14:(T) a/2<1+¢2

Replacing o, and ¢ by estimates, the approximate 100(1 — a) percent PI
is actually computed from

~ 1/2
1-— 27
¢ > 0, (3.113)

) T)+

yT+T( )—Za/Z < N 432
The Case Where the Predictor Variable Must Also Be Forecast
In the preceding discussion, we assumed that in order to make forecasts,
any necessary values of the predictor variable in future time periods 7 + =
are known. This is often (probably usually) an unrealistic assumption. For
example, if you are trying to forecast how many new vehicles will be
registered in the state of Arizona in some future year 7' + 7 as a function of
the state population in year T + 7, it is pretty unlikely that you will know
the state population in that future year.

A straightforward solution to this problem is to replace the required
future values of the predictor variable in future time periods 7 + = by
forecasts of these values. For example, suppose that we are forecasting one
period ahead. From Eq. (3.108) we know that the forecast for y,_ is

Yr(T) = <13YT +(1— é)ﬁo + ﬁl(xT+1 - ff;xT)
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But the future value of x;,; is not known. Let X, ,(T) be an unbiased
forecast of x;,;, made at the end of the current time period 7. Now the
forecast for y;, is

Yr (M) = qayT +(1 - dA))ﬁAo + ﬁA1[3ACT+1(T) - quT] (3.114)

If we assume that the model parameters are known, the one-step-ahead
forecast error is

Yre1 = V1 (D) = agpyy + Bylxpy — X7 (D]
and the variance of this forecast error is
Var (ar,) = 62 + fio(1), (3.115)

where af(l) is the variance of the one-step-ahead forecast error for the
predictor variable x and we have assumed that the random error a;,; in
period T+1 is independent of the error in forecasting the predictor variable.
Using the variance of the one-step-ahead forecast error from Eq. (3.115),
we can construct a 100(1 — &) percent prediction interval for the lead-one
forecast from Eq. (3.114). The Pl is

. 1/2
701D £ 242 [02 + ﬂlszf(l)] 2

where z, /, is the upper a/2 percentage point of the standard normal distri-
bution. To actually compute an interval, we must replace the parameters
b, 0'2, and o-f(l) by estimates, resulting in

172

Sr41(T) £ 2,067 + B167(D)] (3.116)

as the PI. Because the parameters have been replaced by estimates, the
probability level on the PI in Eq. (3.116) is only approximate.

In general, if we want to forecast = periods ahead, the forecasting equa-
tion is

j}T+T(T) = d,;j\)T+r—1(T) + (1 - (],S)ﬁo + ﬁ] [-%T.H—(T) - (ﬁch+T—1(T)] (31 17)

The 7-step-ahead forecast error is, assuming that the model parameters are
known,

Yrie = V14 (T) = gy + Pag .y + - + ¢T_]aT+l + By lxrir — Xy (1]
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and the variance of the 7-step-ahead forecast error is

Var (ar,, + dar . + -+ ¢T_1aT+1 + Bilxrir — 3 (DD
=1+ ¢* + - + D)o + plo(2)
3 1= ¢2r
“Trg

0'5 + ﬁlzaf(r),

where af(r) is the variance of the 7z-step-ahead forecast error for the
predictor variable x. A 100(1 — a) percent PI for the lead-7 forecast from
Eq. (3.117)is

1= g 1/2
5)T+T(T) 2 <T¢26§ + ﬂ%ﬂ?(’[))

Replacing all of the unknown parameters by estimates, the approximate
100(1 — a) percent Pl is actually computed from

X

1 — (1321. A 1/2
Yr4:(D) £ 242 < 62+ ﬁf&%)) (3.118)

1462 ¢

Alternate Forms of the Model The regression model with autocorre-
lated errors

Ve=dy + (L =)y + Bi(x, — dx,_y) + a,

is a very useful model for forecasting time series regression data. However,
when using this model there are two alternatives that should be considered.
The first of these is

Vi =@y + By + Bix, + Boxy +q, (3.119)

This model removes the requirement that the regression coefficient for
the lagged predictor variable x,_; be equal to —f,¢. An advantage of this
model is that it can be fit by OLS. Another alternative model to consider is
to simply drop the lagged value of the predictor variable from Eq. (3.119),
resulting in

Vi =@y + By + Bix, +a (3.120)
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Often just including the lagged value of the response variable is sufficient
and Eq. (3.120) will be satisfactory.

The choice between models should always be a data-driven decision.
The different models can be fit to the available data, and model selection
can be based on the criteria that we have discussed previously, such as
model adequacy checking and residual analysis, and (if enough data are
available to do some data splitting) forecasting performance over a test or
trial period of data.

Example 3.16 Reconsider the toothpaste market share data originally
presented in Example 3.14 and modeled with a time series regression
model with first-order autoregressive errors in Example 3.15. First we will
try fitting the model in Eq. (3.119). This model simply relaxes the restriction
that the regression coefficient for the lagged predictor variable x,_; (price
in this example) be equal to —p,¢. Since this is just a linear regression
model, we can fit it using Minitab. Table 3.23 contains the Minitab results.

This model is a good fit to the data. The Durbin—Watson statistic is d =
2.04203, which indicates no problems with autocorrelation in the residuals.
However, note that the 7-statistic for the lagged predictor variable (price) is
not significant (P = 0.217), indicating that this variable could be removed
from the model. If x,_; is removed, the model becomes the one in Eq.
(3.120). The Minitab output for this model is in Table 3.24.

This model is also a good fit to the data. Both predictors, the lagged
variable y,_; and x,, are significant. The Durbin—Watson statistic does not
indicate any significant problems with autocorrelation. It seems that either
of these models would be reasonable for the toothpaste market share data.
The advantage of these models relative to the time series regression model
with autocorrelated errors is that they can be fit by OLS. In this example,
including a lagged response variable and a lagged predictor variable has
essentially eliminated any problems with autocorrelated errors.

3.9 ECONOMETRIC MODELS

The field of econometrics involves the unified study of economics, eco-
nomic data, mathematics, and statistical models. The term econometrics
is generally credited to the Norwegian economist Ragnar Frisch (1895—
1973) who was one of the founders of the Econometric Society and the
founding editor of the important journal Econometrica in 1933. Frisch was
a co-winner of the first Nobel Prize in Economic Sciences in 1969. For
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TABLE 3.23 Minitab Results for Fitting Model (3.119) to the
Toothpaste Market Share Data

Regression Analysis: y Versus y,_;,x,x,_;

The regression equation is

y = 16.1 + 0.425 y(t-1) - 22.2 x + 7.56 x(t-1)
Predictor Coef SE Coef T P
Constant 16.100 6.095 2.64 0.019
y(t-1) 0.4253 0.2239 1.90 0.077

x -22.250 2.488 -8.94 0.000
x(t-1) 7.562 5.872 1.29 0.217

S = 0.402205 R-Sq = 96.0% R-Sg(adj) = 95.2%

Analysis of Variance

Source DF SS MS F P
Regression 3 58.225 19.408 119.97 0.000
Residual Error 15 2.427 0.162

Total 18 60.651

Source DF Seq SS

y(t-1) 1 44.768
x 1 13.188
x(t-1) 1 0.268

Durbin-Watson statistic = 2.04203

introductory books on econometrics, see Greene (2011) and Woodridge
(2011).

Econometric models assume that the quantities being studied are ran-
dom variables and regression modeling techniques are widely used in the
field to describe the relationships between these quantities. Typically, an
analyst may want to quantify the impact of one set of variables on another
variable. For example, one may want to investigate the effect of educa-
tion on income; that is, what is the change in earnings that result from
increasing a worker’s education, while holding other variables such as age
and gender constant. Large-scale, comprehensive econometric models of
macroeconomic relationships are used by government agencies and central
banks to evaluate economic activity and to provide guidance on economic
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TABLE 3.24 Minitab Results for Fitting Model (3.120) to the
Toothpaste Market Share Data

Regression Analysis: y Versus y,_;,x

The regression equation is

y = 23.3 + 0.162 y(t-1) - 21.2 x

Predictor Coef SE Coef T P
Constant 23.279 2.515 9.26 0.000
y(t-1) 0.16172 0.09238 1.75 0.099

x -21.181 2.394 -8.85 0.000

S = 0.410394 R-Sqg = 95.6% R-Sg(adj) = 95.0%

Analysis of Variance

Source DF SS MS F p
Regression 2 57.956 28.978 172.06 0.000
Residual Error 16 2.695 0.168

Total 18 60.651

Source DF Seqg SS
y(t-1) 1 44.768
X 1 13.188

Durbin-Watson statistic = 1.61416

policies. For example, the United States Federal Reserve Bank has main-
tained macroeconometric models for forecasting and quantitative policy
and macroeconomic analysis for over 40 years. The Fed focuses on both
the US economy and the global economy.

There are several types of data used in econometric modeling. Time-
series data are used in many applications. Typical examples include aggre-
gates of economic quantities, such as GDP, asset or commodity prices, and
interest rates. As we have discussed earlier in this chapter, time series such
as these are characterized by serial correlation. A lot of aggregate eco-
nomic data are only available at a relatively low sampling frequency, such
as monthly, quarterly, or in some cases annually. One exception is financial
data, which may be available at very high frequency, such as hourly, daily,
or even by individual transaction. Cross-sectional data consist of obser-
vations taken at the same point in time. In econometric work, surveys are a
typical source of cross-sectional data. In typical applications, the surveys
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are conducted on individuals, households, business organizations, or other
economic entities. The early part of this chapter described regression mod-
eling of cross-section data. Panel data typically contain both cross-section
and time-series data. These data sets consist of a collection of individuals,
households, or corporations that are surveyed repeatedly over time. As an
example of a simple econometric model involving time series data, sup-
pose that we wish to develop a model for forecasting monthly consumer
spending. A plausible model might be

Vi =PBo+ Bixeoy + By + €

where y, is consumer spending in month ¢, x,_; is income in month ¢ — 1,
¥,_; is consumer spending in month 7 — 1, and ¢, is the random error term.
This is a lagged-variable regression model of the type discussed earlier in
this chapter.

The consumer spending example above is an example of a very simple
single-equation econometric model. Many econometric models involve
several equations and the predictor variables in these models can be
involved in complex interrelationships with each other and with the depen-
dent variables. For example, consider the following econometric model:

Sales = f; (GNP, price, number of competitors, advertising expenditures)
However, price is likely to be a function of other variables, say

Price = f,(production costs, distribution costs, overhead costs,
material cost, packaging costs)

and

Production costs = f3(production volume, labor costs,
material costs, inventory costs)

Advertising expenditures = f,(sales, number of competitors)

Notice the interrelationships between these variables. Advertising
expenditures certainly influence sales, but the level of sales and the number
of competitors will influence the money spent on advertising. Furthermore,
different levels of sales will have an impact on production costs.

Constructing and maintaining these models is a complex task. One could
(theoretically at least) write a very large number of interrelated equations,
but data availability and model estimation issues are practical restrictions.
The SAS® software package has good capability for this type of simulta-
neous equation modeling and is widely used in econometrics. However,
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forecast accuracy does not necessarily increase with the complexity of the
models. Often, a relatively simple time series model will outperform a
complex econometric model from a pure forecast accuracy point of view.
Econometric models are most useful for providing understanding about the
way an economic system works, and for evaluating in a broad sense how
different economic policies will perform, and the effect that will have on
the economy. This is why their use is largely confined to government enti-
ties and some large corporations. There are commercial services that offer
econometric models that could be useful to smaller organizations, and
free alternatives are available from central banks and other government
organizations.

3.10 R COMMANDS FOR CHAPTER 3

Example 3.1 The patient satisfaction data are in the sixth column of the
array called patsat.data in which the second and third columns are the age
and the severity. Note that we can use the “lm” function to fit the linear
model. But as in the example, we will show how to obtain the regression
coefficients using the matrix notation.

nrow<-dim(patsat.data) [1]

X<-cbind (matrix (1,nrow, 1) ,patsat.datal,2:3])
y<-patsat.datal, 6]
betac<-solve (t (X) $*%X) $*%t (X) $*%y

beta
[,1]
143.4720118
Age -1.0310534

Severity -0.5560378

Example 3.3  For this example we will use the “Im” function.

satisfaction2.fit<-1m(Satisfaction ~Age+Severity+Age:Severity+I (Age”2)+

I(Severity”2), data=patsat)

summary (satisfaction2.fit)

Call:

Im(formula = Satisfaction ~ Age+Severity+Age:Severity+I (Age”2) +
I(Severity”2), data = patsat)

Residuals:
Min 1Q Median 30 Max
-16.915 -3.642 2.015 4.000 9.677
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Coefficients:
Estimate Std. Error t value Pr(> |t|)
(Intercept) 127.527542 27.912923 4.569 0.00021 ***

Age -0.995233 0.702072 -1.418 0.17251
Severity 0.144126 0.922666 0.156 0.87752
I(Age”2) -0.002830 0.008588 -0.330 0.74534
I(Severity”2) -0.011368 0.013533 -0.840 0.41134
Age:Severity 0.006457 0.016546 0.390 0.70071
Signif. codes: 0 ‘***/ (0.001 '**’ 0.01 ‘'*’ 0.05 '.’ 0.1 ' ' 1

Residual standard error: 7.503 on 19 degrees of freedom
Multiple R-squared: 0.9008, Adjusted R-squared: 0.8747
F-statistic: 34.5 on 5 and 19 DF, p-value: 6.76e-09

anova (satisfaction2.fit)

Analysis of Variance Table

Response: Satisfaction

Df Sum Sg Mean Sq F value Pr(> F)
Age 1 8756.7 8756.7 155.5644 1.346e-10 ***
Severity 1 907.0 907.0 16.1138 0.0007417 ***
I(Age™2) 1 1.4 1.4 0.0252 0.8756052
I(Severity™2) 1 35.1 35.1 0.6228 0.4397609
Age:Severity 1 8.6 8.6 0.1523 0.7007070
Residuals 19 1069.5 56.3
Signif. codes: 0 '***/ (0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 '’ 1

Example 3.4 We use the “Im” function again and obtain the linear
model. Then we use “confint” function to obtain the confidence intervals
of the model parameters. Note that the default confidence level is 95%.

satisfactionl.fit<-1lm(Satisfaction Age+Severity, data=patsat)
confint (satisfactionl.fit,level=.95)

2.5 % 97.5 %
(Intercept) 131.122434 155.8215898
Age -1.270816 -0.7912905
Severity -0.828566 -0.2835096

Example 3.5 This example refers to the linear model (Satisfactionl.fit).
We obtain the confidence and prediction intervals for a new data point for
which age = 60 and severity = 60.
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new <- data.frame(Age = 60, Severity=60)
pred.satl.clim<-predict (Satisfactionl.fit, newdata=new, se.fit =
TRUE, interval = "confidence”)
pred.satl.plim<-predict (Satisfactionl.fit, newdata=new, se.fit =
TRUE, interval = ”“prediction”)
pred.satl.clim$fit
fit Iwr upr
1 48.24654 43.84806 52.64501
pred.satl.plim$fit
fit Iwr upr
1 48.24654 32.84401 63.64906

Example 3.6 We simply repeat Example 3.5 for age = 75 and severity =
60.

new <- data.frame(Age = 75, Severity=60)
pred.satl.clim<-predict (Satisfactionl.fit, newdata=new, se.fit

TRUE, interval = "confidence”)
pred.satl.plim<-predict (Satisfactionl.fit, newdata=new, se.fit =

TRUE, interval = “prediction”)
pred.satl.clim$fit
fit Iwr upr

1 32.78074 26.99482 38.56666
pred.satl.plim$fit

fit Iwr upr

1 32.78074 16.92615 48.63533

Example 3.7 The residual plots for Satisfactionl.fit can be obtained
using the following commands:

par (mfrow=c(2,2) ,oma=c(0,0,0,0))

ggnorm (Satisfactionl.fit$res,datax=TRUE, pch=16,xlab=
'Residual’,main=")

ggline (Satisfactionl.fit$res,datax=TRUE)

plot (Satisfactionl.fit$fit, Satisfactionl.fit$res,pch=16,
xlab='Fitted Value’,ylab='Residual’)

abline (h=0)

hist (Satisfactionl.fitS$res,col="gray”,xlab='Residual’,main="")
plot (Satisfactionl.fitS$res,type="1",xlab='0bservation
Order’ ,ylab='Residual’)

points (Satisfactionl.fitS$res,pch=16,cex=.5)

abline (h=0)
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Example 3.8 In R, one can do stepwise regression using step function
which allows for stepwise selection of variables in forward, backward, or
both directions. Note that step needs to be applied to a model with 4 input
variables as indicated in the example. Therefore we first fit that model and
apply the step function. Also note that the variable selection is done based
on AIC and therefore we get in the forward selection slightly different

results than the one provided in the textbook.

satisfaction3.fit<-1lm(Satisfaction ~Age+Severity+Surg.Med+Anxiety,

data=patsat)

step.for<-step(satisfaction3.fit,direction='forward’)

Start: AIC=103.18

Satisfaction~Age + Severity + Surg.Med + Anxiety

step.back<-step(satisfaction3.fit,direction='backward’)

Start: AIC=103.18

Satisfaction~Age + Severity + Surg.Med + Anxiety

Df Sum of Sg RSS

- Surg.Med 1 1.0 1039.
- Anxiety 1 75.4 1114.
<none> 1038.
- Severity 1 971.5 2010.
- Age 1 3387.7 4426.

Step: AIC=101.2
Satisfaction~Age + Severity

9 101
4 102.
9 103.
4 117.
6 137.

AIC
.20

93
18
68
41

+ Anxiety
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Df Sum of Sg RSS AIC

- Anxiety 1 74.6 1114.5 100.93
<none> 1039.9 101.20
- Severity 1 971.8 2011.8 115.70
- Age 1 3492.7 4532.6 136.00
Step: AIC=100.93
Satisfaction~Age + Severity

Df Sum of Sg RSS AIC
<none> 1114.5 100.93
- Severity 1 907.0 2021.6 113.82
- Age 1 4029.4 5143.9 137.17

step.both<-step(satisfaction3.fit,direction="both’)

Start: AIC=103.18
Satisfaction~Age + Severity + Surg.Med + Anxiety

Df Sum of Sg RSS AIC
- Surg.Med 1 1.0 1039.9 101.20
- Anxiety 1 75.4 1114.4 102.93
<none> 1038.9 103.18
- Severity 1 971.5 2010.4 117.68
- Age 1 3387.7 4426.6 137.41

Step: AIC=101.2
Satisfaction~Age + Severity + Anxiety

Df Sum of Sg RSS AIC

- Anxiety 1 74.6 1114.5 100.93
<none> 1039.9 101.20
+ Surg.Med 1 1.0 1038.9 103.18
- Severity 1 971.8 2011.8 115.70
- Age 1 3492.7 4532.6 136.00
Step: AIC=100.93
Satisfaction~Age + Severity

Df Sum of Sg RSS AIC
<none> 1114.5 100.93
+ Anxiety 1 74.6 1039.9 101.20
+ Surg.Med 1 0.2 1114.4 102.93
- Severity 1 907.0 2021.6 113.82
- Age 1 4029.4 5143.9 137.17

In R, one can do best subset regression using leaps function from leaps
package. We first upload the leaps package.

library (leaps)
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step.best<-regsubsets (Satisfaction ~Age+Severity+Surg.Med+Anxiety,
data=patsat)

summary (step.best)

Subset selection object
Call: regsubsets.formula (Satisfaction~Age +Severity +Surg.Med +
Anxiety, data = patsat)
4 Variables (and intercept)
Forced in Forced out

Age FALSE FALSE
Severity FALSE FALSE
Surg.Med FALSE FALSE
Anxiety FALSE FALSE

1 subsets of each size up to 4
Selection Algorithm: exhaustive
Age Severity Surg.Med Anxiety

nekn uwoon ai w on
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Example 3.9 The connector strength data are in the second column of
the array called strength.data in which the first column is the Weeks. We
start with fitting the linear model and plot the residuals vs. Weeks.

strengthl.fit<-1m(Strength~Weeks, data=strength.data)
summary (strengthl.fit)
Call:
Im(formula = Strength~Weeks, data = strength.data)
Residuals:
Min 10 Median 30 Max
-14.3639 -4.4449 -0.0861 5.8671 11.8842

Coefficients:

Estimate Std. Error t value Pr(> |t])
(Intercept) 25.9360 5.1116 5.074 2.76e-05 *x**
Weeks 0.3759 0.1221 3.078 0.00486 **

Signif. codes: 0 ‘'***/ (0.001 ‘**’/ 0.01 '*’ 0.05 ‘.’ 0.1 ' ' 1

Residual standard error: 7.814 on 26 degrees of freedom
Multiple R-squared: 0.2671, Adjusted R-squared: 0.2389
F-statistic: 9.476 on 1 and 26 DF, p-value: 0.004863

plot (strength.datal[, 1] ,strengthl.fit$res, pch=16,cex=.5,
xlab='Weeks’,ylab='Residual’)
abline (h=0)
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We then fit a linear model to the absolute value of the residuals and obtain
the weights as the inverse of the square of the fitted values.

res.fit<-1m(abs (strengthl.fitSres) ~Weeks, data=strength.data)
weights.strength<-1/(res.fit$fitted”2)

We then fit a linear model to the absolute value of the residuals and obtain
the weights as the inverse of the square of the fitted values.

strength2.fit<-1lm(Strength ~Weeks, data=strength.data,
weights=weights.strength)
summary (strength2.fit)

Call:
Im(formula = Strength~Weeks, data = strength.data, weights =
weights.strength)

Weighted Residuals:
Min 1Q Median 30 Max
-1.9695 -1.0450 -0.1231 1.1507 1.5785

Coefficients:

Estimate Std. Error t value Pr(> |t])
(Intercept) 27.54467 1.38051 19.953 < 2e-16 ***
Weeks 0.32383 0.06769 4.784 5.94e-05 ***

Signif. codes: 0 '***/ 0.001 ‘**’ 0.01 '*’ 0.05 '.’ 0.1 ' ' 1

Residual standard error: 1.119 on 26 degrees of freedom
Multiple R-squared: 0.4682, Adjusted R-squared: 0.4477
F-statistic: 22.89 on 1 and 26 DF, p-value: 5.942e-05
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Example 3.12  Different packages such as car, Imtest, and bstats offer
functions for Durbin—Watson test. We will use function “dwt” in package
car. Note that dwt function allows for two-sided or one-sided tests. As in
the example we will test for positive autocorrelation. The data are given
in softsales.data where the columns are Year, Sales, Expenditures and
Population (to be used in the next example).

library(car)
softl.fit<-1m(Sales ~Expenditures, data=softsales.data)
dwt (softl.fit, alternative="positive”)
lag Autocorrelation D-W Statistic p-value
1 0.3354445 1.08005 0.007
Alternative hypothesis: rho > 0

Since the p-value is too small the null hypothesis is rejected concluding
that the errors are positively correlated.

Example 3.13 We repeat Example 3.12 with the model expanded to
include Population as well.

soft2.fit<-1m(Sales ~Expenditures+Population, data=softsales.data)
dwt (soft2.fit, alternative="positive”)
lag Autocorrelation D-W Statistic p-value
1 -0.534382 3.059322 0.974
Alternative hypothesis: rho > 0

As concluded in the example, adding the input variable Population seems
to resolve the autocorrelation issue resulting in large p-value for the test
for autocorrelation.

Example 3.14 The Cochrane—Orcutt method can be found in package
orcutt. The function to be used is “cochran.orcutt”. The data are given in
toothsales.data where the columns are Share and Price.

library (orcutt)
toothl.fit<-1lm(Share~Price, data=toothsales.data)
dwt (toothl.fit, alternative="positive”)
lag Autocorrelation D-W Statistic p-value
1 0.4094368 1.135816 0.005
Alternative hypothesis: rho > 0
tooth2.fit<-cochrane.orcutt (toothl.fit)
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tooth2.fit
SCochrane.Orcutt

Call:
Im(formula = YB~XB - 1)

Residuals:
Min 10 Median 30 Max
-0.55508 -0.25069 -0.05506 0.25007 0.83017

Coefficients:

Estimate Std. Error t value Pr(> |t|)
XB (Intercept) 26.722 1.633 16.36 7.7le-12 ***
XBPrice -24.084 1.938 -12.42 5.90e-10 ***

Signif. codes: 0 '***/ (0.001 ‘'‘**’/ 0.01 '*’ 0.05 '.’ 0.1 '

Residual standard error: 0.3955 on 17 degrees of freedom
Multiple R-squared: 0.991, Adjusted R-squared: 0.9899
F-statistic: 932.7 on 2 and 17 DF, p-value: < 2.2e-16

Srho
[1] 0.4252321
Snumber. interaction

[1] 8
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The results are not exactly the same as the ones given in the example. This
should be due to the difference in the approaches. Where the book uses a
two-step procedure, the function Cochrane.Orcutt “estimates both autocor-
relation and beta coefficients recursively until we reach the convergence

(8th decimal)”.

Example 3.15  For this example we will use “gls” function in package
nlme. From Example 3.14 we know that there is autocorrelation in the
residuals of the linear model. We first assume that the first-order model

will be sufficient to model the autocorrelation as shown in the book.

tooth3.fit <- gls(Share~Price, data = toothsales.data,
correlation=corARMA (p=1), method="ML")
summary (tooth3.fit)
Generalized least squares fit by maximum likelihood
Model: Share ~Price
Data: toothsales.data
AIC BIC logLik
24.90475 28.88767 -8.452373

Correlation Structure: AR(1)
Formula: ~ 1
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Parameter estimate(s) :

Phi
0.4325871
Coefficients:
Value Std.Error t-value p-value
(Intercept) 26.33218 1.436305 18.33328 0
Price -23.59030 1.673740 -14.09436 0
Correlation:
(Intr)

Price -0.995

Standardized residuals:
Min Q1 Med Q3 Max
-1.85194806 -0.85848738 0.08945623 0.69587678 2.03734437

Residual standard error: 0.4074217
Degrees of freedom: 20 total; 18 residual

intervals (tooth3.fit)

Approximate 95% confidence intervals

Coefficients:
lower est. upper
(Intercept) 23.31462 26.33218 29.34974
Price -27.10670 -23.59030 -20.07390

attr(,”label”)
[1] ”Coefficients:”

Correlation structure:
lower est. upper
Phi -0.04226294 0.4325871 0.7480172
attr(,”label”)

[1] ”Correlation structure:”

Residual standard error:
lower est. upper
0.2805616 0.4074217 0.5916436

predict (tooth3.fit)
The second-order autoregressive model for the errors can be fitted using,

tooth4.fit <- gls(Share~Price, data = toothsales.data,
correlation=corARMA (p=2), method="ML")

Example 3.16 To create the lagged version of the variables and also
adjust for the number of observations, we use the following commands:



EXERCISES

T<-length(toothsales.data$Share)
yt<-toothsales.data$Share[2:T]
yt.lagl<- toothsales.data$Share[l:(T-1)]
xt<-toothsales.data$Price[2:T]
xt.lagl<- toothsales.data$Price([1l:(T-1)]
tooth5.fit<-1Im(yt ~yt.lagl+xt+xt.lagl)
summary (tooth5.fit)

Call:

Im(formula = yt~yt.lagl + xt + xt.lagl)
Residuals:

Min 10 Median 30 Max
-0.59958 -0.23973 -0.02918 0.26351 0.66532
Coefficients:

Estimate Std. Error t value Pr(> |t])
(Intercept) 16.0675 6.0904 2.638 0.0186 *
yt.lagl 0.4266 0.2237 1.907 0.0759 .
xt -22.2532 2.4870 -8.948 2.11e-07 ***
xt.lagl 7.5941 5.8697 1.294 0.2153

Signif. codes: 0 '***’/ (0.001 ‘**’ 0.01 '*’/ 0.05 '.’ 0.1 '

Residual standard error: 0.402 on 15 degrees of freedom
Multiple R-squared: 0.96, Adjusted R-squared: 0.952
F-statistic: 120.1 on 3 and 15 DF, p-value: 1.037e-10

EXERCISES
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3.1 An article in the journal Air and Waste (Update on Ozone Trends in
California’s South Coast Air Basin, Vol. 43, 1993) investigated the
ozone levels in the South Coast Air Basin of California for the years
1976-1991. The author believes that the number of days the ozone
levels exceeded 0.20 ppm (the response) depends on the seasonal
meteorological index, which is the seasonal average 850-millibar

Temperature (the predictor). Table E3.1 gives the data.
a. Construct a scatter diagram of the data.

b. Estimate the prediction equation.

c. Test for significance of regression.

d. Calculate the 95% CI and PI on for a seasonal meteorological

index value of 17. Interpret these quantities.

e. Analyze the residuals. Is there evidence of model inadequacy?

-

. Is there any evidence of autocorrelation in the residuals?
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TABLE E3.1 Days that Ozone Levels Exceed 20 ppm and
Seasonal Meteorological Index

Year Days Index
1976 91 16.7
1977 105 17.1
1978 106 18.2
1979 108 18.1
1980 88 17.2
1981 91 18.2
1982 58 16.0
1983 82 17.2
1984 81 18.0
1985 65 17.2
1986 61 16.9
1987 48 17.1
1988 61 18.2
1989 43 17.3
1990 33 17.5
1991 36 16.6

3.2 Montgomery, Peck, and Vining (2012) present data on the number
of pounds of steam used per month at a plant. Steam usage is thought
to be related to the average monthly ambient temperature. The past
year’s usages and temperatures are shown in Table E3.2.

TABLE E3.2 Monthly Steam Usage and Average Ambient Temperature

Temperature Temperature
Month °F) Usage/1000 Month °F) Usage/1000
January 21 185.79  July 68 621.55
February 24 21447  August 74 675.06
March 32 288.03  September 62 562.03
April 47 424.84  October 50 452.93
May 50 454.68  November 41 369.95
June 59 539.03  December 30 273.98

a. Fit a simple linear regression model to the data.

b. Test for significance of regression.

c. Analyze the residuals from this model.
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d. Plant management believes that an increase in average ambient
temperature of one degree will increase average monthly steam
consumption by 10,000 Ib. Do the data support this statement?

e. Construct a 99% prediction interval on steam usage in a month
with average ambient temperature of 58°F.

On March 1, 1984, the Wall Street Journal published a survey of
television advertisements conducted by Video Board Tests, Inc., a
New York ad-testing company that interviewed 4000 adults. These
people were regular product users who were asked to cite a commer-
cial they had seen for that product category in the past week. In this
case, the response is the number of millions of retained impressions
per week. The predictor variable is the amount of money spent by
the firm on advertising. The data are in Table E3.3.

TABLE E3.3 Number of Retained Impressions and
Advertising Expenditures

Amount Spent Retained Impressions

Firm (Millions) per Week (Millions)
Miller Lite 50.1 32.1
Pepsi 74.1 99.6
Stroh’s 19.3 11.7
Federal Express 22.9 21.9
Burger King 82.4 60.8
Coca-Cola 40.1 78.6
McDonald’s 185.9 92.4
MCI 26.9 50.7
Diet Cola 20.4 214
Ford 166.2 40.1
Levi’s 27 40.8
Bud Lite 45.6 10.4
ATT Bell 154.9 88.9
Calvin Klein 5 12
Wendy’s 49.7 29.2
Polaroid 26.9 38
Shasta 5.7 10
Meow Mix 7.6 12.3
Oscar Meyer 9.2 23.4
Crest 324 71.1

Kibbles N Bits 6.1 4.4
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a. Fit the simple linear regression model to these data.

b. Is there a significant relationship between the amount that a com-
pany spends on advertising and retained impressions? Justify
your answer statistically.

c. Analyze the residuals from this model.

d. Construct the 95% confidence intervals on the regression coeffi-
cients.

e. Give the 95% confidence and prediction intervals for the number
of retained impressions for MCL

Suppose that we have fit the straight-line regression model y =
Py + Px,, but the response is affected by a second variable x, such
that the true regression function is

E(y) = By + Bixy + Brxy

a. Is the least squares estimator of the slope in the original simple
linear regression model unbiased?

b. Show the bias in f,.

Suppose that we are fitting a straight line and wish to make the
standard error of the slope as small as possible. Suppose that the
“region of interest” for x is —1 < x < 1. Where should the obser-
vations x,x,, ..., x, be taken? Discuss the practical aspects of this
data collection plan.

Consider the simple linear regression model

y=ﬁ0+ﬂ1x+£,

where the intercept f, is known.

a. Find the least squares estimator of f; for this model. Does this
answer seem reasonable?

b. What is the variance of the slope (ﬁl) for the least squares esti-
mator found in part a?

c. Find a 100(1 — a) percent CI for f;. Is this interval narrower
than the estimator for the case where both slope and intercept are
unknown?

The quality of Pinot Noir wine is thought to be related to the proper-
ties of clarity, aroma, body, flavor, and oakiness. Data for 38 wines
are given in Table E3.4.
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TABLE E3.4 Wine Quality Data® (Found in Minitab)

Clarity, Aroma, Body, Flavor, Oakiness, Quality,

X Xy X3 X4 X5 y Region
1 3.3 2.8 3.1 4.1 9.8 1
1 4.4 4.9 3.5 39 12.6 1
1 3.9 5.3 4.8 4.7 11.9 1
1 3.9 2.6 3.1 3.6 11.1 1
1 5.6 5.1 5.5 5.1 13.3 1
1 4.6 4.7 5 4.1 12.8 1
1 4.8 4.8 4.8 33 12.8 1
1 53 4.5 4.3 52 12 1
1 4.3 43 39 29 13.6 3
1 4.3 39 4.7 39 13.9 1
1 5.1 4.3 4.5 3.6 14.4 3
0.5 33 5.4 4.3 3.6 12.3 2
0.8 59 5.7 7 4.1 16.1 3
0.7 7.7 6.6 6.7 3.7 16.1 3
1 7.1 44 5.8 4.1 15.5 3
0.9 5.5 5.6 5.6 44 15.5 3
1 6.3 5.4 4.8 4.6 13.8 3
1 5 5.5 5.5 4.1 13.8 3
1 4.6 4.1 4.3 3.1 11.3 1
0.9 3.4 5 34 3.4 7.9 2
0.9 6.4 5.4 6.6 4.8 15.1 3
1 5.5 53 5.3 3.8 13.5 3
0.7 4.7 4.1 5 3.7 10.8 2
0.7 4.1 4 4.1 4 9.5 2
1 6 5.4 5.7 4.7 12.7 3
1 4.3 4.6 4.7 4.9 11.6 2
1 3.9 4 5.1 5.1 11.7 1
1 5.1 4.9 5 5.1 11.9 2
1 3.9 4.4 5 4.4 10.8 2
1 4.5 3.7 29 39 8.5 2
1 52 4.3 5 6 10.7 2
0.8 42 3.8 3 4.7 9.1 1
1 3.3 35 4.3 4.5 12.1 1
1 6.8 5 6 5.2 14.9 3
0.8 5 5.7 5.5 4.8 13.5 1
0.8 3.5 4.7 4.2 33 12.2 1
0.8 4.3 5.5 35 5.8 10.3 1
0.8 52 4.8 5.7 35 13.2 1

¢ The wine here is Pinot Noir. Region refers to distinct geographic regions.
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a.

Fit a multiple linear regression model relating wine quality to
these predictors. Do not include the “Region” variable in the
model.

Test for significance of regression. What conclusions can you
draw?

Use t-tests to assess the contribution of each predictor to the
model. Discuss your findings.

Analyze the residuals from this model. Is the model adequate?
Calculate R? and the adjusted R? for this model. Compare these
values to the R? and adjusted R? for the linear regression model
relating wine quality to only the predictors “Aroma” and “Flavor.”
Discuss your results.

Find a 95% CT for the regression coefficient for “Flavor” for both
models in part e. Discuss any differences.

Reconsider the wine quality data in Table E3.4. The “Region” pre-
dictor refers to three distinct geographical regions where the wine
was produced. Note that this is a categorical variable.

a.

Fit the model using the “Region” variable as it is given in Table
E3.4. What potential difficulties could be introduced by including
this variable in the regression model using the three levels shown
in Table E3.4?

An alternative way to include the categorical variable “Region”
would be to introduce two indicator variables x; and x, as follows:

Region X1 Xy
1 0 0
2 1 0
3 0 1

Why is this approach better than just using the codes 1, 2,
and 3?

Rework Exercise 3.7 using the indicator variables defined in part
b for “Region.”

Table B.6 in Appendix B contains data on the global mean surface
air temperature anomaly and the global CO, concentration. Fit a
regression model to these data, using the global CO, concentration
as the predictor. Analyze the residuals from this model. Is there
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evidence of autocorrelation in these data? If so, use one iteration of
the Cochrane—Orcutt method to estimate the parameters.

Table B.13 in Appendix B contains hourly yield measurements from
a chemical process and the process operating temperature. Fit a
regression model to these data, using the temperature as the pre-
dictor. Analyze the residuals from this model. Is there evidence of
autocorrelation in these data?

The data in Table E3.5 give the percentage share of market of a
particular brand of canned peaches (y,) for the past 15 months and
the relative selling price (x,).

TABLE E3.5 Market Share and Price of Canned Peaches

t o Yt ! o Yt

1 100 15.93 9 85 16.60
2 98 16.26 10 83 17.16
3 100 15.94 11 81 17.77
4 89 16.81 12 79 18.05
5 95 15.67 13 90 16.78
6 87 16.47 14 77 18.17
7 93 15.66 15 78 17.25
8 82 16.94

a. Fit a simple linear regression model to these data. Plot the resid-
uals versus time. Is there any indication of autocorrelation?

b. Use the Durbin—Watson test to determine if there is positive
autocorrelation in the errors. What are your conclusions?

c. Use one iteration of the Cochrane—Orcutt procedure to estimate
the regression coefficients. Find the standard errors of these
regression coefficients.

d. Is there positive autocorrelation remaining after the first itera-
tion? Would you conclude that the iterative parameter estimation
technique has been successful?

3.12 The data in Table E3.6 give the monthly sales for a cosmetics man-

ufacturer (y,) and the corresponding monthly sales for the entire
industry (x,). The units of both variables are millions of dollars.

a. Build a simple linear regression model relating company sales

to industry sales. Plot the residuals against time. Is there any
indication of autocorrelation?
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TABLE E3.6 Cosmetic Sales Data for Exercise 3.12

t X, Yy t X, V;
1 5.00 0.318 10 6.16 0.650
2 5.06 0.330 11 6.22 0.655
3 5.12 0.356 12 6.31 0.713
4 5.10 0.334 13 6.38 0.724
5 5.35 0.386 14 6.54 0.775
6 5.57 0.455 15 6.68 0.78
7 5.61 0.460 16 6.73 0.796
8 5.80 0.527 17 6.89 0.859
9 6.04 0.598 18 6.97 0.88
b. Use the Durbin—Watson test to determine if there is positive
autocorrelation in the errors. What are your conclusions?

c¢. Use one iteration of the Cochrane—Orcutt procedure to estimate
the model parameters. Compare the standard error of these regres-
sion coefficients with the standard error of the least squares
estimates.

d. Test for positive autocorrelation following the first iteration. Has
the procedure been successful?

3.13 Reconsider the datain Exercise 3.12. Define a new set of transformed
variables as the first difference of the original variables, y/ =y, —
y,—1 and x, = x, — x,_;. Regress y on x/ through the origin. Compare
the estimate of the slope from this first-difference approach with the
estimate obtained from the iterative method in Exercise 3.12.

3.14 Show that an equivalent way to perform the test for significance
of regression in multiple linear regression is to base the test on R?
as follows. To test H, : p; = fp, = -+ = f, versus H,: at least one
ﬂj # 0, calculate

_R*(n—p)
7 k(1 - R?)
and reject H, if the computed value of F|, exceeds F,; ,_,, where
p=k+1.
3.15 Suppose that a linear regression model with k = 2 regressors has

been fit to n = 25 observations and R? = 0.90.



3.16

3.17

3.18

EXERCISES 227

a. Test for significance of regression at @ = 0.05. Use the results of
the Exercise 3.14.

b. What is the smallest value of R” that would lead to the conclusion
of a significant regression if « = 0.05? Are you surprised at how
small this value of R? is?

Consider the simple linear regression model y, = f, + fx + €,,
where the errors are generated by the second-order autoregressive
process

£, = P& T P& 4

Discuss how the Cochrane—Orcutt iterative procedure could be used
in this situation. What transformations would be used on the vari-
ables y, and x,? How would you estimate the parameters p; and
py?

Show that an alternate computing formula for the regression sum of
squares in a linear regression model is

n
o
i=1

An article in Quality Engineering (The Catapult Problem: Enhanced
Engineering Modeling Using Experimental Design, Vol. 4, 1992)
conducted an experiment with a catapult to determine the effects
of hook (x;), arm length (x,), start angle (x;), and stop angle (x,)
on the distance that the catapult throws a ball. They threw the ball
three times for each setting of the factors. Table E3.7 summarizes
the experimental results.

TABLE E3.7 Catapult Experiment Data for Exercise 3.18

X1 X2 X3 X4 y

-1 -1 -1 -1 28.0 27.1 26.2

-1 -1 1 1 46.5 43.5 46.5

-1 1 -1 1 21.9 21.0 20.1

-1 1 1 -1 52.9 53.7 52.0
1 -1 -1 1 75.0 73.1 74.3
1 -1 1 -1 127.7 126.9 128.7
1 1 -1 -1 86.2 86.5 87.0
1 1 1 1 195.0 195.9 195.7
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a. Fit aregression model to the data and perform a residual analysis
for the model.

b. Use the sample variances as the basis for WLS estimation of the
original data (not the sample means).

c¢. Fit an appropriate model to the sample variances. Use this model
to develop the appropriate weights and repeat part b.

Consider the simple linear regression model y;, = f, + f,x; + €;,

where the variance of ¢; is proportional to xl.z; thatis, Var (g;) = o-le.z.

a. Suppose that we use the transformations y' = y/x and x’ = 1/x.
Is this a variance-stabilizing transformation?

b. What are the relationships between the parameters in the original
and transformed models?

c. Suppose we use the method of WLS with w; =1 /xl2 Is this
equivalent to the transformation introduced in part a?

Consider the WLS normal equations for the case of simple linear
regression where time is the predictor variable, Eq. (3.62). Suppose
that the variances of the errors are proportional to the index of time
such that w, = 1/¢. Simplify the normal equations for this situation.
Solve for the estimates of the model parameters.

Consider the simple linear regression model where time is the pre-
dictor variable. Assume that the errors are uncorrelated and have
constant variance . Show that the variances of the model parame-
ter estimates are

S ,20QT+ 1)
V() =0 —T(T— 1
and
s o 12
V=1

Analyze the regression model in Exercise 3.1 for leverage and influ-
ence. Discuss your results.

Analyze the regression model in Exercise 3.2 for leverage and influ-
ence. Discuss your results.

Analyze the regression model in Exercise 3.3 for leverage and influ-
ence. Discuss your results.
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Analyze the regression model for the wine quality data in Exercise
3.7 for leverage and influence. Discuss your results.

Consider the wine quality data in Exercise 3.7. Use variable selection
techniques to determine an appropriate regression model for these
data.

Consider the catapult data in Exercise 3.18. Use variable selection
techniques to determine an appropriate regression model for these
data. In determining the candidate variables, consider all of the
two-factor cross-products of the original four variables.

Table B.10 in Appendix B presents monthly data on airline miles
flown in the United Kingdom. Fit an appropriate regression model to
these data. Analyze the residuals and comment on model adequacy.

Table B.11 in Appendix B presents data on monthly champagne
sales. Fit an appropriate regression model to these data. Analyze the
residuals and comment on model adequacy.

Consider the data in Table E3.5. Fit a time series regression model
with autocorrected errors to these data. Compare this model with
the results you obtained in Exercise 3.11 using the Cochrane—Orcutt
procedure.

Consider the data in Table E3.5. Fit the lagged variables regression
models shown in Egs. (3.119) and (3.120) to these data. Compare
these models with the results you obtained in Exercise 3.11 using
the Cochrane—Orcutt procedure, and with the time series regression
model from Exercise 3.30.

Consider the data in Table E3.5. Fit a time series regression model
with autocorrected errors to these data. Compare this model with
the results you obtained in Exercise 3.13 using the Cochrane—Orcutt
procedure.

Consider the data in Table E3.6. Fit the lagged variables regression
models shown in Egs. (3.119) and (3.120) to these data. Compare
these models with the results you obtained in Exercise 3.13 using
the Cochrane—Orcutt procedure, and with the time series regression
model from Exercise 3.32.

Consider the global surface air temperature anomaly data and the
CO, concentration data in Table B.6 in Appendix B. Fit a time series
regression model to these data, using global surface air temperature
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anomaly as the response variable. Is there any indication of auto-
correlation in the residuals? What corrective action and modeling
strategies would you recommend?

Table B.20 in Appendix B contains data on tax refund amounts and
population. Fit an OLS regression model to these data.

a. Analyze the residuals and comment on model adequacy.

b. Fit the lagged variables regression models shown in Egs. (3.119)
and (3.120) to these data. How do these models compare with
the OLS model in part a?

Table B.25 contains data from the National Highway Traffic Safety
Administration on motor vehicle fatalities from 1966 to 2012, along
with several other variables. These data are used by a variety of
governmental and industry groups, as well as research organizations.

a. Plot the fatalities data. Comment on the graph.

b. Construct a scatter plot of fatalities versus number of licensed
drivers. Comment on the apparent relationship between these two
factors.

c. Fit a simple linear regression model to the fatalities data, using
the number of licensed drivers as the predictor variable. Discuss
the summary statistics from this model.

d. Analyze the residuals from the model in part c. Discuss the
adequacy of the fitted model.

e. Calculate the Durbin—Watson test statistic for the model in part
c. Is there evidence of autocorrelation in the residuals? Is a time
series regression model more appropriate than an OLS model for
these data?

Consider the motor vehicle fatalities data in Appendix Table B.25
and the simple linear regression model from Exercise 3.36. There
are several candidate predictors that could be added to the model.
Add the number of registered motor vehicles to the model that you
fit in Exercise 3.36. Has the addition of another predictor improved
the model?

Consider the motor vehicle fatalities data in Appendix Table B.25.
There are several candidate predictors that could be added to the
model. Use stepwise regression to find an appropriate subset of
predictors for the fatalities data. Analyze the residuals from the
model, including the Durbin—Watson test, and comment on model
adequacy.
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3.39 Consider the motor vehicle fatalities data in Appendix Table B.25.
There are several candidate predictors that could be added to the
model. Use an all-possible-models approach to find an appropriate
subset of predictors for the fatalities data. Analyze the residuals
from the model, including the Durbin—Watson test, and comment
on model adequacy. Compare this model to the one you obtained
through stepwise model fitting in Exercise 3.38.

3.40

Appendix Table B.26 contains data on monthly single-family res-
idential new home sales from 1963 through 2014. The number of
building permits issued is also given in the table.

a.
b.

Plot the home sales data. Comment on the graph.

Construct a scatter plot of home sales versus number of building
permits. Comment on the apparent relationship between these
two factors.

. Fit a simple linear regression model to the home sales data, using

the number of building permits as the predictor variable. Discuss
the summary statistics from this model.

. Analyze the residuals from the model in part c. Discuss the

adequacy of the fitted model.

. Calculate the Durbin—Watson test statistic for the model in part

c. Is there evidence of autocorrelation in the residuals? Is a time
series regression model more appropriate than an OLS model for
these data?






CHAPTER 4

EXPONENTIAL SMOOTHING
METHODS

If you have to forecast, forecast often.
EDGAR R. FIEDLER, American economist

4.1 INTRODUCTION

We can often think of a data set as consisting of two distinct components:
signal and noise. Signal represents any pattern caused by the intrinsic
dynamics of the process from which the data are collected. These patterns
can take various forms from a simple constant process to a more compli-
cated structure that cannot be extracted visually or with any basic statistical
tools. The constant process, for example, is represented as

Y, =pu+eg, “4.1)

where u represents the underlying constant level of system response and
g, is the noise at time ¢. The ¢, is often assumed to be uncorrelated with
mean 0 and constant variance o-ez.

We have already discussed some basic data smoothers in Section 2.2.2.
Smoothing can be seen as a technique to separate the signal and the noise

Introduction to Time Series Analysis and Forecasting, Second Edition.
Douglas C. Montgomery, Cheryl L. Jennings and Murat Kulahci.
© 2015 John Wiley & Sons, Inc. Published 2015 by John Wiley & Sons, Inc.
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Actual Actual Smoother Estimated
data

Signal — | Signal

Noise |.*.". -t .| Noise

Signal / / Signal

Noise [.= "= = .= .+ «. .| Noise

Signal /\/\ [\ﬂ Signal
U

Noise |.*,". " "."- ..+ -.m.| Noise

FIGURE 4.1 The process of smoothing a data set.

as much as possible and in that a smoother acts as a filter to obtain an
“estimate” for the signal. In Figure 4.1, we give various types of signals
that with the help of a smoother can be “reconstructed” and the under-
lying pattern of the signal is to some extent recovered. The smoothers
that we will discuss in this chapter achieve this by simply relating the
current observation to the previous ones. For a given data set, one can
devise forward and/or backward looking smoothers but in this chapter we
will only consider backward looking smoothers. That is, at any given 7,
the observation y, will be replaced by a combination of observations at
and before T. It does then intuitively make sense to use some sort of an
“average” of the current and the previous observations to smooth the data.
An obvious choice is to replace the current observation with the average
of the observations at 7, T —1, ..., 1. In fact this is the “best” choice in the
least squares sense for a constant process given in Eq. (4.1).

A constant process can be smoothed by replacing the current observation
with the best estimate for y. Using the least squares criterion, we define
the error sum of squares, SSg, for the constant process as

T
S8 = Z O, = /4)2-
t=1
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FIGURE 4.2 The Dow Jones Index from June 1999 to June 2001.

The least squares estimate of ¢ can be found by setting the derivative of
SS with respect to u to 0. This gives

=)
I
N =
M =

Vs 4.2)
1

-
1l

where /i is the least squares estimate of y. Equation (4.2) shows that the
least squares estimate of u is indeed the average of observations up to
time 7.

Figure 4.2 shows the monthly data for the Dow Jones Index from June
1999 to June 2001. Visual inspection suggests that a constant model can
be used to describe the general pattern of the data.! To further confirm
this claim, we use the smoother described in Eq. (4.2) for each data point
by taking the average of the available data up to that point in time. The
smoothed observations are shown by the line segments in Figure 4.2. It
can be seen that the smoother in Eq. (4.2) indeed extracts the main pattern

IPlease note that for this data the independent errors assumption in the constant process in Eq. (4.1) may
have been violated. Remedies to check and handle such violations will be provided in the following
chapters.
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FIGURE 4.3 The Dow Jones Index from June 1999 to June 2006.

in the data and leads to the conclusion that during the 2-year period from
June 1999 to June 2001, the Dow Jones Index was quite stable.

As we can see, for the constant process the smoother in Eq. (4.2) is
quite effective in providing a clear picture of the underlying pattern. What
happens if the process is not constant but exhibits a more complicated
pattern? Consider again, for example, the Dow Jones Index from June 1999
to June 2006 given in Figure 4.3 (the complete data set is in Table 4.1). It is
clear that the data do not follow the behavior typical of a constant behavior
during this period. In Figure 4.3, we can also see the pattern that the
smoother in Eq. (4.2) extracts for the same period. As the process changes,
this smoother is having trouble keeping up with the process. What could
be the reason for the poor performance after June 2001? The answer is
quite simple: the constant process assumption is no longer valid. However,
as time goes on, the smoother in Eq. (4.2) accumulates more and more
data points and gains some sort of “inertia”. So when there is a change
in the process, it becomes increasingly more difficult for this smoother to
react to it.

How often is the constant process assumption violated? The answer to
this question is provided by the Second Law of Thermodynamics, which
in the most simplistic way states that if left on its own (free of external
influences) any system will deteriorate. Thus the constant process is not
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the norm but at best an exception. So what can we do to deal with this
issue? Recall that the problem with the smoother in Eq. (4.2) was that it
reacted too slowly to process changes because of its inertia. In fact, when
there is a change in the process, earlier data no longer carry the information
about the change in the process, yet they contribute to this inertia at an
equal proportion compared to the more recent (and probably more useful)
data. The most obvious choice is to somehow discount the older data.
Also recall that in a simple average, as in Eq. (4.2), all the observations
are weighted equally and hence have the same amount of influence on
the average. Thus, if the weights of each observation are changed so that
earlier observations are weighted less, a faster reacting smoother should
be obtained. As mentioned in Section 2.2.2, a common solution is to use
the simple moving average given in Eq. (2.3):

N
=yT+yT—1+"'+yT—N+1=l z y
N "

M
T N

t=T—-N+1

The most crucial issue in simple moving averages is the choice of the
span, N. A simple moving average will react faster to the changes if N
is small. However, we know from Section 2.2.2 that the variance of the
simple moving average with uncorrelated observations with variance ¢ is
given as

2
(o2
Var(My) = <.
arMr) =5

This means that as N gets small, the variance of the moving average gets
bigger. This creates a dilemma in the choice of N. If the process is expected
to be constant, a large N can be used whereas a small N is preferred if the
process is changing. In Figure 4.4, we show the effect of going from a span
of 10 observations to 5 observations. While the latter exhibits a more jit-
tery behavior, it nevertheless follows the actual data more closely. A more
thorough analysis on the choice of N can be performed based on the predic-
tion error. We will explore this for exponential smoothers in Section 4.6.1,
where we will discuss forecasting using exponential smoothing.

A final note on the moving average is that even if the individual obser-
vations are independent, the moving averages will be autocorrelated as two
successive moving averages contain the same N—1 observations. In fact,
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FIGURE 4.4 The Dow Jones Index from June 1999 to June 2006 with moving
averages of span 5 and 10.

the autocorrelation function (ACF) of the moving averages that are k-lags
apart is given as

k
1—u, k<N
pk = N .

0, k>N

4.2 FIRST-ORDER EXPONENTIAL SMOOTHING

Another approach to obtain a smoother that will react to process changes
faster is to give geometrically decreasing weights to the past observations.
Hence an exponentially weighted smoother is obtained by introducing a
discount factor 6 as

T-1
Z 0'yr_y = yr + 0yr_y + 075+ + 01y, (4.3)
=0
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Please note that if the past observations are to be discounted in a geo-
metrically decreasing manner, then we should have 16| < 1. However, the
smoother in Eq. (4.3) is not an average as the sum of the weights is

e
Do=— (4.4)
- 1-6

=0
and hence does not necessarily add up to 1. For that we can adjust the
smoother in Eq. (4.3) by multiplying it by (1—8)/(1-67). However, for
large T values, 87 goes to zero and so the exponentially weighted average
will have the following form:

T-1

Fr=(1-0)Y 0y,
r ; T (4.5)

=(1=0)(r+0yr_; + 0%y, 5+ +071y)

This is called a simple or first-order exponential smoother. There is an
extensive literature on exponential smoothing. For example, see the books
by Brown (1963), Abraham and Ledolter (1983), and Montgomery et al.
(1990), and the papers by Brown and Meyer (1961), Chatfield and Yar
(1988), Cox (1961), Gardner (1985), Gardner and Dannenbring (1980),
and Ledolter and Abraham (1984).

An alternate expression in a recursive form for simple exponential
smoothing is given by

Fr=(1 = Oy + (1 = 0)Oyr_; + 0%yy_s + - + 67"y

=(1 =0y +0(1—0)(yy_; +0'yp_, + - +0"2y)) @6

hd

Yr-1

=1 -0)yr+6yr_;.

The recursive form in Eq. (4.6) shows that first-order exponential
smoothing can also be seen as the linear combination of the current obser-
vation and the smoothed observation at the previous time unit. As the latter
contains the data from all previous observations, the smoothed observation
at time 7 is in fact the linear combination of the current observation and
the discounted sum of all previous observations. The simple exponential
smoother is often represented in a different form by setting 4 = 1-0,

yr = Ayr + (1 = Dyr_, 4.7)
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In this representation the discount factor, A, represents the weight put
on the last observation and (1—4) represents the weight put on the smoothed
value of the previous observations.

Analogous to the size of the span in moving average smoothers, an
important issue for the exponential smoothers is the choice of the discount
factor, A. Moreover, from Eq. (4.7), we can see that the calculation of ¥,
would require us to know ¥,. We will discuss these issues in the next two
sections.

4.2.1 The Initial Value, y,

Since ¥, is needed in the recursive calculations that start with y, = Ay, +
(1 = A)y,, its value needs to be estimated. But from Eq. (4.7) we have

V1 =y + (1= Dy,

Vo= Ay, + (1 = A = Ay, + (1 = H(Ay, + (1 = 1))
= A, + (1 = Dy)) + (1 = A

¥y = Az + (1= Ay, + (1 — D%y + (1 = )’

= Ay + (= Dyp_y + -+ A = Dy ) + (1 = DTF,,

which means that as T gets large and hence (1 — A)7 gets small, the
contribution of ¥, to ¥, becomes negligible. Thus for large data sets, the
estimation of J, has little relevance. Nevertheless, two commonly used
estimates for ¥, are the following.

1. Set ¥, = y,. If the changes in the process are expected to occur early
and fast, this choice for the starting value for ¥, is reasonable.

2. Take the average of the available data or a subset of the available data,
¥, and set y, = y. If the process is at least at the beginning locally
constant, this starting value may be preferred.

4.2.2 The Value of 1

In Figures 4.5 and 4.6, respectively, we have two simple exponential
smoothers for the Dow Jones Index data with A = 0.2 and 4 = 0.4. It
can be seen that in the latter the smoothed values follow the original obser-
vations more closely. In general, as 4 gets closer to 1, and more emphasis is
put on the last observation, the smoothed values will approach the original
observations. Two extreme cases will be when 4 = 0 and 4 = 1. In the
former, the smoothed values will all be equal to a constant, namely, y,.
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FIGURE 4.5 The Dow Jones Index from June 1999 to June 2006 with first-order

exponential smoothing with A = 0.2.
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FIGURE 4.6 The Dow Jones Index from June 1999 to June 2006 with first-order
exponential smoothing with A = 0.4.
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We can think of the constant line as the “smoothest” version of whatever
pattern the actual time series follows. For A = 1, we have y; = y; and
this will represent the “least” smoothed (or unsmoothed) version of the
original time series. We can accordingly expect the variance of the simple
exponential smoother to vary between 0 and the variance of the original
time series based on the choice of 4. Note that under the independence and
constant variance assumptions we have

Var(j;) = Var (/1 > a- A)’yT_t>
=0

o)

= A2 (1= H)Var ()

t=0
[c9)

=22 (1= H*Var(y,) “.8)
t=0

= Var(yp)A2 ) (1= A"
=0

Var(yy).

R

Thus the question will be how much smoothing is needed. In the litera-
ture, A values between 0.1 and 0.4 are often recommended and do indeed
perform well in practice. A more rigorous method of finding the right A
value will be discussed in Section 4.6.1.

Example4.1 Consider the Dow Jones Index from June 1999 to June 2006
given in Figure 4.3. For first-order exponential smoothing we would need to
address two issues as stated in the previous sections: how to pick the initial
value y, and the smoothing constant A. Following the recommendation in
Section 4.2.2, we will consider the smoothing constants 0.2 and 0.4. As for
the initial value, we will consider the first recommendation in Section 4.2.1
and set y, = y,. Figures 4.5 and 4.6 show the smoothed and actual data
obtained from Minitab with smoothing constants 0.2 and 0.4, respectively.

Note that Minitab reports several measures of accuracy; MAPE, MAD,
and MSD. Mean absolute percentage error (MAPE) is the average absolute
percentage change between the predicted value that is ¥,_; for a one-step-
ahead forecast and the true value, given as

T
; | = )/ 34l
MAPE = = - x 100 (y, # 0).
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Mean absolute deviation (MAD) is the average absolute difference
between the predicted and the true values, given as

T
Z |(Yt - S’ l—l)l
MAD = =
T
Mean squared deviation (MSD) is the average squared difference
between the predicted and the true values, given as

T
21 (Yt - S’t—l)z
MSD = =

It should also be noted that the smoothed data with A = 0.4 follows the
actual data closer. However, in both cases, when there is an apparent linear
trend in the data (e.g., from February 2003 to February 2004) the smoothed
values consistently underestimate the actual data. We will discuss this issue
in greater detail in Section 4.3.

As an alternative estimate for the initial value, we can also use the
average of the data between June 1999 and June 2001, since during this
period the time series data appear to be stable. Figures 4.7 and 4.8 show
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FIGURE4.7 The Dow Jones Index from June 1999 to June 2006 with first-order
exponential smoothing with A =0.2 and , = (Z ~1Y:/25) (i.e., initial value equal
to the average of the first 25 observations).
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FIGURE4.8 The Dow Jones Index from June 1999 to June 2006 with first-order
exponential smoothing with 4 =0.4 and §, = (21221 ¥,/25) (i.e., initial value equal
to the average of the first 25 observations).

the single exponential smoothing with the initial value equal to the average
of the first 25 observations corresponding to the period between June 1999
and June 2001. Note that the choice of the initial value has very little effect
on the smoothed values as time goes on.

4.3 MODELING TIME SERIES DATA

In Section 4.1, we considered the constant process where the time series
data are expected to vary around a constant level with random fluctuations,
which are usually characterized by uncorrelated errors with mean 0 and
constant variance 552' In fact the constant process represents a very special
case in a more general set of models often used in modeling time series data
as a function of time. The general class of models can be represented as

v, =ft;p)+ ¢, (4.9)

where f is the vector of unknown parameters and ¢, represents the uncorre-
lated errors. Thus as a member of this general class of models, the constant
process can be represented as

=Byt & (4.10)



246 EXPONENTIAL SMOOTHING METHODS

where f, is equal to u in Eq. (4.1). We have seen in Chapter 3 how to
estimate and make inferences about the regression coefficients. The same
principles apply to the class of models in Eq. (4.9). However, we have
seen in Section 4.1 that the least squares estimates for f, at any given time
T will be very slow to react to changes in the level of the process. For
that, we suggested to use either the moving average or simple exponential
smoothing.

As mentioned earlier, smoothing techniques are effective in illustrating
the underlying pattern in the time series data. We have so far focused partic-
ularly on exponential smoothing techniques. For the class of models given
in Eq. (4.9), we can find another use for the exponential smoothers: model
estimation. Indeed for the constant process, we can see the simple expo-
nential smoother as the estimate of the process level, or in regards to Eq.
(4.10) an estimate of f,. To show this in greater detail we need to introduce
the sum of weighted squared errors for the constant process. Remember
that the sum of squared errors for the constant process is given by

T
SSp =, 00 = .
=1

If we argue that not all observations should have equal influence on
the sum and decide to introduce a string of weights that are geometrically
decreasing in time, the sum of squared errors becomes

T-1
Sy = 0'0vr_y — B 4.11)
=0

where 101 1 < 1. To find the least squares estimate for f,, we take the
derivative of Eq. (4.11) with respect to f, and set it to zero:

dss:
dﬂo Bo

T-1
=23 0'(vr_ — fp) =0. (4.12)
t=0

The solution to Eq. (4.12), ﬁo, which is the least squares estimate of
Py, is

T-1
o Q0= 0y, (4.13)
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From Eq. (4.4), we have

By = 1 = 0T 2 0y, (4.14)

Once again for large T, 87 goes to zero. We then have

T-1

fo=(1—0)) 0y, (4.15)
t=0

We can see from Eqs. (4.5) and (4.15) that , = y;. Thus the simple expo-
nential smoothing procedure does in fact provide a weighted least squares
estimate of f§ in the constant process with weights that are exponentially
decreasing in time.

Now we return to our general class of models given in Eq. (4.9) and
note that f (¢; f) can in fact be any function of ¢. For practical purposes it is
usually more convenient to consider the polynomial family for nonseasonal
time series. For seasonal time series, we will consider other forms of f(¢; )
that fit the data and exhibit a certain periodicity better. In the polynomial
family, the constant process is indeed the simplest model we can consider.
We will now consider the next obvious choice: the linear trend model.

4.4 SECOND-ORDER EXPONENTIAL SMOOTHING

We will now return to our Dow Jones Index data but consider only the
subset of the data from February 2003 to February 2004 as given in Fig-
ure 4.9. Evidently for that particular time period it was a bullish market
and correspondingly the Dow Jones Index exhibits an upward linear trend
as indicated with the dashed line.

For this time period, an appropriate model in time from the polynomial
family should be the linear trend model given as

yt =ﬁ0+ﬁ1t+8t, (416)

where the ¢, is once again assumed to be uncorrelated with mean O and
constant variance ¢?,. Based on what we have learned so far, we may
attempt to smooth/model this linear trend using the simple exponential
smoothing procedure. The actual and fitted values for the simple expo-
nential smoothing procedure are given in Figure 4.10. For the exponential
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FIGURE 4.9 The Dow Jones Index from February 2003 to February 2004.

smoother, without any loss of generality, we used y, = y, and A =0.3. From
Figure 4.10, we can see that while the simple exponential smoother was
to some extent able to capture the slope of the linear trend, it also exhibits
some bias. That is, the fitted values based on the exponential smoother
are consistently underestimating the actual data. More interestingly, the
amount of underestimation is more or less constant for all observations.
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FIGURE 4.10 The Dow Jones Index from February 2003 to February 2004 with

simple exponential smoothing with 4 = 0.3.
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In fact similar behavior for the simple exponential smoother can be
observed in Figure 4.5 for the entire data from June 1999 to June 2006.
Whenever the data exhibit a linear trend, the simple exponential smoother

seems to over- or underestimates the actual data consistently. To further
explore this, we will consider the expected value of y,

EGp) =E (a >a- z)fyr_,>

=0
=) (1= WYEQr_).
=0

For the linear trend model in Eq. (4.16), E (y,) = f, + f,t. So we have

EGp) =AY (1= + AT —1)
t=0

=AY A= By+ BT =AY, (1= A (1)
t=0 t=0

=By +BDAY, (L= = Ap Y (1= .
=0 =0

But for the infinite sums we have

< 1 1 < 1- 4
- A= —— =Sand ¥ (1 - 2fr=1=2,
gg( Y ErTa—ah o™ Zg( =%

Hence the expected value of the simple exponential smoother for the
linear trend model is

E@T) = (ﬂo + ﬂ] T) - %ﬁl
) “4.17)
= EQ’T) - %ﬁl'

This means that the simple exponential smoother is a biased estimator
for the linear trend model and the amount of bias is —[(1 — 4)/A]p,. This
indeed explains the underestimation in Figure 4.10. One solution will be to
use a large A value since (1 — 1)/A — 0 as 4 — 1. In Figure 4.11, we show
two simple exponential smoothers with A = 0.3 and 4 = 0.99. It can be



250 EXPONENTIAL SMOOTHING METHODS

12,000
11,000 ~
7]
€ 10,000 -
(=]
S
3
[o]
(=]
9000 ~
/ Variable
® Dow Jones
8000 ———— Lambda = 0.3
Lambda = 0.99

T T T T T T T T T
ngb S QQQ Q 0‘7/ QQQ’ {o'b Qb‘ Q,Q“‘ *0(” IS
N B(b %Q; @ B(b %QJ @'Z’ B(b %Qa @’0 5’0
Date

FIGURE 4.11 The Dow Jones Index from June 1999 to June 2006 using expo-
nential smoothing with 4 = 0.3 and 0.99.

seen that the latter does a better job in capturing the linear trend. However,
it should also be noted that as the smoother with 4 = 0.99 follows the
actual observations very closely, it fails to smooth out the constant pattern
during the first 2 years of the data. A method based on adaptive updating
of the discount factor, 4, following the changes in the process is given
in Section 4.6.4. In this section to model a linear trend model we will
instead introduce the second-order exponential smoothing by applying
simple exponential smoothing on ; as

¥ = vy + (= DF, (4.18)

where ¥ ”(1) and y(z) denote the first- and second-order smoothed exponen-
tials, respectlvely Of course, in Eq. (4.18) we can use a different A than in
Eq. (4.7). However, for the derivations that follow, we will assume that the
same 4 is used in the calculations of both ¥ N(l) and ~(2).

From Eq. (4.17), we can see that the ﬁrst order exponential smoother
introduces bias in estimating a linear trend. It can also be seen in Fig-
ure 4.7 that the first-order exponential smoother for the linear trend model

exhibits a linear trend as well. Hence the second-order smoother—that is,
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a first-order exponential smoother of the original first-order exponential
smoother—should also have a bias. We can represent this as

- 1-2
E (y(ﬁ) —E (y<T“> -—=2#, (4.19)
From Eq. (4.19), an estimate for f, at time 7'is

A A

bir =15 (7 -57) (4.20)

and for an estimate of f at time 7, we have from Eq. (4.17)

~(1) (ﬁo Tt ﬁ1 TT) /lﬁl,r

L 421)
= ﬂOT = ~(l) =Tpr+ Tﬂl,T'

In terms of the first- and second-order exponential smoothers, we have

(1) A (o o\, 1=4/ 4 (.0 _ .»
=57 =155 (0 =57) 5 (75 (00 -7))

) A (- W .
=3 =15 (5 -5 + (5% -5 (4.22)

A ~() A e
= 2—T—> —(1—T—> .
< 1=A)7T 1=A)77

Finally, combining Eq. (4.20) and (4.22), we have a predictor for y; as

yr= ﬁO,T + .él T

~(1 ~(2
)

4.23)

It can easily be shown that y; is an unbiased predictor of y;. In Fig-
ure 4.12, we use Eq. (4.23) to estimate the Dow Jones Index from February
2003 to February 2004. From Figures 4.10 and 4.12, we can clearly see
that the second-order exponential smoother is doing a much better job in
modeling the linear trend compared to the simple exponential smoother.

As in the simple exponential smoothing, we have the same two issues
to deal with: initial values for the smoothers and the discount factors. The
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FIGURE 4.12 The Dow Jones Index from February 2003 to February 2004 with
second-order exponential smoother with discount factor of 0.3.

latter will be discussed in Section 4.6.1. For the former we will combine
Eqgs. (4.17) and (4.19) as the following:

- 1—4,
50" =hoo = —Puo

~(2) .500—2<1 )ﬁlo

The initial estimates of the model parameters are usually obtained by
fitting the linear trend model to the entire or a subset of the available data.
The least squares estimates of the parameter estimates are then used for

Boo and f .

(4.24)

Example4.2 Consider the US Consumer Price Index (CPI) from January
1995 to December 2004 in Table 4.2. Figure 4.13 clearly shows that the data
exhibits a linear trend. To smooth the data, following the recommendation
in Section 4.2, we can use single exponential smoothing with A = 0.3 as
given in Figure 4.14.

As we expected, the exponential smoother does a very good job in cap-
turing the general trend in the data and provides a less jittery (smooth)
version of it. However, we also notice that the smoothed values are
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FIGURE4.13 US Consumer Price Index from January 1995 to December 2004.

consistently below the actual values. Hence there is an apparent bias in
our smoothing. To fix this problem we have two choices: use a bigger A or
second-order exponential smoothing. The former will lead to less smooth
estimates and hence defeat the purgose. For the latter, however, we can use
A= 0.3 to calculate and y(T” and y(T

Date

)

as given in Table 4.3.
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FIGURE 4.14 Single exponential smoothing of the US Consumer Price Index

Date
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TABLE 4.3 Second-Order Exponentlal Smoothing of the US Consumer

Price Index (with 4 = 0.3, i:) =y;, and yf)z) = yf)l)

Date " 540 52 5 = 25 — 52
Jan-1995 150.3 150.300 150.300 150.300
Feb-1995 150.9 150.480 150.354 150.606
Mar-1995 1514 150.756 150.475 151.037
Apr-1995 151.9 151.099 150.662 151.536
May-1995 152.2 151.429 150.892 151.967
Nov-2004 191.0 190.041 188.976 191.106
Dec-2004 190.3 190.119 189.319 190.919

<D ~(2) _ ~(1)

=y, and y;° =5,  as the initial values of y(l)

Note that we used ¥,

and y(z) A more rigorous approach would involve fitting a linear regression

model in time to the available data that give

V= ﬁo,T + ﬂAl,Tt
= 149.89 + 0.33¢,

where ¢ goes from 1 to 120. Then from Eq. (4.24) we have

~(1 1—4,
() ﬂoo 7 Bio

= 149.89 —

- 2'3 0.33 = 146.22

- -\ 5
3 = oo =2 (=2) o
1-03

= 149.89 — 2 ( ) 0.33 = 142.56.

Figure 4.15 shows the second-order exponential smoothing of the CPI.
As we can see, the second-order exponential smoothing not only captures
the trend in the data but also does not exhibit any bias.

The calculations for the second-order smoothing for the CPI data are
performed using Minitab. We first obtained the first-order exponential
smoother for the CPI, y(” using A = 0.3 and y(l) =y,. Then we obtained

(Tz) by taking the first-order exponential smoother jol using 4 = 0.3 and

5)(2) = y(ll) Then using Eq. (4.23) we have y, = 2y(1) ~(2).
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FIGURE 4.15 Second-order exponential smoothing of the US Consumer Price

Index (with A =0.3, )7(()1) =y, and 5’(()2) = 5’(11))-

The “Double Exponential Smoothing” option available in Minitab is
a slightly different approach based on Holt’s method (Holt, 1957). This
method divides the time series data into two components: the level, L,, and
the trend, 7,. These two components can be calculated from

L=ay,+(1—-a)L,_, +T,_))
T,=y(L,—-L_p+A-9T,,

Hence for a given set of a and y, these two components are calculated
and L, is used to obtain the double exponential smoothing of the data at
time ¢. Furthermore, the sum of the level and trend components at time ¢
can be used as the one-step-ahead (¢ + 1) forecast. Figure 4.16 shows the
actual and smoothed data using the double exponential smoothing option
in Minitab with « = 0.3 and y = 0.3.

In general, the initial values for the level and the trend terms can be
obtained by fitting a linear regression model to the CPI data with time as
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FIGURE 4.16 The double exponential smoothing of the US Consumer Price
Index (with @ = 0.3 and y = 0.3).

the regressor. Then the intercept and the slope can be used as the initial
values of L, and T, respectively.

Example 4.3 For the Dow Jones Index data, we observed that first-order
exponential smoothing with low values of A showed some bias when there
were linear trends in the data. We may therefore decide to use the second-
order exponential smoothing approach for this data as shown in Figure 4.17.
Note that the bias present with first-order exponential smoothing has been
eliminated. The calculations for second-order exponential smoothing for
the Dow Jones Index are given in Table 4.4.

4.5 HIGHER-ORDER EXPONENTIAL SMOOTHING

So far we have discussed the use of exponential smoothers in estimating
the constant and linear trend models. For the former we employed the
simple or first-order exponential smoother and for the latter the second-
order exponential smoother. It can further be shown that for the general
nth-degree polynomial model of the form

yt=ﬂ0+ﬁ1t+&t2+---+&

- e, (4.25)
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FIGURE4.17 The second-order exponential smoothing of the Dow Jones Index

(with =035\ = y,, and 5 = 5\").

where the ¢, is assumed to be independent with mean O and constant

variance o2, we employ (n + 1)-order exponential smoothers

F = dyp + (1= D3,
~(2) _ /lym +(1 - /Dy(Z)

~(n) /1~(n 1) ( /l)y(")

TABLE 4.4 Second-Order Exponential Smoothing of the Dow Jones Index
(with 1 = 0.3, ;f) =y, andy(Z) (1))

Date i 1 y% 9 =25 =57
Jun-1999 10,970.8 10,970.8 10,970.8 10,970.8
Jul-1999 10,655.2 10,876.1 10,942.4 10,809.8
Aug-1999 10,829.3 10,862.1 10,918.3 10,805.8
Sep-1999 10,337.0 10,704.6 10,854.2 10,554.9
Oct-1999 10,729.9 10,712.2 10,811.6 10,612.7
May-2006 11,168.3 11,069.4 10,886.5 11,252.3

Jun-2006 11,247.9 11,123.0 10,957.4 11,288.5
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to estimate the model parameters. For even the quadratic model (second-
degree polynomial), the calculations get quite complicated. Refer to Mont-
gomery et al. (1990), Brown (1963), and Abraham and Ledolter (1983) for
the solutions to higher-order exponential smoothing problems. If a high-
order polynomial does seem to be required for the time series, the autore-
gressive integrated moving average (ARIMA) models and techniques dis-
cussed in Chapter 5 can instead be considered.

4.6 FORECASTING

We have so far considered exponential smoothing techniques as either
visual aids to point out the underlying patterns in the time series data or to
estimate the model parameters for the class of models given in Eq. (4.9).
The latter brings up yet another use of exponential smoothing—forecasting
future observations. At time 7, we may wish to forecast the observation
in the next time unit, 7 + 1, or further into the future. For that, we will
denote the 7-step-ahead forecast made at time 7 as Y., . (7). In the next two
sections and without any loss of generality, we will once again consider
first- and second-order exponential smoothers as examples for forecasting
time series data from the constant and linear trend processes.

4.6.1 Constant Process

In Section 4.2 we discussed first-order exponential smoothing for the con-
stant process in Eq. (4.1) as

Yr = Ayr + (1 = Dyr_;.

In Section 4.3 we further showed that the constant level in Eq. (4.1),
By, can be estimated by ¥,. Since the constant model consists of two
parts—f}, that can be estimated by the first-order exponential smoother
and the random error that cannot be predicted—our forecast for the future
observation is simply equal to the current value of the exponential smoother

Please note that, for the constant process, the forecast in Eq. (4.26) is the

same for all future values. Since there may be changes in the level of the
constant process, forecasting all future observations with the same value
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will most likely be misleading. However, as we start accumulating more
observations, we can update our forecast. For example, if the data at T+ 1
become available, our forecast for the future observations becomes

V141 = Ayr + (= Dy

or

Yri14:(T+ 1) = Ay + (1 = DY (T) (4.27)

We can rewrite Eq. (4.27) for r =1 as

V12T + 1) = I (1) + 4074y — I741(1)) (4.28)
= Y71 (T) + Aepy (1), '

where e, | (1) = yp — 974 (T) is called the one-step-ahead forecast or
prediction error. The interpretation of Eq. (4.28) makes it easier to under-
stand the forecasting process using exponential smoothing: our forecast
for the next observation is simply our previous forecast for the current
observation plus a fraction of the forecast error we made in forecasting
the current observation. The fraction in this summation is determined by
A. Hence how fast our forecast will react to the forecast error depends on
the discount factor. A large discount factor will lead to fast reaction to the
forecast error but it may also make our forecast react fast to random fluc-
tuations. This once again brings up the issue of the choice of the discount
factor.

Choice of 1 We will define the sum of the squared one-step-ahead
forecast errors as

T

SSe(A) = Y. (1. (4.29)

t=1

For a given historic data, we can in general calculate SS; values for
various values of A and pick the value of A that gives the smallest sum of
the squared forecast errors.

Prediction Intervals Another issue in forecasting is the uncertainty
associated with it. That is, we may be interested not only in the “point
estimates” but also in the quantification of the prediction uncertainty. This
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is usually achieved by providing the prediction intervals that are expected at
a specific confidence level to contain the future observations. Calculations
of the prediction intervals will require the estimation of the variance of
the forecast errors. We will discuss two different techniques in estimating
prediction error variance in Section 4.6.3. For the constant process, the 100
(1 — @/2) percent prediction intervals for any lead time 7 are given as

yT x Za/Za—e’

where y is the first-order exponential smoother, Z, /, is the 100(1 — a/2)
percentile of the standard normal distribution, and 6, is the estimate of the
standard deviation of the forecast errors.

It should be noted that the prediction interval is constant for all lead
times. This of course can be (and probably is in most cases) quite unrealis-
tic. As it will be more likely that the process goes through some changes as
time goes on, we would correspondingly expect to be less and less “sure”
about our predictions for large lead times (or large = values). Hence we
would anticipate prediction intervals that are getting wider and wider for
increasing lead times. We propose a remedy for this in Section 4.6.3. We
will discuss this issue further in Chapter 6.

Example 4.4 We are interested in the average speed on a specific stretch
of a highway during nonrush hours. For the past year and a half (78 weeks),
we have available weekly averages of the average speed in miles/hour
between 10 AM and 3 PM. The data are given in Table 4.5. Figure 4.18
shows that the time series data follow a constant process. To smooth out
the excessive variation, however, first-order exponential smoothing can be
used. The “best” smoothing constant can be determined by finding the
smoothing constant value that minimizes the sum of the squared one-step-
ahead prediction errors.

The sum of the squared one-step-ahead prediction errors for various
A values is given in Table 4.6. Furthermore, Figure 4.19 shows that the
minimum SS; is obtained for 4 = 0.4.

Let us assume that we are also asked to make forecasts for the next
12 weeks at week 78. Figure 4.20 shows the smoothed values for the first
78 weeks together with the forecasts for weeks 79-90 with prediction inter-
vals. It also shows the actual weekly speed during that period. Note that
since the constant process is assumed, the forecasts for the next 12 weeks
are the same. Similarly, the prediction intervals are constant for that
period.



TABLE 4.5 The Weekly Average Speed During Nonrush Hours

Week Speed Week Speed Week Speed Week Speed
1 47.12 26 46.74 51 45.71 76 45.69
2 45.01 27 46.62 52 43.84 77 44.59
3 44.69 28 45.31 53 45.09 78 43.45
4 45.41 29 44.69 54 44.16 79 4475
5 45.45 30 46.39 55 46.21 80 45.46
6 44.77 31 43.79 56 45.11 81 43.73
7 45.24 32 4428 57 46.16 82 44.15
8 45.27 33 46.04 58 46.50 83 44.05
9 46.93 34 46.45 59 44.88 84 44.83

10 47.97 35 46.31 60 45.68 85 4393

11 45.27 36 45.65 61 44.40 86 44.40

12 45.10 37 46.28 62 44.17 87 45.25

13 43.31 38 44.11 63 45.18 88 44.80

14 44.97 39 46.00 64 43.73 89 44.75

15 4531 40 46.70 65 45.14 90 44.50

16 45.23 41 47.84 66 47.98 91 45.12

17 42.92 42 48.24 67 46.52 92 45.28

18 44.99 43 45.59 68 46.89 93 45.15

19 45.12 44 46.56 69 46.01 94 46.24

20 46.67 45 45.02 70 44.98 95 46.15

21 44.62 46 43.67 71 45.76 96 46.57

22 45.11 47 44.53 72 45.38 97 45.51

23 45.18 48 44.37 73 45.33 98 46.98

24 4591 49 44.62 74 44.07 99 46.64

25 48.39 50 46.71 75 44.02 100 4431

49 A
48
47 -
T
0 46 -
&
45 -
44
43
1I 1I6 2I4 SIZ 4IO 4IB 5I6 6I4 7I2
Week

FIGURE 4.18 The weekly average speed during nonrush hours.
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FIGURE 4.19 Plot of SS for various A values for average speed data.

4.6.2 Linear Trend Process

The #-step-ahead forecast for the linear trend model is given by

Vr4(T) = ﬂAo,T + ﬁl,T(T +7)

=Por+bisT + Pig7 (4.30)
=Y+ b7
49 Variable
° ® Speed
° o  Actual
48+ b ° b Smoothed

Forecast
- 95% UPL
m— 05% LPL

Speed

42

T
1 9 18 27 36 45 54 63 72 81 90
Week

FIGURE 4.20 Forecasts for the weekly average speed data for weeks 79-90.
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In terms of the exponential smoothers, we can rewrite Eq. (4.30) as

- ) A () 2
Yr4(0) = <2y§r) _y(T)> ) (y(T) —y(r)>

- A \-
o)3p - (1 )3

4.31)

(275

It should be noted that the predictions for the trend model depend on
the lead time and, as opposed to the constant model, will be different for
different lead times. As we collect more data, we can improve our forecasts
by updating our parameter estimates using

ﬁAO,T+1 = A1+ Dypy +A - ﬂ)z(ﬁo,r + ﬁAl,T)

. J) . R 21 = ) « 4.32)
Prry = a-n (Borsr = bor) + ﬁ 1T

Subsequently, we can update our z-step-ahead forecasts based on Eq.
(4.32). As in the constant process, the discount factor, A, can be estimated
by minimizing the sum of the squared one-step-ahead forecast errors given
in Eq. (4.29).

In this case, the 100(1 — a/2) percent prediction interval for any lead
time 7 is

A () A ~(2) Cr
(24 7557) 8 = (14 7 257) 5 £ Zap O

where

C?=l+ A

; PR [(10 — 144 + 524%) + 2iA(4 — 34) + 2 A7].

Example 4.5 Consider the CPI data in Example 4.2. Assume that we
are currently in December 2003 and would like to make predictions of
the CPI for the following year. Although the data from January 1995 to
December 2003 clearly exhibit a linear trend, we may still like to consider
first-order exponential smoothing first. We will then calculate the “best”
A value that minimizes the sum of the squared one-step-ahead prediction
errors. The predictions and prediction errors for various A values are given
in Table 4.7.

Figure 4.21 shows the sum of the squared one-step-ahead prediction
errors (SSy) for various values of 4.
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FIGURE 4.21 Scatter plot of the sum of the squared one-step-ahead prediction
€ITOorS Versus A.

We notice that the SS; keeps on getting smaller as A gets bigger. This
suggests that the data are highly autocorrelated. This can be clearly seen in
the ACF plot in Figure 4.22. In fact if the “best” A value (i.e., A value that
minimizes SSy) turns out to be high, it may indeed be better to switch to a
higher-order smoothing or use an ARIMA model as discussed in Chapter 5.

Autocorrelation function for CPI
(with 5% significance limits for the autocorrelations)

1.0 A
0.8
0.6 1 -

0.4 i
i
0.0

0.2 4~

—0.4 ~

—0.6 A T~

—0.8 TT——

-1.0 -

Autocorrelation

T T T T T
2 4 6 8 10 12 14 16 18 20 22 24 2
Lag

FIGURE 4.22 ACEF plot for the CPI data (with 5% significance limits for the
autocorrelations).
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FIGURE 4.23 The 1- to 12-step-ahead forecasts of the CPI data for 2004.

Since the first-order exponential smoothing is deemed inadequate, we
will now try the second-order exponential smoothing to forecast next year’s
monthly CPI values. Usually we have two options:

1. On December 2003, make forecasts for the entire 2004 year; that
is, 1-step-ahead, 2-step-ahead, ... , 12-step-ahead forecasts. For that
we can use Eq. (4.30) or equivalently Eq. (4.31). Using the double
exponential smoothing option in Minitab with A = 0.3, we obtain the
forecasts given in Figure 4.23.

Note that the forecasts further in the future (for the later part of 2004) are
quite a bit off. To remedy this we may instead use the following strategy.

2. In December 2003, make the one-step-ahead forecast for January
2004. When the data for January 2004 becomes available, then make
the one-step-ahead forecast for February 2004, and so on. We can see
from Figure 4.24 that forecasts when only one-step-ahead forecasts
are used and adjusted as actual data becomes available perform better
than in the previous case where, for December 2003, forecasts are
made for the entire following year.

The JMP software package also has an excellent forecasting capa-
bility. Table 4.8 shows output from JMP for the CPI data for double
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FIGURE 4.24 The one-step-ahead forecasts of the CPI data for 2004.

exponential smoothing. JMP uses the double smoothing procedure that
employs a single smoothing constant. The JMP output shows the time
series plot and summary statistics including the sample ACF. It also pro-
vides a sample partial ACF, which we will discuss in Chapter 5. Then
an optimal smoothing constant is chosen by finding the value of A that

TABLE 4.8 JMP Output for the CPI Data

Time series CPI

190+

180 ,./-//
170-

160:/

150

CPI

0 20 40 60 80 100 120 140
Row

Mean 170.13167
Std 11.629323
N 120

Zero Mean ADF 8.4844029
Single Mean ADF -0.075966
Trend ADF -2.443095

(continued)
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TABLE 4.8 (Continued)

Time series basic diagnostics

Lag

- O

—0.0396
—0.0095

-0.0117
-0.0212
-0.0379

AutoCorr Plot autocorr

1.0000 T
0.9743 T
0.9472 T e
0.9203 T
08947 T
0.8694 T
0.8436 T
0.8166 T
07899 T ]
0.7644 T— e
0.7399 T—
0.7161

AutoCorr Plot autocorr

0.6924 [
0.6699 [
0.6469 [
0.6235 [
0.6001 [
0.5774 |
0.5550 [
[
[
[
[
[
[

0.5324
0.5098
0.4870
0.4637
0.4416
0.4205
0.4000 [
Partial plot partial
1.0000 [
0.9743

0.0128

[
[
[
[
[
[
[
—0.0070 [
0.0074 [
0.0033 [
—0.0001 |
—-0.0116 [
0.0090 [
[

[

[

[

[

[

[

[

[

[

[

[

—-0.0224
-0.0220
-0.0139
—-0.0022
—-0.0089
-0.0174
-0.0137
-0.0186
—-0.0234

0.0074

0.0030
—-0.0036

Ljung-box Q

116.774
228.081

334.053
435.091

531.310
622.708
709.101

790.659
867.721

940.580
1009.46

Ljung-box Q

1074.46
1135.85
1193.64
1247.84
1298.54
1345.93
1390.14
1431.24
1469.29
1504.36
1536.48
1565.91
1592.87
1617.54

p-Value

<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001

p-Value
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
0.0000
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TABLE 4.8 (Continued)

Model Comparison

Model DF Variance AIC

Double (Brown) Exponential Smoothing 117 0.247119 171.05558
SBC RSquare -2LogLH AIC Rank SBC Rank MAPE MAE

173.82626 0.998 169.05558 0 0 0.216853 0.376884

Model: Double (Brown) Exponential Smoothing
Model Summary

DF 117
Sum of Squared Errors 28.9129264
Variance Estimate 0.24711903
Standard Deviation 0.49711068
Akaike's 'A' Information Criterion 171.055579
Schwarz's Bayesian Criterion 173.826263
RSquare 0.99812888
RSquare Adj 0.99812888
MAPE 0.21685285
MAE 0.37688362

-2LogLikelihood 169.055579
Stable Yes

Invertible Yes

Parameter Estimates
Term Estimate Std Error t Ratio Prob>|t|
Level Smoothing Weight 0.81402446 0.0919040 8.86 <.0001

Forecast

200

190 N

180

170+

160

Predicted value

150 T T T T T T T
0 20 40 60 80 100 120 140

Residuals

1.0

0.5
0.0

-0.5

Residual value

-1.0
1.5 .

T T
0 20 40 60 80 100 120 140

(continued)
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TABLE 4.8 (Continued)

Lag AutoCorr plot autocorr Ljung-box Q p-Value
0 1.0000 [ ] . .
1 0.0791 [ ] 0.7574 0.3841
2 —0.3880 [ ] 19.1302 <.0001
3 —0.2913 [ ] 29.5770 <.0001
4 —0.0338 [ ] 29.7189 <.0001
5 0.1064 [ ] 31.1383 <.0001
6 0.1125 | ] 32.7373 <.0001
7 0.1867 [ | 37.1819 <.0001
8 —0.1157 [ ] 38.9063 <.0001
9 —0.3263 [ ] 52.7344 <.0001
10 —0.1033 [ ] 54.1324 <.0001
11 0.2149 [ | 60.2441 <.0001
12 0.2647 | ] 69.6022 <.0001
13 —0.0773 [ ] 70.4086 <.0001
14 0.0345 | ] 70.5705 <.0001
15 —0.1243 | ] 72.6937 <.0001
16 —0.1429 [ ] 75.5304 <.0001
17 0.0602 [ ] 76.0384 <.0001
18 0.1068 [ ] 77.6533 <.0001
19 0.0370 [ ] 77.8497 <.0001
20 —0.0917 [ ] 79.0656 <.0001
21 —0.0363 [ ] 79.2579 <.0001
22 —0.0995 [ ] 80.7177 <.0001
23 —0.0306 [ ] 80.8570 <.0001
24 0.2602 | ] 91.0544 <.0001
25 0.1728 | ] 95.6007 <.0001
Lag Partial plot partial
0 1.0000 [ ]
1 0.0791 [ |
2 —0.3967 [ |
3 —0.2592 [ |
4 —0.1970 [ ]
5 —0.1435 [ |
6 —0.0775 [ |
7 0.1575 [ ]
8 —0.1144 [ ]
9 —0.2228 [ ]
10 —-0.1482 1
Lag AutoCorr plot autocorr Ljung-box Q p-Value
11 —0.0459 [ ]
12 0.0368 [ ]
13 —0.1335 [ ]
14 0.2308 [ ]
15 —0.0786 [ ]
16 0.0050 [ ]
17 0.0390 [ ]
18 —0.0903 [ ]
19 —0.0918 [ ]
20 0.0012 [ |
21 —0.0077 [ ]
22 —0.1935 [ ]
23 —0.0665 [ ]
24 0.1783 [ |
]

N
6]

0.0785 [
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minimizes the error sum of squares. The value selected is 4 = 0.814. This
relatively large value is not unexpected, because there is a very strong linear
trend in the data and considerable autocorrelation. Values of the forecast
for the next 12 periods at origin December 2004 and the associated pre-
diction interval are also shown. Finally, the residuals from the model fit
are shown along with the sample ACF and sample partial ACF plots of the
residuals. The sample ACF indicates that there may be a small amount of
structure in the residuals, but it is not enough to cause concern.

4.6.3 Estimation of 62

In the estimation of the variance of the forecast errors, GZ, it is often
assumed that the model (e.g., constant, linear trend) is correct and constant
in time. With these assumptions, we have two different ways of estimat-
ing 633

1. We already defined the one-step-ahead forecast error as ey (1) = y; —
(T — 1). The idea is to apply the model to the historic data and obtain
the forecast errors to calculate:

T

62 = % D e
=l (4.33)

T
= 2 X 0=3ft= DY
t=1

It should be noted that in the variance calculations the mean adjustment
was not needed, since for the correct model the forecasts are unbiased; that
is, the expected value of the forecast errors is 0.

As more data are collected, the variance of the forecast errors can be
updated as

~2 — ! ~2 2
G€T+1 - T—'i‘l <TG(3’T + eT+1(1)) . (434)

As discussed in Section 4.6.1, it may be counterintuitive to have a
constant forecast error variance for all lead times. We can instead define
03(1) as the 7-step-ahead forecast error variance and estimate it by

a

) 1
D= Y ei@). (4.35)

=1
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Hence the estimate in Eq. (4.35) can instead be used in the calculations
of the prediction interval for the z-step-ahead forecast.

2. For the second method of estimating o’e2 we will first define the mean
absolute deviation A as

A = E(le — E(e)]) (4.36)
and, assuming that the model is correct, calculate its estimate by
Ay =6ble (D] + (1 =8)A,_,. (4.37)
Then the estimate of the 662 is given by
6,7 = 1.25A,. (4.38)

For further details, see Montgomery et al. (1990).

4.6.4 Adaptive Updating of the Discount Factor

In the previous sections we discussed estimation of the “best” discount
factor, A, by minimizing the sum of the squared one-step-ahead forecasts
errors. However, as we have seen with the Dow Jones Index data, changes
in the underlying time series model will make it difficult for the exponential
smoother with fixed discount factor to follow these changes. Hence a need
for monitoring and, if necessary, modifying the discount factor arises. By
doing so, the discount factor will adapt to the changes in the time series
model. For that we will employ the procedure originally described by
Trigg and Leach (1967) for single discount factor. As an example we will
consider the first-order exponential smoother and modify it as

Vr = Apr + (1= Ay (4.39)
Please note that in Eq. (4.39), the discount factor A is given as a function

of time and hence it is allowed to adapt to changes in the time series model.
We also define the smoothed error as

Qr = ber(1) + (1 = 6)0r_y, (4.40)

where 6 is a smoothing parameter.
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Finally, we define the tracking signal as

Or
A,

(4.41)

where AT is given in Eq. (4.37). This ratio is expected to be close to 0 when
the forecasting system performs well and to approach +1 as it starts to fail.
In fact, Trigg and Leach (1967) suggest setting the discount factor to

lT=%

~

T

(4.42)

Equation (4.42) will allow for automatic updating of the discount factor.

Example4.6 Consider the Dow Jones Index from June 1999 to June 2006
given in Table 4.1. Figure 4.2 shows that the data do not exhibit a single
regime of constant or linear trend behavior. Hence a single exponential
smoother with adaptive discount factor as given in Eq. (4.42) can be used.
Figure 4.25 shows two simple exponential smoothers for the Dow Jones
Index: one with fixed 4 = 0.3 and another one with adaptive updating based
on the Trigg—Leach method given in Eq. (4.42).

12,000

Variable
® Dow Jones
—— TL smoother

11,000 - ) A{J. Exponential smoother {[’
°
\7 )
| e

10,000

Dow Jones

9000

8000

T T T T T T T T T T T
» 0° S QQ’ F $ ob‘ > & QQ’
500 & 0}9 Q'b* & %Q;Q V@* & "oQ'Q @fb* X3
Date

FIGURE 4.25 Time series plot of the Dow Jones Index from June 1999 to June
2006, the simple exponential smoother with 4 = 0.3, and the Trigg—Leach (TL)
smoother with 6 = 0.3.
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TABLE 4.9 The Trigg-Leach Smoother for the Dow Jones Index

Date Dow Jones  Smoothed A Error 0, D,
Jun-99 10,970.8 10,970.8 1 0 0

Jul-99 10,655.2 10,655.2 1 -315.6 —94.68 94.68
Aug-99  10,829.3 10,675.835  0.11853  174.1 —14.046 118.506
Sep-99 10,337 10,471.213  0.6039 —338.835 —111.483  184.605

Oct-99 10,729.9 10,471.753  0.00209  258.687 -0.43178  206.83

May-06  11,168.3 11,283.962  0.36695  —182.705  68.0123 185.346
Jun-06 11,247.9 11,274.523  0.26174  -36.0619  36.79 140.561

This plot shows that a better smoother can be obtained by making
automatic updates to the discount factor. The calculations for the Trigg—
Leach smoother are given in Table 4.9.

The adaptive smoothing procedure suggested by Trigg and Leach is a
useful technique. For other approaches to adaptive adjustment of exponen-
tial smoothing parameters, see Chow (1965), Roberts and Reed (1969),
and Montgomery (1970).

4.6.5 Model Assessment

If the forecast model performs as expected, the forecast errors should
not exhibit any pattern or structure; that is, they should be uncorrelated.
Therefore it is always a good idea to verify this. As noted in Chapter 2, we
can do so by calculating the sample ACF of the forecast errors from

T-1
2 [61(1) - é] [ez—k(l) - é]
rk = =* , (4.43)
T-1
Y [e(1) -2
=0

where

T
1
g=—Y e(l).
n =1

If the one-step-ahead forecast errors are indeed uncorrelated, the sample
autocorrelations for any lag k should be around 0 with a standard error

1/ ﬁ . Hence a sample autocorrelation for any lag & that lies outside the
+2/ ﬁ limits will require further investigation of the model.
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4.7 EXPONENTIAL SMOOTHING FOR SEASONAL DATA

Some time series data exhibit cyclical or seasonal patterns that cannot be
effectively modeled using the polynomial model in Eq. (4.25). Several
approaches are available for the analysis of such data. In this chapter
we will discuss exponential smoothing techniques that can be used in
modeling seasonal time series. The methodology we will focus on was
originally introduced by Holt (1957) and Winters (1960) and is generally
known as Winters’ method, where a seasonal adjustment is made to the
linear trend model. Two types of adjustments are suggested—additive and
multiplicative.

4.71 Additive Seasonal Model

Consider the US clothing sales data given in Figure 4.26. Clearly, for
certain months of every year we have high (or low) sales. Hence we can
conclude that the data exhibit seasonality. The data also exhibit a linear
trend as the sales tend to get higher for the same month as time goes on. As
the final observation, we note that the amplitude of the seasonal pattern,
that is, the range of the periodic behavior within a year, remains more or

17,500 4
° ° 4
[ )
15,000 -
[ )
[ )
0 b ° °
5 12,500 - r 0
(7]
g . !
< ° ° 4
2 10,000 s ", o %!
[} [}
g [ i f .. [ o.. '..’.. * % *
p o ® el .f’ ° °
75004 e | e N W Qe % s L .
@ Pt =y -~ o |/® & é
° L 4
[ ] I ' [ ] &
soo{& ¥ ¢ ¢

T T T T T T T T T T T
Jan-92 Jan-93 Feb-94 Mar-95 Apr96 May-97 Jun-98 Jul-99 Aug-00 Sep-01 Oct-02
Date

FIGURE 4.26 Time series plot of US clothing sales from January 1992 to
December 2003.
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less constant in time and remains independent of the average level within
a year.

We will for this case assume that the seasonal time series can be repre-
sented by the following model:

=L +S +¢, (4.44)

where L, represents the level or linear trend component and can in turn
be represented by f, + f,t; S, represents the seasonal adjustment with
S, =8,4=84=... fort=1,..., s—1, where s is the length of the
season (period) of the cycles; and the g, are assumed to be uncorrelated
with mean 0 and constant variance 0'52’ Sometimes the level is called the
permanent component. One usual restriction on this model is that the
seasonal adjustments add to zero during one season,

Y's, =o0. (4.45)
t=1

In the model given in Eq. (4.44), for forecasting the future observations,
we will employ first-order exponential smoothers with different discount
factors. The procedure for updating the parameter estimates once the cur-
rent observation y; is obtained is as follows.

Step 1. Update the estimate of L, using

Lr =207 =8 )+ (= 2) (Lo + Bi ) (4.46)

where 0 < A; < 1. It should be noted that in Eq. (4.46), the first part can
be seen as the “current” value for L; and the second part as the forecast of
L, based on the estimates at 7 — 1.

Step 2. Update the estimate of f; using

ﬂAl,T = /12(247 - Z‘T—l) + (1 - /12).31,7—19 (4.47)

where 0 < 4, < 1. As in Step 1, the estimate of #; in Eq. (4.47) can be seen
as the linear combination of the “current” value of #, and its “forecast” at
T-1.

Step 3. Update the estimate of S, using

S; = A0r—Lp) + (1 = 43)8,_,, (4.48)

where 0 < 4; < 1.
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Step 4. Finally, the 7-step-ahead forecast, y,,.(T), is
Sr40e(T) =Ly + By 77 + 8p(z — ). (4.49)

As before, estimating the initial values of the exponential smoothers is
important. For a given set of historic data with n seasons (hence ns obser-
vations), we can use the least squares estimates of the following model:

s—1

=B+ b+ Z v, — 1) +e€, (4.50)
i=1
where

I

t,i

(4.51)

1, t=iitsi+2s, ..
— 10, otherwise ’

The least squares estimates of the parameters in Eq. (4.50) are used to
obtain the initial values as

ﬂo,():zo: 0

ﬂ1,0=ﬁ1

SJ-_S=YJ- for1 <j<s-1
s—1

SOZ_ j]j

These are initial values of the model parameters at the original origin of
time, r = 0. To make forecasts from the correct origin of time the permanent
component must be shifted to time 7'by computing L, = L, + nsp,. Alter-
natively, one could smooth the parameters using equations (4.46)—(4.48)
for time periods r =1, 2,...,T.

Prediction Intervals As in the nonseasonal smoothing case, the cal-
culations of the prediction intervals would require an estimate for the
prediction error variance. The most common approach is to use the rela-
tionship between the exponential smoothing techniques and the ARIMA
models of Chapter 5 as discussed in Section 4.8, and estimate the prediction
error variance accordingly. It can be shown that the seasonal exponential
smoothing using the three parameter Holt—Winters method is optimal for
an ARIMA (0,1, s+ 1) X (0, 1, 0), process, where s represents the length of



280 EXPONENTIAL SMOOTHING METHODS

the period of the seasonal cycles. For further details, see Yar and Chatfield
(1990) and McKenzie (1986).

An alternate approach is to recognize that the additive seasonal model is
just a linear regression model and to use the ordinary least squares (OLS)
regression procedure for constructing prediction intervals as discussed in
Chapter 3. If the errors are correlated, the regression methods for autocor-
related errors could be used instead of OLS.

Example 4.7 Consider the clothing sales data given in Table 4.10. To
obtain the smoothed version of this data, we can use the Winters’ method
option in Minitab. Since the amplitude of the seasonal pattern is constant
over time, we decide to use the additive model. Two issues we have encoun-
tered in previous exponential smoothers have to be addressed in this case
as well—initial values and the choice of smoothing constants. Similar rec-
ommendations as in the previous exponential smoothing options can also
be made in this case. Of course, the choice of the smoothing constant, in
particular, is a bit more concerning since it involves the estimation of three
smoothing constants. In this example, we follow our usual recommenda-
tion and choose smoothing constants that are all equal to 0.2. For more
complicated cases, we recommend seasonal ARIMA models, which we
will discuss in Chapter 5.

Figure 4.27 shows the smoothed version of the seasonal clothing sales
data. To use this model for forecasting, let us assume that we are currently in
December 2002 and we are asked to make forecasts for the following year.
Figure 4.28 shows the forecasted sales for 2003 together with the actual
data and the 95% prediction limits. Note that the forecast for December
2003 is the 12-step-ahead forecast made in December 2002. Even though
the forecast is made further in the future, it still performs well since in the
“seasonal” sense it is in fact a one-step-ahead forecast.

4.72 Multiplicative Seasonal Model

If the amplitude of the seasonal pattern is proportional to the average
level of the seasonal time series, as in the liquor store sales data given
in Figure 4.29, the following multiplicative seasonal model will be more
appropriate:

v, =LS +e, (4.52)

where L, once again represents the permanent component (i.e., f, + f,1);
S, represents the seasonal adjustment with S, = §,,, = §,.,, = -+ for
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FIGURE 4.27 Smoothed data for the US clothing sales from January 1992 to
December 2003 using the additive model.
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FIGURE 4.28 Forecasts for 2003 for the US clothing sales.
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FIGURE 4.29 Time series plot of liquor store sales data from January 1992 to
December 2004.

t=1i,..., s — 1, where s is the length of the period of the cycles; and the ¢,
are assumed to be uncorrelated with mean 0 and constant variance ag. The
restriction for the seasonal adjustments in this case becomes

Zs: S, =s. (4.53)

As in the additive model, we will employ three exponential smoothers
to estimate the parameters in Eq. (4.52).

Step 1. Update the estimate of L, using

X y X ~
L= S—T + (1= ALy + By (4.54)
T-s

where 0 <A, < 1. Similar interpretation as in the additive model can
be made for the exponential smoother in Eq. (4.54).

Step 2. Update the estimate of f; using

ﬁl,T =y =L+ - /lz)ﬂAl,T—l’ (4.55)

where 0 < 4, < 1.
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Step 3. Update the estimate of S, using

$p = A2 + (1= ApSy,. (4.56)
Ly
where 0 </A; < 1.
Step 4. The t-step-ahead forecast, y,, .(T), is

Sr4e(D) = (L + By 70)87(z = 9). (4.57)

It will almost be necessary to obtain starting values of the model
parameters. Suppose that a record consisting of n seasons of data is
available. From this set of historical data, the initial values, £, f, .

and §, can be calculated as

A IS )_)n - )_)l
:L = ,
Poo =1Ly (n—1)s
where
yi=- 2 Vi
t=(i—1)s+1
and
A _ s A
Bio=W Eﬁo,o
.8
Sy =s——forl <j<s,
25
i=1
where

n

2 Y—1)s+j
=1y

— s+ 1)/2=)fy

St =
j

S |=

For further details, please see Montgomery et al. (1990) and Abraham
and Ledolter (1983).

Prediction Intervals Constructing prediction intervals for the multi-
plicative model is much harder than the additive model as the former is
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nonlinear. Several authors have considered this problem, including Chat-
field and Yar (1991), Sweet (1985), and Gardner (1988). Chatfield and Yar
(1991) propose an empirical method in which the length of the prediction
interval depends on the point of origin of the forecast and may decrease
in length near the low points of the seasonal cycle. They also discuss the
case where the error is assumed to be proportional to the seasonal effect
rather than constant, which is the standard assumption in Winters’ method.
Another approach would be to obtain a “linearized” version of Winters’
model by expanding it in a first-order Taylor series and use this to find
an approximate variance of the predicted value (statisticians call this the
delta method). Then this prediction variance could be used to construct
prediction intervals much as is done in the linear regression model case.

Example 4.8 Consider the liquor store data given in Table 4.11. In Fig-
ure 4.29, we can see that the amplitude of the periodic behavior gets larger
as the average level of the seasonal data gets larger due to a linear trend.
Hence the multiplicative model will be more appropriate. Figures 4.30
and 4.31 show the smoothed data with additive and multiplicative mod-
els, respectively. Based on the performance of the smoothers, it should
therefore be clear that the multiplicative model should indeed be preferred.

As for forecasting using the multiplicative model, we can assume as
usual that we are currently in December 2003 and are asked to forecast
the sales in 2004. Figure 4.32 shows the forecasts together with the actual
values and the prediction intervals.

4.8 EXPONENTIAL SMOOTHING OF
BIOSURVEILLANCE DATA

Bioterrorism is the use of biological agents in a campaign of aggression.
The use of biological agents in warfare is not new; many centuries ago
plague and other contagious diseases were employed as weapons. Their
use today is potentially catastrophic, so medical and public health officials
are designing and implementing biosurveillance systems to monitor popu-
lations for potential disease outbreaks. For example, public health officials
collect syndrome data from sources such as hospital emergency rooms,
outpatient clinics, and over-the-counter medication sales to detect disease
outbreaks, such as the onset of the flu season. For an excellent and highly
readable introduction to statistical techniques for biosurveillance and syn-
dromic surveillance, see Fricker (2013). Monitoring of syndromic data
is also a type of epidemiologic surveillance in a biosurveillance process,
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FIGURE 4.30 Smoothed data for the liquor store sales from January 1992 to
December 2004 using the additive model.

° Variable
4000 ® Actual
p Smoothed
3500 Smoothing constants
Alpha (level) 0.2
» Gamma (trend) 0.2
% 3000 ° Delta (seasonal) 0.2
g Accuracy measures
° MAPE 3.09
‘@ 2500+ MAD 64.81
° MSD 7263.29
g
= 2000-
1500
1 000 h T T T T T T T T T T
VD > O A Xl S A v &
(\,Cb QQ: Q’Q’ s \,Q» Q’Q’ O'Q) QQ Q,'Q 0,0
R SN SRV SR SRV SR Sl
Date

FIGURE 4.31 Smoothed data for the liquor store sales from January 1992 to
December 2004 using the multiplicative model.
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FIGURE 4.32 Forecasts for the liquor store sales for 2004 using the multiplica-
tive model.

where significantly higher than anticipated counts of influenza-like illness
might signal a potential bioterrorism attack.

As an example of such syndromic data, Fricker (2013) describes daily
counts of respiratory and gastrointestinal complaints for more than 2 !/,
years at several hospitals in a large metropolitan area. Table 4.12 presents
the respiratory count data from one of these hospitals. There are 980
observations. Fifty observations were missing from the original data set.
The missing values were replaced with the last value that was observed on
the same day of the week. This type of data imputation is a variation of “Hot
Deck Imputation” discussed in Section 1.4.3 and in Fricker (2013). It is
also sometimes called last observation (or Value) carried forward (LOCEF).
For additional discussion see the web site: http://missingdata.lshtm.ac.uk/.

Figure 4.33 is a time series plot of the respiratory syndrome count data
in Table 4.12. This plot was constructed using the Graph Builder feature
in JMP. This software package overlays a smoothed curve on the data. The
curve is fitted using locally weighted regression, often called loess. This
is a variation of kernel regression that uses a weighted average of the data
in a local neighborhood around a specific location to determine the value to
plot at that location. Loess usually uses either first-order linear regression
or a quadratic regression model for the weighted least squares fit. For more
information on kernel regression and loess see Montgomery, et al. (2012).


http://missingdata.lshtm.ac.uk/

( panujuod)

€
(44
LT
[43
6¢
LE
6¢
€t
(44
LT
¥¢
133
0¢
6¢
Ie
0¢
(43
Ie
194
Ie
9¢
9¢
6¢

£C6
(443
126
0c6
616
€l6
L16
916
SI6
v16
€l6
cl6
116
016
606
806
L06
906
S06
Y06
€06
06
106

8y
0oL
8y
LS
59
9¢
123
ey
[43
[43
8¢
09
9¢
(44
19
6¢
ov
59
9¢
9¢
[4%
0¢
v

€8
8
128
028
618
818
L18
918
SI8
v18
cI8
Cl8
118
018
608
808
L08
90¢
¢08
708
€08
08
108

1c
0¢
9¢
194
194
14!
14
LT
L1
14
1L
0¢
14!
14!
91
1L
1c
(44
0c
(44
L1
4!
61

€L
L
1L
0ocL
61L
8IL
LIL
91L
SIL
YIL
€lL
CIL
I1L
01L
60L
80L
LOL
90L
SOL
0L
€0L
0L
10L

(113
9¢
194
LT
0¢
9¢
9¢
€
123
194
LT
LT
(13
£3
9¢
6¢
£3
e
LT
¥e
€C
Ie
9C

€29
9
129
029
619
819
L19
919
SI9
v19
€19
<19
119
019
609
809
L09
909
S09
Y09
€09
09
109

LT
(44
8¢
0¢
L
0¢
or
[43
LT
123
0¢
ve
Iy
ov
014
C
0¢
6¢
0¢
0¢
123
LT
133

€cs
(449
1cs
0cs
61¢S
8IS
LIS
91¢
SIS
1459
A8
(459
IS
01¢
60S
80S
LOS
90S
S0s
¥0S
€0S
c0S
10S

€e
€S
6¢
9
8¢
LT
€e
I
€C
LE
Sy
133
LT
Ie
0¢
I
a9
9¢
€t
6¢
8¢
9¢
8¢

144
(4474
Iy
ocy
61y
81y
L1y
olv
Sly
1447
ey
(484
Iy
(8%
601
3017
LOV
90v
SOy
Y0P
t301%
(4014
1oy

Sl
(021
0¢
14!
el
L1
I
Sl
0TI
€
4!
91
91
I
91
(021
€C
Sl
14!
Ic
¥C
91
4!

€ce
(443
1ce
0ce
61¢
8I¢
LTE
SlI¢
SlI¢
vie
cle
cle
I1e
01e
60¢
80¢
LO€
90¢
S0¢
Y0¢
£0¢
c0¢
10€

9¢
133
(44
8¢
123
0¢
Iv
[43
9¢
81
0¢c
194
1c
(44
9¢
154
(44
€C
9¢
81
el
154
Ie

€Ce
(444
1c¢
0ce
61¢
81¢C
L1T
91¢
SIc
14X¢
€lc
(44
11¢
01¢
60¢
80¢C
L0T
90¢
S0c
¥0¢
€0¢
c0¢
10¢

8¢
9C
6¢
Iv
LT
LT
€C
8¢
LT
0S
6¢
123
LE
oy
€t
I
[43
194
(94
[43
[43
IC
0¢

eCl
Cl
¥4}
0cl
611
811
LTT
orl
STl
141!
ell
48!
IT1
0Tl
601
801
LOT
901
SOt
Y01
€01
01
101

|14
(44
9¢
6¢C
8¢
61
144
(44
1c
0¢C
6C
9!
14
6¢
€
€
123
194
81
143
Ie
6¢C
L1

A O~ NN TV O~ —~ A oM
—_ e e e e === NN

— NN <t wn \O >~

juno) Aeq wno) Aeq wuno) Aeq wuno) Aeq wno) Aeq wuno) Aeq uno) Aeg uno) Aeg wuno) Aeq Iuno) Aeq

endsoy uejjodox)dA & je syuredwo)) A10jeardsay jo syjuno) 71'v A'TAV.L

291



¢ 86 LC 8¥8 I¥ 8WL ST 89 VYT &S Iv 8 ¥I 8v¢ 8C 8¥C CC 8¥I Sv  8F
81 Lv6 C¢ Lye 6C LWL ST L¥9 Ss¢ LvS 0t Lvv VI LvE 61 LVC VO LVI @ TE Ly
¢ 96 6C 98 6C 9vL 1T 99 SC  9vS 1€ 9vp TC  Sve O0C 9vC 6C 9vl  OF  9v
Ic Ssv6 8 S¥8 0¢ SvL €€ S¥9 1T SsvS ey Sy vC  Sve LT Sy 1€ Syl Sy Sb
vyl ¥v6 SS w8 ¢ vvL ST VW9 0C vvS 9¢ vy CTI vve 6l  vvC € vl I¥ vb
Lc €¥6 6¢ €¥8 ICc  €vL 9¢ &9  6C vS e vy LI evE  vC ey 8C eyl 8C 1914
Oc o6 0S5 <8 ¢ vl 81 9 I¢ WS ve vy Ol The 61  ThC  €C Tl LE [4%
61 Iv6 & I¥8 ¥ IvL ¥ I¥9 Ie IvS ve Ivp O IvE €  Ive S¢  Ivl LT I
el ove LS O¥8 S€ OPL 6C OV9 LI OPS 61 OWr CI  Ove €I OvCc <¢€ Ovl I¢ OF
0 6¢6 9 6¢8 0t 66L TCE& 689 €C 6ES ST 6E¥ 8L 6EE  6C 6¢£C S¢ 6¢l  CC  6F
§C 8t6 G5 88 1€ B8EL 9C 89 0C 8ES 9¢ 8y I 8¢ 0¢  8¢C 8T 8l ¢ 8¢
0c Le6 SS9 Le8 €€ LeL SE€ L9 0C LES €€ Ley 81 LgEE SE  LEC 6C LEl €T LE
[ 9¢6 6¢£ 9¢8 &F 9¢L IS 9¢9 €I 9¢C¢ Ty 9¢vr  SI 9¢e  vr  9¢C 6T 9¢l T 9¢
8C S¢6 05 S€8 vy SeL €T S€9 6T Se¢ 8T  Sey GC SeE 6 S€C 60 SEl LT 133
Lc ve6  Pve  PE8  PE  PEL YT PE9 €1 PeS  Ce  vey  vI vee  vC  ved T veEl  TC PE
€C  €e6 PP €€8 £E €L €E  €E9 €T geS  LE  gevy €l gee Iy geC € gel 0C 129
9¢ C¢6 8¢ Ce8 6C CeL 9C Ce9 TC Ces 6C Ty €l cee  S¢ CeC LT Cel ST Tt
LT 1¢6 LS 1€8 9C TeL €€ 1¢9 61 IeS LT TIev I¢  Iee ey I1ec veE 1€l 91 Ie
€C 0¢6 8y 0€8 €€ 0¢L O9F 0¢£9 I€ 0¢s <C€ 0¢yr 6 0¢e 1€ 0€Cc 9¢ 0¢l  ¢C¢  O¢
L 6¢6 0L 6C8 ¥& 6CL ¢ 609 LT 6CS 66 6Cy €C 6CE 6t 6CC €I 6Cl 60 6T
¢l 86 8y 88 v¥ 8IL 9¢ 89 P& 8BS €C €y LI 8C¢ 66 8CC C¢ 8CI  6C 8¢
Oc Le6 ¢S L8 v LeL LT LC9 Sy LTS Ly LTy LT LZE 1€ LZC LT LCT  OC LT
6c 9¢6 IS 98 V¥ 9cL O0C 9¢9 ¢ 9¢¢ 1T 9¢y LI 9¢¢ €C 9¢C e 9l 0C 9¢C
Le S¢6 9¢ S¢8 91 S¢L 9T S¢9 61 ST Sy ST 9 §ce LT SCC 6V SCI ST 194
6C vi6 ¥S ¥8 6C VYL 66 ¥C9 61 Y¢S C¢ ¥y vl ¥CE L€ v 0E ¥l 60 YT

juno) Aeq wno) Aeq wuno) Aeq uno) Aeg wno) Aeq wuno) Aeq uno) Aeg uno) Aeg uno) Aeq Iuno) Aeq

(ponuyuo)) I’y ATAV.L

292



( panunuod)

143
LE
142
61
14
6¢C
€
6¢
€€
ve
133
61
ov
194
vC
ve
143
6S
6¢
9¢
SC
81
LT
LT
61
14
el

SL6
VL6
€L6
L6
1L6
0L6
696
896
L96
996
$96
796
€96
296
196
096
656
856
LS6
9¢6
Gs6
Y56
€56
S6
1S6
056
6v6

9¢
194
91
C
6C
9¢
6¢C
194
Y4
19
0¢
[43
L
6¢C
9¢
6¢C
ce
1
0¢
0¢
LT
143
6¢C
61
Y4
€
(44

GL8
VL8
€L8
L8
IL8
0L8
698
898
L98
998
¢98
798
£98
798
198
098
658
868
LS8
943
¢e8
¥S8
€68
(4%
168
0S8
6v8

14
IC
8¢
123
0¢
0s
ov
(44
123
I
ov
8¢
€t
0S
9¢
It
6¢
6¢
133
123

Ly
¥C
Ie
LE
6¢
99

SLL
YLL
eLL
CLL
ILL
0LL
69L
89L
L9L
9L
oL
YoL
9L
oL
19L
09L
6SL
8SL
LSL
SSL
esL
YSL
€SL
L
ISL
0SL
6vL

€
61
el
[44
91
91
14!
€
9!
61
vC
14
81
6C
1c
1c
61
€
0¢
el
0¢
IT
LT
9¢
81
€C
61

SL9
VL9
€L9
L9
IL9
0L9
699
899
L99
999
S99
99
€99
299
199
099
659
859
LS9
9¢9
99
125
€59
9
1S9
059
6v9

0¢
6¢
133
133
LT
€
€
Y4
€e
9¢
93
or
61
€e
94
(44
154
[43
4
123
LT
€e
9¢
ce
L
€C
94

SLS
VLS
€LS
LS
ILS
0LS
69S
89¢
L9S
99¢
§9¢
¥9¢
£9¢
98
19¢
09¢
6SS
8S¢S
LSS
999
gss
1255
€58
(4%
[6S
0S¢
6vS

€t
014
6¢
133
IC
81
S
6¢
€t
99
LT
€
9
133
9
9C
0c
¥e
4!
(44
123
oy
oy
LT
194
€
Sl

SLy
LY
eLy
Ly
ILy
0Ly
691
891
L9v
99¥
Sov
Yov
(394
(214
19¢
09%
651
85T
LSy
199%
1994
1234
€Sy
(494
194
0S¥
($124

[43
1213
1914
v
133
I
[43
C
LE
0¢
14
143
8¢
0¢
€C
9¢
Ic
LT
(44
1T
Sl
LT
81

9!
61

SLE
YLE
€LE
CLE
ILE
0LE
69¢
89¢
L9¢
99¢
g9¢
¥9¢
€9¢
9¢
19¢
09¢
65¢
86¢
LSE
943
gse
1232
€5¢
(443
843
0S¢
6v¢

194
el
0¢C
1c
1c
0c
0c

61
14
el
61
0c
Sl
1C
[43
¢¢
9¢
194
61
LT
6¢C
0¢
123
1L
6¢C
61

SLT
VLT
€LT
CLT
1L¢
0L¢
69¢
89¢C
L9T
99¢
§9¢
¥9¢
£9¢
9¢
19¢
09¢
6S¢
8S¢C
LST
9Y4
944
124
£6¢
(44
16C
0S¢
6¥¢

6¢
LE
61
123
Ie
Ie
9¢
8¢
LT
9C
(44
e
6¢
133
6¢
(44
0c
61
81
C
L1
14
0¢
IC
¥¢
Ic
0¢

SLI
VLI
eLl
CLI
ILT
OLT
691
891
L91
991
S91
124!
€91
a1
191
091
6S1
861
LST
Y|
99!
127!
€Sl
(49!
IST
0ST
ov1

9%
6
1914
9¢
LE
0s
144
LE
Sy
€
ov
6y
9
99
[4%
ey
gt
09
IS
IS
9¢
[44
(974
IC
IS
1S
8v

SL
YL
€L
L
IL
0L
69
89
L9
99
<9
9
€9
9
19
09
65
8¢
LS
199
Y
123
€S
[43
IS
0S
6v

293



¢ 006 6¢£ 008 LI 00L 9¢ 009 € 00S Oy OOy €I 00c ST 00C +¥C 001
ve 668 TS 66L 9T 669 LE 665 S 66V 9¢ 66€ SI  66C ST 661 OF 66
e 868 ¥S 8L 91 869 Iy 865 6¢ 86v LT 86E SI  86C Ol 86l GS€ 86
€€ L68 9F L6L CC L69 ve L6S 9T Loy €T L6t €I L6C €€ L6l Oy L6
9¢ 968 0 96L ¥I 969 Oy 965 9T 96y ST 96t LI 96C ST 961 € 96
8¢ G668 v¢ S6L YT S69 ¥ S6S 0 S6y 9T S6E €C S6C CC S6l T S6
Ie ¥68 9¢ ¥6L 81 ¥69 9C v6S vC  v6¥ LT v6¢ 8 v6C LI ¥61 Lv V6
¢ €68 Cr oL 0T €69 9¢  €6S Ie o vI c6E ST €6C 61 €6l 8C €6
6C <68 v 6L €T C69 L C6S Ie o6y C¢ cee LI T6Cc 81 Tl 1YV C6
9¢ 168 Sv¥ I6L 11 169 Iy 16§ ¢ 1oy 0¢ lee +vI 16Cc 9C 16l  6C 16
Sy 068 € 06L Il 069 ¥E 065 ¥ 06y ¥C 066 91 06 6C 061 8¢ 06
9¢ 688 I¢ 68L 91 689 Oy 685 6C 68y 9C 68¢ TC 68C 6 68 IV 68
6C 888 ¢ 8L SI 889 6C 88S I¢ 8y 9¢ 83¢ SI 88C €C 88 0O¢ 38
Yo L88 €¢  L8L 81 L89 ST L8S €T L8y 9¢ LBE ¥C L8C SC L8I €€ L8
Ie 988 ¢¢ 98L 91 989 8¢ 98¢ I¢ 98y 8¢ 98¢ O0C 98C 6C 981 O9r 98
vo 688 ¢y S8L 81 689 9T S8 s S8y Ty 8¢ 0OC S8C 9C S8 OF S8
9¢ ¥88 IS ¥8L I ¥€9 Iy ¥8S 9¢ ¥8y C& ¥8E 0OC +¥8C C¢ V81 e  ¥8
e €88 Iy ¢€8L II €89 C¢ €8S 6 €8y 9¢ €8¢ 81 €8C S¢ €81 LS €8
6c <88 Iy 8L ST 89 ¥C C8S 6C 8y S C8E v¥C C8C 9t T8I TE 4]
6c I8 ¢cc I8L ST 189 Cce¢ I8¢ 9¢ I8y LC I8E 61 I8C S I81 6C I8
8C 08 S¢ 08 S¢ 08L €¢I 089 ¥ 088G s¢€ 08 C& 08¢ C¢ 08C 8C O8I €€ 08
9¢ 6L6 Y& 6L8 L€ 6LL ¥YI 6L9 €C 6LS VY€ 6LV ST 6L C¢ 6LC I¢ 6Ll  PE 6L
8 8L6 6C 8L8 6¢ 8LL O 8.9 9C¢ 8LS 9¢ 8Ly LC 8LE 81 8LC TF 8Ll 6V 8L
Le LL6 VYT LL8 Yy LLL 91 LL9 9T LLS OC LLVY TV LLE 91 LLC 9t LLT 6V LL
6C 9L6 SC 9.8 L 9LL ¥I 9.9 €€ 9LS S 9Ly 8C 9LE 6C 9LC C€ 9Ll S9 9L

juno) Aeg wuno) Ae( uno) Aeq wuno) Aeg wno) Aeq uno) Aeq uno) Aeg uno) Aeq Iuno) Aeq Iuno) Aeq

(ponuyuo)) I’y ATAV.L

294



EXPONENTIAL SMOOTHING OF BIOSURVEILLANCE DATA 295

70 A1

60 1

50 1

40 1

30 1

20 A

Respiratory syndrome count

10 4

0 100 200 300 400 500 600 700 800 900 1000
Day

FIGURE4.33 Time series plot of daily respiratory syndrome count, with kernel-
smoothed fitted line. (o = 0.1).

Over the 2 !/, year period, the daily counts of the respiratory syn-
drome appear to follow a weak seasonal pattern, with the highest peak
in November—December (late fall), a secondary peak in March—April, and
then decreasing to the lowest counts in June—August (summer). The ampli-
tude, or range within a year, seems to vary, but counts do not appear to be
increasing or decreasing over time.

Not immediately evident from the time series plots is a potential day
effect. The box plots of the residuals from the loess smoothed line in
Figure 4.33 are plotted in Figure 4.34 versus day of the week. These
plots exhibit variation that indicates slightly higher-than-expected counts
on Monday and slightly lower-than-expected counts on Thursday, Friday,
and Saturday.

The exponential smoothing procedure in JMP was applied to the res-
piratory syndrome data. The results of first-order or simple exponential
smoothing are summarized in Table 4.13 and Figure 4.35, which plots only
the last 100 observations along with the smoothed values. JMP reported
the value of the smoothing constant that produced the minimum value of
the error sum of squares as 4 = 0.21. This value also minimizes the AIC
and BIC criteria, and results in the smallest values of the mean absolute
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FIGURE 4.34 Box plots of residuals from the kernel-smoothed line fit to daily
respiratory syndrome count.

prediction error and the mean absolute, although there is very little differ-
ence between the optimal value of 4 = 0.21 and the values 4 = 0.1 and
A=04.

The results of using second-order exponential smoothing are summa-
rized in Table 4.14 and illustrated graphically for the last 100 observations
in Figure 4.36. There is not a lot of difference between the two procedures,
although the optimal first-order smoother does perform slightly better and
the larger smoothing parameters in the double smoother perform more
poorly.

Single and double exponential smoothing do not account for the appar-
ent mild seasonality observed in the original time series plot of the data.

TABLE 4.13 First-Order Simple Exponential Smoothing Applied to the
Respiratory Data

Model Variance  AIC BIC MAPE MAE

First-Order Exponential (min SSE, 52.66 6660.81 6665.70 21.43 5.67
A=0.21)

First-Order Exponential (1 = 0.1) 55.65 6714.67 6714.67 2223 5.85

First-Order Exponential (1 = 0.4) 55.21 6705.63 6705.63 21.87 5.82
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FIGURE 4.35 Respiratory syndrome counts using first-order exponential
smoothing with A =0.1, A = 0.21 (min SSE), and 1 =0.4.

We used JMP to fit Winters’ additive seasonal model to the respiratory
syndrome count data. Because the seasonal patterns are not strong, we
investigated seasons of length 3, 7, and 12 periods. The results are summa-
rized in Table 4.15 and illustrated graphically for the last 100 observations
in Figure 4.37. The 7-period season works best, probably reflecting the
daily seasonal pattern that we observed in Figure 4.34. This is also the
best smoother of all the techniques that were investigated. The values of
A =0 for the trend and seasonal components in this model are an indication
that there is not a significant linear trend in the data and that the seasonal
pattern is relatively stable over the period of available data.

TABLE 4.14 Second-Order Simple Exponential Smoothing Applied to the
Respiratory Data

Model Variance AIC BIC MAPE MAE

Second-Order Exponential 54.37 6690.98 6695.86 21.71 5.78
(min SSE, 4 =0.10)

Second-Order Exponential 58.22 675437 675437 2244 5098
(4=0.2)

Second-Order Exponential 74.46 6992.64 6992.64 2510 6.74
(4=04)
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FIGURE 4.36 Respiratory syndrome counts using second-order exponential
smoothing with 4 = 0.10 (min SSE), 4 =0.2, and 4 = 0.4.

TABLE 4.15 Winters’ Additive Seasonal Exponential Smoothing Applied

to the Respiratory Data

Model Variance AIC

BIC

MAPE MAE

S=3

Winters Additive (min SSE, 52.75
A1=0.21,A2=0,43=0)

Winters Additive (A1 = 0.2, 57.56
A2=0.1,43=0.1)

S=7

Winters Additive (min SSE, 49.77
A1=022,A2=0,43=0)

Winters Additive (A1 = 0.2, 54.27
A2=0.1,13=0.1)

S=12

Winters Additive (min SSE, 52.74
A1=021,A2=0,43=0)

Winters Additive (A1 = 0.2, 58.76
A2=0.1,43=0.1)

6662.75

6731.59

6593.83

6652.57

6635.58

6703.79

6677.40

6731.59

6608.47

6652.57

6650.21

6703.79

21.70

22.38

21.10

21.47

22.13

22.717

5.72

5.94

5.56

5.70

5.84

6.08
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FIGURE 4.37 Respiratory syndrome counts using winters’ additive seasonal
exponential smoothing with S =3, S =7, and S = 12, and smoothing parameters
that minimize SSE.

4.9 EXPONENTIAL SMOOTHERS AND ARIMA MODELS

The first-order exponential smoother presented in Section 4.2 is a very
effective model in forecasting. The discount factor, 4, makes this smoother
fairly flexible in handling time series data with various characteristics. The
first-order exponential smoother is particularly good in forecasting time
series data with certain specific characteristics.

Recall that the first-order exponential smoother is given as

yr=4yr+ U= Dyr, (4.58)
and the forecast error is defined as
er =Yyr = Ir-1- (4.59)
Similarly, we have

er_1 =Yr-1 — Yr-a- (4.60)
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By multiplying Eq. (4.60) by (1 — A) and subtracting it from Eq. (4.59),
we obtain
er—(L=MDer_y =0r =) =0 = D071 = Ir2)
=yr =Yro1 = Vo F Ay + (L= A,
o (4.61)

=9T—1

=Yr —Yro1 — Yr-1 + I
=Yr = Vr-1-
We can rewrite Eq. (4.61) as

Yr = Yr-1 = er — Oer_y, (4.62)

where § = 1 — 4. Recall from Chapter 2 the backshift operator, B, defined
as B(y,) = y,_;. Thus Eq. (4.62) becomes

(1 = By, = (1 — 6B)e;. (4.63)

We will see in Chapter 5 that the model in Eq. (4.63) is called the
integrated moving average model denoted as IMA(1,1), for the backshift
operator is used only once on y; and only once on the error. It can be
shown that if the process exhibits the dynamics defined in Eq. (4.63),
that is an IMA(1,1) process, the first-order exponential smoother provides
minimum mean squared error (MMSE) forecasts (see Muth (1960), Box
and Luceno (1997), and Box, Jenkins, and Reinsel (1994)). For more
discussion of the equivalence between exponential smoothing techniques
and the ARIMA models, see Abraham and Ledolter (1983), Cogger (1974),
Goodman (1974), Pandit and Wu (1974), and McKenzie (1984).

4.10 R COMMANDS FOR CHAPTER 4

Example 4.1 The Dow Jones index data are in the second column of the
array called dji.data in which the first column is the month of the year. We
can use the following simple function to obtain the first-order exponential
smoothing

firstsmooth<—function(y,lambda,start:y[l]){
ytilde<-y
ytilde[1l]<-lambda*y[1]+ (1-lambda) *start
for (i in 2:length(y)){
ytilde[i]l<-lambda*y[i]+ (1-lambda) *ytilde[i-1]
}

ytilde

}
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Note that this function uses the first observation as the starting value
by default. One can change this by providing a specific start value when
calling the function.

We can then obtain the smoothed version of the data for a specified
lambda value and plot the fitted value as the following:

dji.smoothl<-firstsmooth(y=dji.datal,2],lambda=0.4)

plot (dji.datal,2],type="p", pch=16,cex=.5,xlab="'Date',ylab="Dow
Jones',xaxt='n"')

axis(l, seq(l1,85,12), dji.datalseqg(1,85,12),1])

lines (dji.smoothl)

10,000
!

Dow Jones

8000
1

T T T T T T T T
Jun-99 Jun-01 Jun-03 Jun-05

Date

For the first-order exponential smoothing, measures of accuracy such as
MAPE, MAD, and MSD can be obtained from the following function:

measacc.fs<- function(y,lambda){

out<- firstsmooth (y,lambda)

T<-length(y)

#Smoothed version of the original is the one step
ahead prediction

#Hence the predictions (forecasts) are given as

pred<-c(y[1],out[1:(T-1)])

prederr<- y-pred

SSE<-sum(prederr”2)

MAPE<-100*sum (abs (prederr/y)) /T

MAD<-sum (abs (prederr) ) /T

MSD<-sum (prederr”"2) /T

retl<-c (SSE,MAPE, MAD, MSD)

names (retl) <-c ("SSE", "MAPE", "MAD", "MSD")

return (retl)

measacc.fs(dji.datal,2],0.4)
SSE MAPE MAD MSD
1.665968e+07 3.461342e+00 3.356325e+02 1.959962e+05
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Note that alternatively we could use the Holt—Winters function from
the stats package. The function requires three parameters (alpha, beta,
and gamma) to be defined. Providing a specific value for alpha and set-
ting beta and gamma to “FALSE” give the first-order exponential as the
following

djil.fit<-HoltWinters(dji.datal,2],alpha=.4, beta=FALSE, gamma=FALSE)

Beta corresponds to the second-order smoothing (or the trend term) and
gamma is for the seasonal effect.

Example 4.2 The US CPI data are in the second column of the array
called cpi.data in which the first column is the month of the year. For this
case we use the firstsmooth function twice to obtain the double exponential
smoothing as

cpi.smoothl<-firstsmooth(y=cpi.datal,2],lambda=0.3)

cpi.smooth2<-firstsmooth (y=cpi.smoothl, lambda=0.3)

cpi.hat<-2*cpi.smoothl-cpi.smooth2 #Equation 4.23

plot (cpi.datal,2],type="p", pch=16,cex=.5,xlab="'Date',ylab="'CPI',
xaxt='n")

axis(l, seq(1l,120,24), cpi.datalseq(1l,120,24),1])

lines (cpi.hat)

CPI
170 180 190
1 1 1

160
1

150

T I I I I
Jan-1995 Jan-1999 Jan-2003

Date

Note that the fitted values are obtained using Eq. (4.23). Also the corre-
sponding command using Holt—Winters function is

HoltWinters (cpi.datal,2],alpha=0.3, beta=0.3, gamma=FALSE)
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Example 4.3 In this example we use the firstsmooth function twice for
the Dow Jones Index data to obtain the double exponential smoothing as
in the previous example.

dji.smoothl<-firstsmooth (y=dji.datal,2],lambda=0.3)
dji.smooth2<-firstsmooth (y=dji.smoothl, lambda=0.3)
dji.hat<-2*dji.smoothl-dji.smooth2 #Equation 4.23

plot (dji.datal,2],type="p", pch=16,cex=.5,xlab="Date',ylab="Dow
Jones',xaxt='n")

axis(1l, seq(1,85,12), cpi.datalseq(1,85,12),1])

lines(dji.hat)

Dow Jones
10,000

8000

Jan-1999  Jan-2001
Date

Jan-1995  Jan-1997

Example 4.4 The average speed data are in the second column of the
array called speed.data in which the first column is the index for the week.
To find the “best” smoothing constant, we will use the firstsmooth function
for various lambda values and obtain the sum of squared one-step-ahead
prediction error (SSy) for each. The lambda value that minimizes the sum
of squared prediction errors is deemed the “best” lambda. The obvious
option is to apply firstsmooth function in a for loop to obtain SS; for
various lambda values. Even though in this case this may not be an issue,
in many cases for loops can slow down the computations in R and are to
be avoided if possible. We will do that using sapply function.

lambda.vec<-seqg (0.1, 0.9, 0.1)
sse.speed<—function(sc){measacc.fs(speed.data[l:78,2],sc)[1]}
sse.vec<-sapply (lambda.vec, sse.speed)

opt.lambda<-lambda.vec[sse.vec == min(sse.vec)]

plot (lambda.vec, sse.vec, type="b", main = "SSE vs. lambda\n",
xlab:‘lambda\n‘,ylab:'SSE‘)

abline (v=opt.lambda, col = 'red')

mtext (text = paste("SSE min = ", round(min(sse.vec),2), "\n lambda

= ", opt.lambda))
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SSE vs. lambda
SSE min = 116.69
lambda = 0.4

126
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Lambda

Note that we can also use Holt—Winters function to find the “best” value
for the smoothing constant by not specifying the appropriate parameter as
the following:

HoltWinters (speed.datal,2], beta=FALSE, gamma=FALSE)

Example 4.5 We will first try to find the best lambda for the CPI data
using first-order exponential smoothing. We will also plot ACF of the data.
Note that we will use the data up to December 2003.

lambda.vec<-c(seqg(0.1, 0.9, 0.1), .95, .99)

sse.cpi<-function (sc){measacc.fs(cpi.datal1:108,2],sc) [1]}

sse.vec<-sapply(lambda.vec, sse.cpi)

opt .lambda<-lambda.vec [sse.vec == min(sse.vec)]

plot (lambda.vec, sse.vec, type="b", main = "SSE vs. lambda\n",
xlab:'lambda\n',ylab:'SSE', pch=16,cex=.5)

acf (cpi.data[1:108,2],lag.max=25)

SSE vs. lambda

SSE

T T T T T
0.2 0.4 0.6 0.8 1.0

Lambda
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Series cpi.data[1:108, 2]

We now use the second-order exponential smoothing with lambda of 0.3.
We calculate the forecasts using Eq. (4.31) for the two options suggested
in the Example 4.5.

Option 1: On December 2003, make the forecasts for the entire 2004
(1- to 12-step-ahead forecasts).

lcpi<-0.3

cpi.smoothl<-firstsmooth(y=cpi.data[1:108,2],lambda=1cpi)

cpi.smooth2<-firstsmooth (y=cpi.smoothl, lambda=1cpi)

cpi.hat<-2*cpi.smoothl-cpi.smooth2

tau<-1:12

T<-length (cpi.smoothl)

cpi.forecast<- (2+tau* (lcpi/ (1-1cpi))) *cpi.smoothl [T] - (1+tau* (lcpi/
(1-1cpi))) *cpi.smooth2 [T]

ctau<-sqgrt (1+(lepi/ ((2-1cpi) "3)) *(10-14*1lcpi+5* (lcpi”2) +2*tau*lcpi
*(4-3*1cpi)+2* (tau”2) * (lcpi™2)))

alpha.lev<-.05

sig.est<- sqgrt(var(cpi.data[2:108,2]- cpi.hat[1:107]))

cl<-gnorm(l-alpha.lev/2) * (ctau/ctaull]) *sig.est

plot (cpi.data[1:108,2],type="p", pch=16,cex=.5,xlab="'Date’,
ylab="'CPI',xaxt="'n',xlim=c(1,120),ylim=c(150,192))

axis(1l, seq(1,120,24), cpi.datalseqg(1l,120,24),1])

points(109:120,cpi.data[109:120,2])

lines(109:120,cpi.forecast)

lines(109:120,cpi.forecast+cl)

lines(109:120,cpi.forecast-cl)
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Option 2: On December 2003, make the forecast for January 2004. Then
when January 2004 data are available, make the forecast for February 2004
(only one-step-ahead forecasts).

lcpi<-0.3

T<-108

tau<-12

alpha.lev<-.05
cpi.forecast<-rep (0, tau)
cl<-rep (0, tau)
cpi.smoothl<-rep (0, T+tau)
cpi.smooth2<-rep (0, T+tau)

for (i in 1:tau) {
cpi.smoothl [1: (T+i-1)]<-firstsmooth(y=cpi.data[l: (T+i-1),2],

lambda=1cpi)
cpi.smooth2[1: (T+i-1)]<-firstsmooth (y=cpi.smoothl[1: (T+i-1)1,
lambda=1cpi)
cpi.forecast[il<- (2+(lcpi/ (1-1lcpi))) *cpi.smoothl [T+i-1]-

(1+(lcpi/ (1-1cpi))) *cpi.smooth2 [T+i-1]
cpi.hat<-2*cpi.smoothl [1: (T+i-1)]-cpi.smooth2[1: (T+i-1)]
sig.est<- sqgrt(var(cpi.datal2: (T+i-1),2]- cpi.hat[1:(T+i-2)]))
cl[i]l<-gnorm(l-alpha.lev/2) *sig.est

}

plot (cpi.datall:T,2],type="p", pch=16,cex=.5,xlab="'Date',ylab="'CPI"',
xaxt='n',xlim=c (1, T+tau) ,ylim=c(150,192))

axis(1l, seqg(l,T+tau,24), cpi.datalseqg(l,T+tau,24),1])

points ((T+1) : (T+tau) ,cpi.datal[(T+1) : (T+tau),2],cex=.5)

lines ((T+1) : (T+tau),cpi.forecast)

lines ((T+1) : (T+tau) ,cpi.forecast+cl)

lines ((T+1) : (T+tau),cpi.forecast-cl)
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Example 4.6  The function for the Trigg—Leach smoother is given as:

tlsmooth<—function(y,gamma,y.tilde.start:y[1],lambda.start:l){
T<-length(y)

#Initialize the vectors
Qt<-vector ()
Dt<-vector ()
y.tilde<-vector ()
lambda<-vector ()
err<-vector ()

#Set the starting values for the vectors
lambda[l] =lambda.start
y.tilde[1l]=y.tilde.start
Qt[1]<-0
Dt[1]<-0
err[1]<-0

for (i in 2:T){
err[il<-y[i]l-y.tilde[i-1]
Qt [i]l <-gamma*err [i] + (1-gamma) *Qt [1i-1]
Dt [i] <-gamma*abs (err[i]) + (1-gamma) *Dt [1-1]
lambda[i]<-abs (Qt [1] /Dt [i])
y.tilde[il=lambda[il*y[i] + (1-lambdal[i])*y.tilde[i-1]

}

return (cbind(y.tilde, lambda, err,Qt,Dt))

}

#Obtain the TL smoother for Dow Jones Index
out.tl.dji<-tlsmooth(dji.datal,2],0.3)
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#Obtain the exponential smoother for Dow Jones Index
dji.smoothl<-firstsmooth(y=dji.datal,2],lambda=0.4)

#Plot the data together with TL and exponential smoother for
comparison

plot (dji.datal,2],type="p", pch=16,cex=.5,xlab="'Date',ylab="'Dow
Jones',xaxt='n"')

axis(l, seq(l,85,12), cpi.datalseqg(1,85,12),1])

lines(out.tl.djil[,11])

lines (dji.smoothl, col="grey40")

legend (60,8000,c("Dow Jones","TL Smoother", "Exponential Smoother"),
pch=c (16, NA, NA),lwd=c(NA, .5,.5),cex=.55,col=c("black",
"black", "grey40"))

Example 4.7 The clothing sales data are in the second column of the
array called closales.data in which the first column is the month of the
year. We will use the data up to December 2002 to fit the model and make
forecasts for the coming year (2003). We will use Holt—Winters function
given in stats package. The model is additive seasonal model with all
parameters equal to 0.2.

dat.ts = ts(closales.datal[,2], start = c(1992,1), freq = 12)

yl<-closales.data[1:132,]

# convert data to ts object

yl.ts<-ts(yll[,2], start = c(1992,1), freq = 12)

clo.hwl<-HoltWinters(yl.ts,alpha=0.2,beta=0.2,gamma=0.2, seasonal
="additive")

plot (yl.ts,type="p", pch=16,cex=.5,xlab="'Date',ylab="'Sales")

lines(clo.hwlsfitted[,1])
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#Forecast the the sales for 2003
y2<-closales.data[133:144,]
y2.ts<-ts(y2[,2],start=c(2003,1), freqg=12)

y2.forecast<-predict (clo.hwl, n.ahead=12, prediction.interval
= TRUE)

plot (yl.ts,type="p", pch=16,cex=.5,xlab="'Date',ylab="Sales"',
x1lim=c (1992,2004))

points(y2.ts)

lines (y2.forecast[,1])

lines (y2.forecast[,2])

lines(y2.forecast[,3])
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Example 4.8 The liquor store sales data are in the second column of
the array called ligsales.data in which the first column is the month of the
year. We will first fit additive and multiplicative seasonal models to the
entire data to see the difference in the fits. Then we will use the data up to
December 2003 to fit the multiplicative model and make forecasts for the
coming year (2004). We will once again use Holt—Winters function given
in stats package. In all cases we set all parameters to 0.2.

y.ts<- ts(ligsales.datal,2], start = c(1992,1), freqg = 12)

lig.hw.add<-HoltWinters(y.ts,alpha=0.2,beta=0.2,gamma=0.2,
seasonal="additive")

plot (y.ts,type="p", pch=16,cex=.5,xlab="'Date',ylab="'Sales’',
main="Additive Model")

lines(lig.hw.adds$fitted[,1])
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lig.hw.mult<-HoltWinters (y.ts,alpha=0.2,beta=0.2,gamma=0.2,
seasonal="multiplicative")

plot (y.ts,type="p", pch=16,cex=.5,xlab="'Date',ylab="'Sales"',
main="Multiplicative Model")

lines(lig.hw.multsSfitted[,1])
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yl<-ligsales.data[1:144,]

vl.ts<-ts(yll[,2], start = c(1992,1), freq = 12)

lig.hwl<-HoltWinters(yl.ts,alpha=0.2,beta=0.2,gamma=0.2,
seasonal="multiplicative")

y2<-ligsales.data[145:156,]

y2.ts<-ts(y2[,2],start=c(2004,1), freqg=12)

vy2.forecast<-predict (lig.hwl, n.ahead=12, prediction.interval

TRUE)
plot (yl.ts, type="p",
x1lim=c (1992,2005))
points(y2.ts)
lines(y2.forecast([,1])

pch=16,cex=.5,xlab="'Date',ylab="'Sales"',

lines (y2.forecast[,2])
lines (y2.forecast[,3])
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EXERCISES

4.1 Consider the time series data shown in Table E4.1.
a. Make a time series plot of the data.

311

b. Use simple exponential smoothing with A = 0.2 to smooth the
first 40 time periods of this data. How well does this smoothing

procedure work?

¢. Make one-step-ahead forecasts of the last 10 observations. Deter-

mine the forecast errors.
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TABLE E4.1 Data for Exercise 4.1

Period

vy, Period 'y, Period 'y, Period 'y, Period 'y,

—_—

SO O 00NN W~

48.7 11 49.1 21 45.3 31 50.8 41 47.9
45.8 12 46.7 22 43.3 32 46.4 42 49.5
46.4 13 47.8 23 44.6 33 523 43 44.0
46.2 14 45.8 24 47.1 34 50.5 44 53.8
44.0 15 45.5 25 534 35 534 45 525
53.8 16 49.2 26 44.9 36 53.9 46 52.0
47.6 17 54.8 27 50.5 37 523 47 50.6
47.0 18 44.7 28 48.1 38 53.0 48 48.7
47.6 19 51.1 29 45.4 39 48.6 49 514
51.1 20 47.3 30 51.6 40 524 50 47.7

4.2 Reconsider the time series data shown in Table E4.1.

4.3

4.4

4.5

a.

Use simple exponential smoothing with the optimum value of A
to smooth the first 40 time periods of this data (you can find the
optimum value from Minitab). How well does this smoothing
procedure work? Compare the results with those obtained in
Exercise 4.1.

Make one-step-ahead forecasts of the last 10 observations. Deter-
mine the forecast errors. Compare these forecast errors with those
from Exercise 4.1. How much has using the optimum value of
the smoothing constant improved the forecasts?

Find the sample ACF for the time series in Table E4.1. Does this give
you any insight about the optimum value of the smoothing constant
that you found in Exercise 4.2?

Consider the time series data shown in Table E4.2.

a.
b.

Make a time series plot of the data.

Use simple exponential smoothing with 4 = 0.2 to smooth the
first 40 time periods of this data. How well does this smoothing
procedure work?

Make one-step-ahead forecasts of the last 10 observations. Deter-
mine the forecast errors.

Reconsider the time series data shown in Table E4.2.

a.

Use simple exponential smoothing with the optimum value of 4
to smooth the first 40 time periods of this data (you can find the
optimum value from Minitab). How well does this smoothing
procedure work? Compare the results with those obtained in
Exercise 4.4.
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TABLE E4.2 Data for Exercise 4.4
Period Yt Period Yt Period Yt Period Yt Period Yt
1 43.1 11 41.8 21 47.7 31 52.9 41 48.3
2 43.7 12 50.7 22 51.1 32 47.3 42 45.0
3 45.3 13 55.8 23 67.1 33 50.0 43 55.2
4 47.3 14 48.7 24 47.2 34 56.7 44 63.7
5 50.6 15 48.2 25 50.4 35 423 45 64.4
6 54.0 16 46.9 26 442 36 52.0 46 66.8
7 46.2 17 47.4 27 52.0 37 48.6 47 63.3
8 49.3 18 49.2 28 35.5 38 51.5 48 60.0
9 53.9 19 50.9 29 48.4 39 49.5 49 60.9
10 42.5 20 55.3 30 55.4 40 51.4 50 56.1

4.6

4.7

b. Make one-step-ahead forecasts of the last 10 observations. Deter-
mine the forecast errors. Compare these forecast errors with those
from Exercise 4.4. How much has using the optimum value of
the smoothing constant improved the forecasts?

Find the sample ACF for the time series in Table E4.2. Does this give
you any insight about the optimum value of the smoothing constant

that you found in Exercise 4.5?

Consider the time series data shown in Table E4.3.

a. Make a time series plot of the data.

b. Use simple exponential smoothing with A = 0.1 to smooth the
first 30 time periods of this data. How well does this smoothing
procedure work?

TABLE E4.3 Data for Exercise 4.7

Period Yt Period Yt Period Yt Period Yt Period Yt
1 275 11 297 21 231 31 255 41 293
2 245 12 235 22 238 32 255 42 284
3 222 13 237 23 251 33 229 43 276
4 169 14 203 24 253 34 286 44 290
5 236 15 238 25 283 35 236 45 250
6 259 16 232 26 283 36 194 46 235
7 268 17 206 27 245 37 228 47 275
8 225 18 295 28 234 38 244 48 350
9 246 19 247 29 273 39 241 49 290

10 263 20 227 30 293 40 284 50 269




314

4.8

EXPONENTIAL SMOOTHING METHODS

Make one-step-ahead forecasts of the last 20 observations. Deter-
mine the forecast errors.

Plot the forecast errors on a control chart for individuals. Use
a moving range chart to estimate the standard deviation of the
forecast errors in constructing this chart. What conclusions can
you draw about the forecasting procedure and the time series?

The data in Table E4.4 exhibit a linear trend.

a.
b.

Verify that there is a trend by plotting the data.

Using the first 12 observations, develop an appropriate procedure
for forecasting.

Forecast the last 12 observations and calculate the forecast errors.
Does the forecasting procedure seem to be working satisfacto-
rily?

TABLE E4.4 Data for Exercise 4.8

Period Yt Period It
1 315 13 460
2 195 14 395
3 310 15 390
4 316 16 450
5 325 17 458
6 335 18 570
7 318 19 520
8 355 20 400
9 420 21 420

10 410 22 580

11 485 23 475

12 420 24 560

4.9 Reconsider the linear trend data in Table E4.4. Take the first differ-
ence of this data and plot the time series of first differences. Has
differencing removed the trend? Use exponential smoothing on the
first 11 differences. Instead of forecasting the original data, fore-
cast the first differences for the remaining data using exponential
smoothing and use these forecasts of the first differences to obtain
forecasts for the original data.

4.10

Table B.1 in Appendix B contains data on the market yield on US
Treasury Securities at 10-year constant maturity.

a.

Make a time series plot of the data.
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Use simple exponential smoothing with 4 = 0.2 to smooth the
data, excluding the last 20 observations. How well does this
smoothing procedure work?

Make one-step-ahead forecasts of the last 20 observations. Deter-
mine the forecast errors.

Reconsider the US Treasury Securities data shown in Table B.1.

a.

Use simple exponential smoothing with the optimum value of 1 to
smooth the data, excluding the last 20 observations (you can find
the optimum value from Minitab). How well does this smoothing
procedure work? Compare the results with those obtained in
Exercise 4.10.

Make one-step-ahead forecasts of the last 10 observations. Deter-
mine the forecast errors. Compare these forecast errors with those
from Exercise 4.10. How much has using the optimum value of
the smoothing constant improved the forecasts?

Table B.2 contains data on pharmaceutical product sales.

a.
b.

Make a time series plot of the data.

Use simple exponential smoothing with 4 = 0.1 to smooth this
data. How well does this smoothing procedure work?

Make one-step-ahead forecasts of the last 10 observations. Deter-
mine the forecast errors.

Reconsider the pharmaceutical sales data shown in Table B.2.

a.

Use simple exponential smoothing with the optimum value
of A1 to smooth the data (you can find the optimum value
from either Minitab or JMP). How well does this smoothing
procedure work? Compare the results with those obtained in
Exercise 4.12.

Make one-step-ahead forecasts of the last 10 observations. Deter-
mine the forecast errors. Compare these forecast errors with those
from Exercise 4.12. How much has using the optimum value of
the smoothing constant improved the forecasts?

Construct the sample ACF for these data. Does this give you any
insight regarding the optimum value of the smoothing constant?

Table B.3 contains data on chemical process viscosity.

a.
b.

Make a time series plot of the data.

Use simple exponential smoothing with 4 = 0.1 to smooth this
data. How well does this smoothing procedure work?
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c. Make one-step-ahead forecasts of the last 10 observations. Deter-
mine the forecast errors.

Reconsider the chemical process data shown in Table B.3.

a. Use simple exponential smoothing with the optimum value of 4
to smooth the data (you can find the optimum value from either
Minitab or JMP). How well does this smoothing procedure work?
Compare the results with those obtained in Exercise 4.14.

b. Make one-step-ahead forecasts of the last 10 observations. Deter-
mine the forecast errors. Compare these forecast errors with those
from Exercise 4.14.How much has using the optimum value of
the smoothing constant improved the forecasts?

c. Construct the sample ACF for these data. Does this give you any
insight regarding the optimum value of the smoothing constant?

Table B.4 contains data on the annual US production of blue and
gorgonzola cheeses. This data have a strong trend.

a. Verify that there is a trend by plotting the data.

b. Develop an appropriate exponential smoothing procedure for
forecasting.

c. Forecast the last 10 observations and calculate the forecast errors.
Does the forecasting procedure seem to be working satisfacto-
rily?

Reconsider the blue and gorgonzola cheese data in Table B.4 and
Exercise 4.16. Take the first difference of this data and plot the time
series of first differences. Has differencing removed the trend? Use
exponential smoothing on the first differences. Instead of forecast-
ing the original data, develop a procedure for forecasting the first
differences and explain how you would use these forecasts of the
first differences to obtain forecasts for the original data.

Table B.5 shows data for US beverage manufacturer product ship-
ments. Develop an appropriate exponential smoothing procedure for
forecasting these data.

Table B.6 contains data on the global mean surface air temperature

anomaly.

a. Make a time series plot of the data.

b. Use simple exponential smoothing with A = 0.2 to smooth the
data. How well does this smoothing procedure work? Do you
think this would be a reliable forecasting procedure?



EXERCISES 317

4.20 Reconsider the global mean surface air temperature anomaly data
shown in Table B.6 and used in Exercise 4.19.

4.21

4.22

a.

Use simple exponential smoothing with the optimum value of 4
to smooth the data (you can find the optimum value from either
Minitab or JMP). How well does this smoothing procedure work?
Compare the results with those obtained in Exercise 4.19.

Do you think using the optimum value of the smoothing constant
would result in improved forecasts from exponential smoothing?
Take the first difference of this data and plot the time series of first
differences. Use exponential smoothing on the first differences.
Instead of forecasting the original data, develop a procedure for
forecasting the first differences and explain how you would use
these forecasts of the first differences to obtain forecasts for the
original global mean surface air temperature anomaly.

Table B.7 contains daily closing stock prices for the Whole Foods
Market.

a.
b.

Make a time series plot of the data.

Use simple exponential smoothing with 4 = 0.1 to smooth the
data. How well does this smoothing procedure work? Do you
think this would be a reliable forecasting procedure?

Reconsider the Whole Foods Market data shown in Table B.7 and
used in Exercise 4.21.

a.

Use simple exponential smoothing with the optimum value of 4
to smooth the data (you can find the optimum value from either
Minitab or JMP). How well does this smoothing procedure work?
Compare the results with those obtained in Exercise 4.21.

Do you think that using the optimum value of the smoothing
constant would result in improved forecasts from exponential
smoothing?

Use an exponential smoothing procedure for trends on this data. Is
this an apparent improvement over the use of simple exponential
smoothing with the optimum smoothing constant?

Take the first difference of this data and plot the time series of first
differences. Use exponential smoothing on the first differences.
Instead of forecasting the original data, develop a procedure for
forecasting the first differences and explain how you would use
these forecasts of the first differences to obtain forecasts for the
stock price.
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Unemployment rate data are given in Table B.8.

a.
b.

Make a time series plot of the data.

Use simple exponential smoothing with 4 = 0.2 to smooth the
data. How well does this smoothing procedure work? Do you
think that simple exponential smoothing should be used to fore-
cast this data?

Reconsider the unemployment rate data shown in Table B.8 and
used in Exercise 4.23.

a.

Use simple exponential smoothing with the optimum value of A
to smooth the data (you can find the optimum value from either
Minitab or JMP). How well does this smoothing procedure work?
Compare the results with those obtained in Exercise 4.23.

Do you think that using the optimum value of the smoothing
constant would result in improved forecasts from exponential
smoothing?

Use an exponential smoothing procedure for trends on this data. Is
this an apparent improvement over the use of simple exponential
smoothing with the optimum smoothing constant?

Take the first difference of this data and plot the time series
of first differences. Use exponential smoothing on the first dif-
ferences. Is this a reasonable procedure for forecasting the first
differences?

Table B.9 contains yearly data on the international sunspot numbers.

a.
b.

Construct a time series plot of the data.

Use simple exponential smoothing with 4 = 0.1 to smooth the
data. How well does this smoothing procedure work? Do you
think that simple exponential smoothing should be used to fore-
cast this data?

Reconsider the sunspot data shown in Table B.9 and used in Exer-
cise 4.25.

a.

Use simple exponential smoothing with the optimum value of A
to smooth the data (you can find the optimum value from either
Minitab or JMP). How well does this smoothing procedure work?
Compare the results with those obtained in Exercise 4.25.

Do you think that using the optimum value of the smoothing
constant would result in improved forecasts from exponential
smoothing?
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Use an exponential smoothing procedure for trends on this data. Is
this an apparent improvement over the use of simple exponential
smoothing with the optimum smoothing constant?

4.27 Table B.10 contains 7 years of monthly data on the number of airline
miles flown in the United Kingdom. This is seasonal data.

4.28

4.29

4.30

a.
b.

Make a time series plot of the data and verify that it is seasonal.
Use Winters’ multiplicative method for the first 6 years to develop
a forecasting method for this data. How well does this smoothing
procedure work?

. Make one-step-ahead forecasts of the last 12 months. Determine

the forecast errors. How well did your procedure work in fore-
casting the new data?

Reconsider the airline mileage data in Table B.10 and used in Exer-
cise 4.27.

a.

Use the additive seasonal effects model for the first 6 years to
develop a forecasting method for this data. How well does this
smoothing procedure work?

Make one-step-ahead forecasts of the last 12 months. Determine
the forecast errors. How well did your procedure work in fore-
casting the new data?

Compare these forecasts with those found using Winters’ multi-
plicative method in Exercise 4.27.

Table B.11 contains 8 years of monthly champagne sales data. This
is seasonal data.

a.

b.

Make a time series plot of the data and verify that it is seasonal.
Why do you think seasonality is present in these data?

Use Winters’ multiplicative method for the first 7 years to develop
a forecasting method for this data. How well does this smoothing
procedure work?

. Make one-step-ahead forecasts of the last 12 months. Determine

the forecast errors. How well did your procedure work in fore-
casting the new data?

Reconsider the monthly champagne sales data in Table B.11 and
used in Exercise 4.29.

a.

Use the additive seasonal effects model for the first 7 years to
develop a forecasting method for this data. How well does this
smoothing procedure work?
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b.

Make one-step-ahead forecasts of the last 12 months. Determine
the forecast errors. How well did your procedure work in fore-
casting the new data?

Compare these forecasts with those found using Winters’ multi-
plicative method in Exercise 4.29.

Montgomery et al. (1990) give 4 years of data on monthly demand
for a soft drink. These data are given in Table E4.5.

a.

b.

Make a time series plot of the data and verify that it is seasonal.
Why do you think seasonality is present in these data?

Use Winters’ multiplicative method for the first 3 years to develop
a forecasting method for this data. How well does this smoothing
procedure work?

Make one-step-ahead forecasts of the last 12 months. Determine
the forecast errors. How well did your procedure work in fore-
casting the new data?

TABLE E4.5 Soft Drink Demand Data

Period vy Period Vs Period Vs Period v
1 143 13 189 25 359 37 332
2 191 14 326 26 264 38 244
3 195 15 289 27 315 39 320
4 225 16 293 28 362 40 437
5 175 17 279 29 414 41 544
6 389 18 552 30 647 42 830
7 454 19 674 31 836 43 1011
8 618 20 827 32 901 44 1081
9 770 21 1000 33 1104 45 1400
10 564 22 502 34 874 46 1123
11 327 23 512 35 683 47 713
12 235 24 300 36 352 48 487

4.32 Reconsider the soft drink demand data in Table E4.5 and used in
Exercise 4.31.

a.

Use the additive seasonal effects model for the first 3 years to
develop a forecasting method for this data. How well does this
smoothing procedure work?

Make one-step-ahead forecasts of the last 12 months. Determine
the forecast errors. How well did your procedure work in fore-
casting the new data?
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c. Compare these forecasts with those found using Winters’ multi-
plicative method in Exercise 4.31.

Table B.12 presents data on the hourly yield from a chemical process
and the operating temperature. Consider only the yield data in this
exercise.

a. Construct a time series plot of the data.

b. Use simple exponential smoothing with 4 = 0.2 to smooth the
data. How well does this smoothing procedure work? Do you
think that simple exponential smoothing should be used to fore-
cast this data?

Reconsider the chemical process yield data shown in Table B.12.

a. Use simple exponential smoothing with the optimum value
of A1 to smooth the data (you can find the optimum value
from either Minitab or JMP). How well does this smoothing
procedure work? Compare the results with those obtained in
Exercise 4.33.

b. How much has using the optimum value of the smoothing con-
stant improved the forecasts?

Find the sample ACF for the chemical process yield data in Table
B.12. Does this give you any insight about the optimum value of the
smoothing constant that you found in Exercise 4.34?

Table B.13 presents data on ice cream and frozen yogurt sales.
Develop an appropriate exponential smoothing forecasting proce-
dure for this time series.

Table B.14 presents the CO, readings from Mauna Loa.

a. Use simple exponential smoothing with the optimum value of A
to smooth the data (you can find the optimum value from either
Minitab or JMP).

b. Use simple exponential smoothing with 4 = 0.1 to smooth the
data. How well does this smoothing procedure work? Com-
pare the results with those obtained using the optimum smooth-
ing constant. How much has using the optimum value of
the smoothing constant improved the exponential smoothing
procedure?

Table B.15 presents data on the occurrence of violent crimes.
Develop an appropriate exponential smoothing forecasting proce-
dure for this time series.
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Table B.16 presents data on the US. gross domestic product (GDP).
Develop an appropriate exponential smoothing forecasting proce-
dure for the GDP time series.

Total annual energy consumption is shown in Table B.17. Develop
an appropriate exponential smoothing forecasting procedure for the
energy consumption time series.

Table B.18 contains data on coal production. Develop an appropriate
exponential smoothing forecasting procedure for the coal production
time series.

Table B.19 contains data on the number of children 0—4 years old
who drowned in Arizona.

a. Plot the data. What type of forecasting model seems appropriate?
b. Develop a forecasting model for this data?

Data on tax refunds and population are shown in Table B.20. Develop
an appropriate exponential smoothing forecasting procedure for the
tax refund time series.

Table B.21 contains data from the US Energy Information Admin-
istration on monthly average price of electricity for the residential
sector in Arizona. This data have a strong seasonal component.
Use the data from 2001-2010 to develop a multiplicative Winters-
type exponential smoothing model for this data. Use this model
to simulate one-month-ahead forecasts for the remaining years.
Calculate the forecast errors. Discuss the reasonableness of the
forecasts.

Use the electricity price data in Table B.21 from 2010-2010 and an
additive Winters-type exponential smoothing procedure to develop
a forecasting model.

a. Use this model to simulate one-month-ahead forecasts for the
remaining years. Calculate the forecast errors. Discuss the rea-
sonableness of the forecasts.

b. Compare the performance of this model with the multiplicative
model you developed in Exercise 4.44.

Table B.22 contains data from the Danish Energy Agency on Danish

crude oil production.

a. Plot the data and comment on any features that you observe from
the graph. Calculate and plot the sample ACF and variogram.
Interpret these graphs.
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b. Use first-order exponential smoothing to develop a forecasting
model for crude oil production. Plot the smoothed statistic on
the same axes with the original data. How well does first-order
exponential smoothing seem to work?

c¢. Use double exponential smoothing to develop a forecasting
model for crude oil production. Plot the smoothed statistic on
the same axes with the original data. How well does double
exponential smoothing seem to work?

d. Compare the two smoothing models from parts b and c. Which
approach seems preferable?

Apply a first difference to the Danish crude oil production data in
Table B.22.

a. Plot the data and comment on any features that you observe from
the graph. Calculate and plot the sample ACF and variogram.
Interpret these graphs.

b. Use first-order exponential smoothing to develop a forecasting
model for crude oil production. Plot the smoothed statistic on
the same axes with the original data. How well does first-order
exponential smoothing seem to work? How does this compare
to the first-order exponential smoothing model you developed in
Exercise 4.46 for the original (undifferenced) data?

Table B.23 shows weekly data on positive laboratory test results for
influenza. Notice that these data have a number of missing values.
In exercise you were asked to develop and implement a scheme
to estimate the missing values. This data have a strong seasonal
component. Use the data from 1997-2010 to develop a multiplica-
tive Winters-type exponential smoothing model for this data. Use
this model to simulate one-week-ahead forecasts for the remaining
years. Calculate the forecast errors. Discuss the reasonableness of
the forecasts.

Repeat Exercise 4.48 using an additive Winters-type model. Com-
pare the performance of the additive and the multiplicative model
from Exercise 4.48.

Data from the Western Regional Climate Center for the monthly
mean daily solar radiation (in Langleys) at the Zion Canyon, Utah,
station are shown in Table B.24. This data have a strong seasonal
component. Use the data from 2003-2012 to develop a multiplicative
Winters-type exponential smoothing model for this data. Use this
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model to simulate one-month-ahead forecasts for the remaining
years. Calculate the forecast errors. Discuss the reasonableness of
the forecasts.

Repeat Exercise 4.50 using an additive Winters-type model. Com-
pare the performance of the additive and the multiplicative model
from Exercise 4.50.

Table B.25 contains data from the National Highway Traffic Safety
Administration on motor vehicle fatalities from 1966 to 2012. This
data are used by a variety of governmental and industry groups, as
well as research organizations.

a. Plot the fatalities data and comment on any features of the data
that you see.

b. Develop a forecasting procedure using first-order exponential
smoothing. Use the data from 1966-2006 to develop the model,
and then simulate one-year-ahead forecasts for the remaining
years. Compute the forecasts errors. How well does this method
seem to work?

c. Develop a forecasting procedure using based on double expo-
nential smoothing. Use the data from 1966-2006 to develop
the model, and then simulate one-year-ahead forecasts for the
remaining years. Compute the forecasts errors. How well does
this method seem to work in comparison to the method based on
first-order exponential smoothing?

Apply a first difference to the motor vehicle fatalities data in
Table B.25.

a. Plot the differenced data and comment on any features of the data
that you see.

b. Develop a forecasting procedure for the first differences based on
first-order exponential smoothing. Use the data from 19662006
to develop the model, and then simulate one-year-ahead forecasts
for the remaining years. Compute the forecasts errors. How well
does this method seem to work?

c. Compare this approach with the two smoothing methods used in
Exercise 4.52.

Appendix Table B.26 contains data on monthly single-family resi-
dential new home sales from 1963 through 2014.

a. Plot the home sales data. Comment on the graph.



4.55

4.56

4.57

EXERCISES 325

Develop a forecasting procedure using first-order exponential
smoothing. Use the data from1963-2000 to develop the model,
and then simulate one-year-ahead forecasts for the remaining
years. Compute the forecasts errors. How well does this method
seem to work?

Can you explain the unusual changes in sales observed in the
data near the end of the graph?

Appendix Table B.27 contains data on the airline’s best on-time
arrival and airport performance. The data are given by month from
January 1995 through February 2013.

a.

b.

Plot the data and comment on any features of the data that you
see.

Construct the sample ACF and variogram. Comment on these
displays.

Develop an appropriate exponential smoothing model for these
data.

Data from the US Census Bureau on monthly domestic automo-
bile manufacturing shipments (in millions of dollars) are shown in
Table B.28.

a.

b.

Plot the data and comment on any features of the data that you
see.

Construct the sample ACF and variogram. Comment on these
displays.

Develop an appropriate exponential smoothing model for these
data. Note that there is some apparent seasonality in the data.
Why does this seasonal behavior occur?

Plot the first difference of the data. Now compute the sample
ACF and variogram for the differenced data. What impact has
differencing had? Is there still some apparent seasonality in the
differenced data?

Suppose that simple exponential smoothing is being used to forecast
a process. At the start of period #*, the mean of the process shifts to a
new level y 4+ 6. The mean remains at this new level for subsequent
time periods. Show that the expected value of the exponentially
smoothed statistic is

oy Ju, Tt
EG) = {,u+5—5(1 - T >
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Using the results of Exercise 4.44, determine the number of periods
following the step change for the expected value of the exponential
smoothing statistic to be within 0.10 6 of the new time series level
u + 6. Plot the number of periods as a function of the smoothing
constant. What conclusions can you draw?

Suppose that simple exponential smoothing is being used to forecast
the process y, = 4 + ¢,. At the start of period ¥, the mean of the
process experiences a transient; that is, it shifts to a new level u + 6,
but reverts to its original level y at the start of the next period #* + 1.
The mean remains at this level for subsequent time periods. Show
that the expected value of the exponentially smoothed statistic is

oy _Ju, TZH
B = {M +6A1 =N, T2

Using the results of Exercise 4.46, determine the number of periods
that it will take following the impulse for the expected value of
the exponential smoothing statistic to return to within 0.10 6 of the
original time series level y. Plot the number of periods as a function
of the smoothing constant. What conclusions can you draw?



CHAPTER 5

AUTOREGRESSIVE INTEGRATED
MOVING AVERAGE (ARIMA) MODELS

All models are wrong, some are useful.
GEORGE E. P. BOX, British statistician

5.1 INTRODUCTION

In the previous chapter, we discussed forecasting techniques that, in gen-
eral, were based on some variant of exponential smoothing. The general
assumption for these models was that any time series data can be repre-
sented as the sum of two distinct components: deterministic and stochastic
(random). The former is modeled as a function of time whereas for the
latter we assumed that some random noise that is added on to the deter-
ministic signal generates the stochastic behavior of the time series. One
very important assumption is that the random noise is generated through
independent shocks to the process. In practice, however, this assump-
tion is often violated. That is, usually successive observations show serial
dependence. Under these circumstances, forecasting methods based on
exponential smoothing may be inefficient and sometimes inappropriate
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because they do not take advantage of the serial dependence in the obser-
vations in the most effective way. To formally incorporate this dependent
structure, in this chapter we will explore a general class of models called
autoregressive integrated moving average (MA) models or ARIMA models
(also known as Box—Jenkins models).

5.2 LINEAR MODELS FOR STATIONARY TIME SERIES

In statistical modeling, we are often engaged in an endless pursuit of finding
the ever elusive true relationship between certain inputs and the output. As
cleverly put by the quote of this chapter, these efforts usually result in
models that are nothing but approximations of the “true” relationship. This
is generally due to the choices the analyst makes along the way to ease
the modeling efforts. A major assumption that often provides relief in
modeling efforts is the linearity assumption. A linear filter, for example,
is a linear operation from one time series x, to another time series y,,

+o0
Y =Lx) = Z Viki—i (5.1)
i=—00
with r = ...,—1,0,1,.... In that regard the linear filter can be seen as a

“process” that converts the input, x,, into an output, y,, and that conversion
is not instantaneous but involves all (present, past, and future) values of the
input in the form of a summation with different “weights”, {z//i}, on each
x,. Furthermore, the linear filter in Eq. (5.1) is said to have the following
properties:

1. Time-invariant as the coefficients {q/i} do not depend on time.

2. Physically realizable if y; = 0 for i < 0; that is, the output y, is
a linear function of the current and past values of the input: y, =
YoX, WX

3. Stableif Y |y;| < oo.

In linear filters, under certain conditions, some properties such as sta-
tionarity of the input time series are also reflected in the output. We
discussed stationarity previously in Chapter 2. We will now give a more
formal description of it before proceeding further with linear models for
time series.
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5.2.1 Stationarity

The stationarity of a time series is related to its statistical properties in
time. That is, in the more strict sense, a stationary time series exhibits
similar “statistical behavior” in time and this is often characterized as a
constant probability distribution in time. However, it is usually satisfactory
to consider the first two moments of the time series and define stationarity
(or weak stationarity) as follows: (1) the expected value of the time series
does not depend on time and (2) the autocovariance function defined as
Cov(y,, y,4,) for any lag k is only a function of k and not time; that is,
}/y(k) = COV()’;, yz+k)-

In a crude way, the stationarity of a time series can be determined by
taking arbitrary “snapshots” of the process at different points in time and
observing the general behavior of the time series. If it exhibits “simi-
lar” behavior, one can then proceed with the modeling efforts under the
assumption of stationarity. Further preliminary tests also involve observ-
ing the behavior of the autocorrelation function. A strong and slowly
dying ACF will also suggest deviations from stationarity. Better and more
methodological tests of stationarity also exist and we will discuss some
of them later in this chapter. Figure 5.1 shows examples of stationary and
nonstationary time series data.

5.2.2 Stationary Time Series

For a time-invariant and stable linear filter and a stationary input time series
x, with p, = E(x,) and y, (k) = Cov(x,, x,,;), the output time series y, given
in Eq. (5.1) is also a stationary time series with

E(y[) = /’ly = Z ll/llux
and

Cov(y,, yi) = 7y (k) = Z Z wr (i —j+k)

i=—00 j=—00

It is then easy to show that the following stable linear process with white
noise time series, &,, is also stationary:

V= HA Y wiE (5.2)
i=0
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Time series plot of y1 Autocorrelation function for y1
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FIGURE 5.1 Realizations of (a) stationary, (b) near nonstationary, and (c) non-
stationary processes.

with E(g,) = 0, and
o ifh=0
eM=30 ith+0
So for the autocovariance function of y,, we have

o oo

7 =D wuy (i—j+k

i=0 j=0

: (53)
= ¢’ Z YiVivk
i=0
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We can rewrite the linear process in Eq. (5.2) in terms of the backshift
operator, B, as

Vi = U YoE, T Y€ T YoE o, + o

[e9)
=u+ Z w;Be,
i=0

=u+ <Z t//l-Bi> £, (5.4)
i=0

——
=¢B)

=u+¥Y¥Be,

This is called the infinite moving average and serves as a general class
of models for any stationary time series. This is due to a theorem by
Wold (1938) and basically states that any nondeterministic weakly sta-
tionary time series y, can be represented as in Eq. (5.2), where {l[/i} satisfy
Zzo z;/iz < oo0. A more intuitive interpretation of this theorem is that a sta-
tionary time series can be seen as the weighted sum of the present and
past random “disturbances.” For further explanations see Yule (1927) and
Bisgaard and Kulahci (2005, 2011).

The theorem by Wold requires that the random shocks in (5.4) to be white
noise which we defined as uncorrelated random shocks with constant vari-
ance. Some textbooks discuss independent or strong white noise for random
shocks. It should be noted that there is a difference between correlation
and independence. Independent random variables are also uncorrelated but
the opposite is not always true. Independence between two random vari-
ables refers their joint probability distribution function being equal to the
product of the marginal distributions. That is, two random variables X and
Y are said to be independent if

FX,Y) = fxXOfy(Y)

This can also be loosely interpreted as if X and Y are independent, knowing
the value of X for example does not provide any information about what
the value of Y might be.

For two uncorrelated random variables X and Y, we have their correlation
and their covariance equal to zero. That is,

Cov(X,Y) = E[(X — u)(Y — uy)]

= E[XY] - E[X]E[Y]
=0
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This implies that if X and Y are uncorrelated, E[XY] = E[X]E[Y].
Clearly if two random variables are independent, they are also uncorre-
lated since under independence we always have

Ewn=//mmww@

/ / xyf ()f ()dxdy
{/vmw}{/ﬁ@w}

= E[X]E[Y]

As we mentioned earlier, the opposite is not always true. To illus-
trate this with an example, consider X, a random variable with a sym-
metric probability density function around O, i.e., E[X] = 0. Assume
that the second variable Y is equal to |X|. Since knowing the value
of X also determines the value of Y, these two variables are clearly
not independent. However we can show that E[Y] =2 fO°° xf(x)dx and
E[XY] = [,7 X*f(x)dx — /_0oo x*f(x)dx = 0 and hence E[XY] = E[X]E[Y]
This shows that X and Y are uncorrected but not independent.

Wold’s decomposition theorem practically forms the foundation of the
models we discuss in this chapter. This means that the strong assumption
of independence is not necessarily needed except for the discussion on
forecasting using ARIMA models in Section 5.8 where we assume the
random shocks to be independent.

It can also be seen from Eq. (5.3) that there is a direct relation between
the weights {xpi} and the autocovariance function. In modeling a stationary
time series as in Eq. (5.4), it is obviously impractical to attempt to estimate
the infinitely many weights given in {z//i}. Although very powerful in
providing a general representation of any stationary time series, the infinite
moving average model given in Eq. (5.2) is useless in practice except for
certain special cases:

1. Finite order moving average (MA) models where, except for a finite
number of the weights in {q/i}, they are set to 0.

2. Finite order autoregressive (AR) models, where the weights in {q/i}
are generated using only a finite number of parameters.

3. A mixture of finite order autoregressive and moving average models
(ARMA).

We shall now discuss each of these classes of models in great detail.
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5.3 FINITE ORDER MOVING AVERAGE PROCESSES

In finite order moving average or MA models, conventionally y, is set to
1 and the weights that are not set to 0 are represented by the Greek letter
0 with a minus sign in front. Hence a moving average process of order ¢
(MA(g)) is given as

yvy=u+e—0ig_,——0¢ (5.5)

q%t-q
where {et} is white noise. Since Eq. (5.5) is a special case of Eq. (5.4) with
only finite weights, an MA(g) process is always stationary regardless of
values of the weights. In terms of the backward shift operator, the MA(q)
process is

yo=p+(1-6,B—--—0,B)¢
q .

=u+{1-) 0B ¢, (5.6)
i=1

=u+0(B)e,

where ®(B)=1-Y! 6B
Furthermore, since {st} is white noise, the expected value of the MA(g)
process is simply

Ey)=E(u+e—-0,,_,—-—0,,_
oA (:“ t 161-1 g€t q) (5.7)
=u
and its variance is
Var(y,) =7,(0) = Var (u +¢,— 0,6, — - —0,6,_,) 5:8)
=0° (1 +0§+-~+9§>
Similarly, the autocovariance at lag k can be calculated from
yy(k) = COV(}’p yt+k)
=E[(e, - 0,6,y — - — qut—q)(£t+k —01€ 4y — o — 9q5t+k—q)]
5.9

[0+ 0,0+ +0,0,), k=12,...,q
|0, k>gq
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From Eqgs. (5.8) and (5.9), the autocorrelation function of the MA(g)
process is

_0]( + 919k+1 + -+ Qq_qu

yy(k)_ k:1,2,...,q

(k) = —
py (k) 7. (0)

1+67 + - + 62 (5.10)

0, k>gq

This feature of the ACF is very helpful in identifying the MA model and
its appropriate order as it “cuts off” after lag ¢. In real life applications,
however, the sample ACF, r (k), will not necessarily be equal to zero after
lag g. It is expected to become very small in absolute value after lag g.

For a data set of N observations, this is often tested against +2/ \/]V limits,

where 1/ \/ﬁ is the approximate value for the standard deviation of the
ACEF for any lag under the assumption p(k) = O for all £’s as discussed in
Chapter 2.

Note that a more accurate formula for the standard error of the kth
sample autocorrelation coefficient is provided by Bartlett (1946) as

k=1 172
s.e. (r(k)) = N~'/? <1 +2 Z r(]')*2>
=1

J

where

[ () forp()#0
=907 oo -
or p(j) = 0

A special case would be white noise data for which p(j) = 0 for all j’s.
Hence for a white noise process (i.e., no autocorrelation), a reasonable
interval for the sample autocorrelation coefficients to fall in would be

+2/4/N and any indication otherwise may be considered as evidence for
serial dependence in the process.

5.3.1 The First-Order Moving Average Process, MA(1)
The simplest finite order MA model is obtained when ¢ = 1 in Eq. (5.5):

y=u+e -0, (5.11)
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For the first-order moving average or MA(1) model, we have the autoco-
variance function as

7,(0) =0 (1+67)
v, (1) = —6,6° (5.12)
1, (k) =0, k>1

Similarly, we have the autocorrelation function as

(1= —2
PR e (5.13)

p, () =0, k>1

From Eq. (5.13), we can see that the first lag autocorrelation in MA(1) is
bounded as

16

0
1+0f

|py(1)| = s% (5.14)

and the autocorrelation function cuts off after lag 1.
Consider, for example, the following MA(1) model:

v, =40+ ¢,+0.8¢,_,

A realization of this model with its sample ACF is given in Figure 5.2. A
visual inspection reveals that the mean and variance remain stable while
there are some short runs where successive observations tend to follow
each other for very brief durations, suggesting that there is indeed some
positive autocorrelation in the data as revealed in the sample ACF plot.

Time series plot Autocorrelation function
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FIGURE 5.2 A realization of the MA(1) process, y, =40+ ¢, 4+ 0.8¢,_;.
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Autocorrelation function
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FIGURE 5.3 A realization of the MA(1) process, y, = 40 + ¢, — 0.8¢,_;.

We can also consider the following model:
v, =40+¢,—-0.8¢,_,

A realization of this model is given in Figure 5.3. We can see that observa-
tions tend to oscillate successively. This suggests a negative autocorrelation
as confirmed by the sample ACF plot.

5.3.2 The Second-Order Moving Average Process, MA(2)
Another useful finite order moving average process is MA(2), given as
=u+e —0e,_,—0,¢,_
Vi =HTE 1€1-1 22t 2 (5.15)
=u+(1-6,B-0,B°)¢,

The autocovariance and autocorrelation functions for the MA(2) model are
given as

7,0) =0 (1+6; +63)
v, (1) = 6%(=0, + 6,0,)

(5.16)
7, (2) = 6%(=0,)
v, (k) =0, k>2
and
0,+0,0,
py (1) =
1467 +6;
I p— (5.17)
P 1+ 62+ 062 '
py(k)=0, k>2
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FIGURE 5.4 A realization of the MA(2) process, y, =40+¢,+0.7¢,_; —
0'2881—2'

Figure 5.4 shows the time series plot and the autocorrelation function for
a realization of the MA(2) model:

v, =40+¢,+0.7¢,_, —0.28¢,_,

Note that the sample ACF cuts off after lag 2.

5.4 FINITE ORDER AUTOREGRESSIVE PROCESSES

As mentioned in Section 5.1, while it is quite powerful and important,
Wold’s decomposition theorem does not help us much in our modeling and
forecasting efforts as it implicitly requires the estimation of the infinitely
many weights, {q/l-}. In Section 5.2 we discussed a special case of this
decomposition of the time series by assuming that it can be adequately
modeled by only estimating a finite number of weights and setting the
rest equal to 0. Another interpretation of the finite order MA processes
is that at any given time, of the infinitely many past disturbances, only
a finite number of those disturbances “contribute” to the current value of
the time series and that the time window of the contributors “moves” in
time, making the “oldest” disturbance obsolete for the next observation.
It is indeed not too far fetched to think that some processes might have
these intrinsic dynamics. However, for some others, we may be required
to consider the “lingering” contributions of the disturbances that happened
back in the past. This will of course bring us back to square one in terms of
our efforts in estimating infinitely many weights. Another solution to this
problem is through the autoregressive models in which the infinitely many
weights are assumed to follow a distinct pattern and can be successfully
represented with only a handful of parameters. We shall now consider some
special cases of autoregressive processes.
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5.4.1 First-Order Autoregressive Process, AR(1)

Let us first consider again the time series given in Eq. (5.2):
=M+ Z Vi€
i=0

=pu+ Z WiBi‘gz
i=0
=u+¥Y(Be,

where W(B) = Z;’ZO w,B'. Asin the finite order MA processes, one approach
to modeling this time series is to assume that the contributions of the
disturbances that are way in the past should be small compared to the more
recent disturbances that the process has experienced. Since the disturbances
are independently and identically distributed random variables, we can
simply assume a set of infinitely many weights in descending magnitudes
reflecting the diminishing magnitudes of contributions of the disturbances
in the past. A simple, yet intuitive set of such weights can be created
following an exponential decay pattern. For that we will set y; = ¢, where
|| < 1 to guarantee the exponential “decay.” In this notation, the weights
on the disturbances starting from the current disturbance and going back
in past will be 1, ¢, ¢2, ¢°, ... Hence Eq. (5.2) can be written as

2
Vi=ut+E A+ PE_ +PE _H+

© (5.18)
=H + Z ¢l£[—i
i=0
From Eq. (5.18), we also have
yl‘—l = U + £t—1 + ¢€t—2 + ¢2€t—3 + - (5.19)
We can then combine Eqgs. (5.18) and (5.19) as
Vi=pt+eE+dE + ¢2£t—2 + -
=¢ylj_¢”
=pu—dut+dy,_, +e, (5.20)

——
=5

= 5+¢yt—l + &
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where 6 = (1 — ¢) u. The process in Eq. (5.20) is called a first-order
autoregressive process, AR(1), because Eq. (5.20) can be seen as a regres-
sion of y, on y,_; and hence the term autoregressive process.

The assumption of |¢| < 1 results in the weights that decay exponen-
tially in time and also guarantees that Z:’g |y;| < co. This means that
an AR(1) process is stationary if |¢| < 1. For |¢| > 1, past disturbances
will get exponentially increasing weights as time goes on and the result-
ing time series will be explosive. Box et al. (2008) argue that this type
of processes are of little practical interest and therefore only consider
cases where |¢p| =1 and |¢p| < 1. The solution in (5.18) does indeed
not converge for |¢p| > 1. We can however rewrite the AR(1) process

for y,,
Vel = OY +ayyy (5.21)

For y,, we then have

e = —¢7u+ d)_lyt+l - ¢_1£t+1
=—¢ ¢ (= b — ) — 9 e
=~ <¢_l + ¢_2) Hu+ ¢_2yt+2 - ¢_l£z+1 - ¢_2£z+2 (5.22)

' ) )
=—H Z ¢_1 - Z ¢_151+]
i=1 i=1

For |¢| > 1 we have |¢~!| < 1 and therefore the solution for y, given
in (5.22) is stationary. The only problem is that it involves future val-
ues of disturbances. This of course is impractical as this type of models
requires knowledge about the future to make forecasts about it. These
are called non-causal models. Therefore there exists a stationary solution
for an AR(1) process when |¢| > 1, however, it results in a non-causal
model. Throughout the book when we discuss the stationary autoregres-
sive models, we implicitly refer to the causal autoregressive models. We
can in fact show that an AR(I) process is nonstationary if and only if
|| = 1.

The mean of a stationary AR(1) process is

o

E()’;)=M=m

(5.23)
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The autocovariance function of a stationary AR(1) can be calculated
from Eq. (5.18) as

y(k) = 0%],’)"# fork=0,1,2,... (5.24)

The covariance is then given as

7(0) = o* (5.25)

1
1—¢?

Correspondingly, the autocorrelation function for a stationary AR(1)
process is given as

p(k) = 1o _ ¢ fork=0,1,2, ... (5.26)

~ y(0)

Hence the ACF for an AR(1) process has an exponential decay form.
A realization of the following AR(1) model,

v, =8+038y,_; +¢,

is shown in Figure 5.5. As in the MA(1) model with § = —0.8, we can
observe some short runs during which observations tend to move in the
upward or downward direction. As opposed to the MA(1) model, however,
the duration of these runs tends to be longer and the trend tends to linger.
This can also be observed in the sample ACF plot.

Figure 5.6 shows a realization of the AR(1) model y, = 8 — 0.8y,_; +¢,.
We observe that instead of lingering runs, the observations exhibit jittery
up/down movements because of the negative ¢ value.

Time series plot Autocorrelation function
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FIGURE 5.5 A realization of the AR(1) process, y, =8 + 0.8y,_; +¢,.
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Time series plot Autocorrelation function
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FIGURE 5.6 A realization of the AR(1) process, y, = 8 — 0.8y,_; + ¢,.

5.4.2 Second-Order Autoregressive Process, AR(2)

In this section, we will first start with the obvious extension of Eq. (5.20)
to include the observation y,_, as

Vi =0+ ¢yt doyin + & (5.27)

We will then show that Eq. (5.27) can be represented in the infinite MA
form and provide the conditions of stationarity for y, in terms of ¢, and
¢,. For that we will rewrite Eq. (5.27) as

(1-¢,B—¢,BY)y, =6 +¢, (5.28)
or
D(B)y, =6 +¢, (5.29)
Furthermore, applying ®(B)~! to both sides, we obtain

y, =®B)' 6+ D(B) ¢,
—— ——
=u =UB)

=u+YDB)e, (5.30)
=pu+ Z Vi€
i=0

(S
=u+ Z w;B'e,
i=0
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where
u=oMB)'s (5.31)
and
®B)~ = ) y,B = ¥(B) (5.32)
i=0

We can use Eq. (5.32) to obtain the weights in Eq. (5.30) in terms of ¢,
and ¢,. For that, we will use

OB)YB) =1 (5.33)
That is,
(I-¢B- ¢282)(W0 +y, B+ 1//282 + ) =1

or

wo+ (w1 — o 1w)B + (v, — 1y - by B
+ e 4+ (ll/] —_ ¢ll//j—1 —_— ¢2Wj—2)BI E — 1 (534)

Since on the right-hand side of the Eq. (5.34) there are no backshift oper-
ators, for ®(B) ¥(B) = 1, we need

vy =1
(Wl — ¢1W0) =0 (535)
(v, — by —dy; ) =0 forallj=2,3,..

The equations in (5.35) can indeed be solved for each y; in a futile attempt
to estimate infinitely many parameters. However, it should be noted that
the y; in Eq. (5.35) satisfy the second-order linear difference equation and
that they can be expressed as the solution to this equation in terms of the
two roots m; and m, of the associated polynomial

m* —¢pm—¢, =0 (5.36)
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If the roots obtained by

¢+ \/d’% +4¢,

2

ml,m2 =

satisfy |m;|,|m,| < 1, then we have Y} |;| < co. Hence if the roots m,
and m, are both less than 1 in absolute value, then the AR(2) model is causal
and stationary. Note that if the roots of Eq. (5.36) are complex conjugates

of the form a + ib, the condition for stationarity is that \/a% + b% < 1.
Furthermore, under the condition that |m, |, |m,| < 1, the AR(2) time series,
{,}, has an infinite MA representation as in Eq. (5.30).

This implies that for the second-order autoregressive process to be sta-
tionary, the parameters ¢, and ¢, must satisfy.

b +d, <1
b, — ¢ <1
lpy| <1

Now that we have established the conditions for the stationarity of
an AR(2) time series, let us now consider its mean, autocovariance, and
autocorrelation functions. From Eq. (5.27), we have

E(yt) =6+ ¢1E(y[_1) + (sz(yt_z) +0

U=0+ ¢ u+du
o
- < 5.37
RO Py 637

Note that for 1 — ¢; — ¢, = 0, m = 1 is one of the roots for the associated
polynomial in Eq. (5.36) and hence the time series is deemed nonstationary.
The autocovariance function is

(k) = Cov(y,, y,_)
=Cov(6 + ¢y, + Poyin + €4 Y4)
= $1Cov(y,_1, Y1) + Py Cov(y, 5, y,4) + Covie,, y, ;) (5.38)

o ifk=0
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Thus y(0) = ¢,7(1) + ¢,7(2) + ¢* and
Yy =¢ytk =D+ pyk—-2), k=1,2,.. (5.39)

The equations in (5.39) are called the Yule-Walker equations for y(k).
Similarly, we can obtain the autocorrelation function by dividing Eq. (5.39)

by y(0):
p(k) = dplk— D)+ opk—2), k=12, .. (5.40)

The Yule—Walker equations for p(k) in Eq. (5.40) can be solved recursively
as

(D =¢; p0) +¢, p(=D)
—— ——

=1 =p(1)

= 1 — d)z
p2)=¢p(1)+ ¢,
p(3)=d1p(2)+ dyp(1)

A general solution can be obtained through the roots m; and m, of the
associated polynomial m? — ¢p;m — ¢, = 0. There are three cases.

Case 1. If m; and m, are distinct, real roots, we then have

pk) = cyml + cmb, k=0,1,2,... (5.41)
where ¢; and ¢, are particular constants and can, for example, be
obtained from p(0) and p(1). Moreover, since for stationarity we
have |m,|, |m,| < 1, in this case, the autocorrelation function is a
mixture of two exponential decay terms.

Case 2. If m; and m, are complex conjugates in the form of a + ib, we
then have

p(k) = R* [c cos (Ak) + ¢, sin(Ab)], k=0,1,2,... (542

where R = |m;| = \/a? + b? and A is determined by cos (1) = a/R,
sin (4) = b/R. Hence we have a + ib = R [cos (4) £ isin (4)]. Once
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again ¢, and ¢, are particular constants. The ACF in this case has the
form of a damped sinusoid, with damping factor R and frequency A;
that is, the period is 27/ A.

Case 3. If there is one real root m, m; = m, = m,, we then have
pk)=(c, + czk)m’(‘) k=0,1,2,.. (5.43)
In this case, the ACF will exhibit an exponential decay pattern.

In case 1, for example, an AR(2) model can be seen as an “adjusted”
AR(1) model for which a single exponential decay expression as in the
AR(1) model is not enough to describe the pattern in the ACF, and hence
an additional exponential decay expression is “added” by introducing the
second lag term, y,_,.

Figure 5.7 shows a realization of the AR(2) process

v, =4+04y,_, +0.5y,_, +¢,

Note that the roots of the associated polynomial of this model are real.
Hence the ACF is a mixture of two exponential decay terms.
Similarly, Figure 5.8 shows a realization of the following AR(2) process

v, =4+0.8y,_; —0.5y,_, +¢,.

For this process, the roots of the associated polynomial are complex con-
jugates. Therefore the ACF plot exhibits a damped sinusoid behavior.

Autocorrelation function

Time series plot . L . .
(with 5% significance limits for the autocorrelations)
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FIGURE 5.7 A realization of the AR(2) process, y, =4 + 0.4y,_; + 0.5y,_, +
£;.
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Autocorrelation function

Time series plot . L N .
(with 5% significance limits for the autocorrelations)
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FIGURE 5.8 A realization of the AR(2) process, y, =4+ 0.8y,_; — 0.5y,_, +
£,

Autocorrelation

5.4.3 General Autoregressive Process, AR(p)

From the previous two sections, a general, pth-order AR model is given as

Vi=6+d 1yt hy e+ ¢pyl—p t¢ (5.44)

where €, is white noise. Another representation of Eq. (5.44) can be given
as

D(B)y, = 6 +¢, (5.45)

where ®(B) = 1 — ¢, B — ¢,B*> — -+ — $,B’.
The AR(p) time series {y,} in Eq. (5.44) is causal and stationary if the
roots of the associated polynomial

m’ — ™ — w7 — o —p, =0 (5.46)

are less than one in absolute value. Furthermore, under this condition,
the AR(p) time series {yt} is also said to have an absolutely summable
infinite MA representation

Vi=u+YB)e, = p+ Y we, (5.47)

i=0

where ¥(B) = ®(B)~! with Zico |wi] < o0
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As in AR(2), the weights of the random shocks in Eq. (5.47) can be
obtained from ®(B) ¥(B) =1 as

y;=0, j<O0
v, =1 (5.48)
Wi— oy — i — o — gy, =0 forallj=1,2,...

We can easily show that, for the stationary AR(p) process

0
[=h b= =,

E(yt) =H=
and

(k) = Cov(y,, yi_)
=Cov(6 + @1y +hoyia+F By, T €LY

f (5.49)
= 2 b Cov(y,_;» i) + Cov(e,, y,)
i=1
< s o2 ifk=0
_;d”'” 0 {o ith>0
Thus we have
14
7 (0) =) i)+ 0’ (5.50)
i=1
p
= 7 (0) [1 DX <z'>] = ¢? (5.51)
i=1

By dividing Eq. (5.49) by y (0) for k > 0, it can be observed that the ACF
of an AR(p) process satisfies the Yule—Walker equations

p
py=Y diptk—i), k=12, .. (5.52)
i=1

The equations in (5.52) are pth-order linear difference equations, imply-
ing that the ACF for an AR(p) model can be found through the p roots of
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the associated polynomial in Eq. (5.46). For example, if the roots are all
distinct and real, we have

p(k)=clmll‘+c2m§+---+cpm[]§, k=1,2,... (5.53)

where ¢y, ¢y, ..., c, are particular constants. However, in general, the roots
may not all be distinct or real. Thus the ACF of an AR(p) process can
be a mixture of exponential decay and damped sinusoid expressions

depending on the roots of Eq. (5.46).

5.4.4 Partial Autocorrelation Function, PACF

In Section 5.2, we saw that the ACF is an excellent tool in identifying
the order of an MA(g) process, because it is expected to “cut off” after
lag g. However, in the previous section, we pointed out that the ACF
is not as useful in the identification of the order of an AR(p) process
for which it will most likely have a mixture of exponential decay and
damped sinusoid expressions. Hence such behavior, while indicating that
the process might have an AR structure, fails to provide further information
about the order of such structure. For that, we will define and employ the
partial autocorrelation function (PACF) of the time series. But before
that, we discuss the concept of partial correlation to make the interpretation
of the PACF easier.

Partial Correlation Consider three random variables X, Y, and Z. Then
consider simple linear regression of X on Z and Y on Z as

A Cov(Z, X
X=a,+bZ whereb, = Coviz. X)
Var(Z)
and
N Cov(Z,Y)
Y = (12 + bZZ Where b2 = T(Z)

Then the errors can be obtained from
X*=X-X=X-(a, +b,2)
and

Y'=Y-V=Y—(a,+b,2)
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Then the partial correlation between X and Y after adjusting for
Z is defined as the correlation between X* and Y*; corr(X*,Y*) =
corr(X — X, Y — ¥). That is, partial correlation can be seen as the cor-
relation between two variables after being adjusted for a common factor
that may be affecting them. The generalization is of course possible by
allowing for adjustment for more than just one factor.

Partial Autocorrelation Function Following the above definition, the
PACF between y, and y,_, is the autocorrelation between y, and y,_, after
adjusting for y,_;, y,_5, ..., ¥,_x+1- Hence for an AR(p) model the PACF
between y, and y,_, for k > p should be equal to zero. A more formal
definition can be found below.

Consider a stationary time series model {yt} that is not necessarily an
AR process. Further consider, for any fixed value of &, the Yule—Walker
equations for the ACF of an AR(p) process given in Eq. (5.52) as

k
pGi) = dupG—i j=1.2....k (5.54)
i=1
or

p(1) =@y + pyp(1) + -+ + Pypk — 1)
P(2) = Pyp(1) + oy + =+ + Pyyp(k — 2)

p (k) = dyp (k=) + Pypk —2) + - + Py

Hence we can write the equations in (5.54) in matrix notation as

L s @ pk=D][$u] oD
o1 3 e pk=D || | |
W )L k=) gy =] s | 659
ph=1) pk=2) pt=3) .. 1 ldul Lok

or

P = pi (5.56)
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where
[ 1 p(1) p2) ... plk—=1)
p(1) 1 p3) ... pk=2)
P, = P('Z) p(.l) 1 p(k.—3) ,
Jk—1) ph=2) pk=3) ... 1
[ &1 p(1)
Do p(2)
& = ¢§k , and p, = P(.3) .
B ¢.kk P(.k)

Thus to solve for ¢, we have

¢ = P;:]Pk (5.57)

For any given k, k =1, 2, ..., the last coefficient ¢,, is called the partial
autocorrelation of the process at lag k. Note that for an AR(p) process
¢ = 0 for k > p. Hence we say that the PACF cuts off after lag p for an
AR(p). This suggests that the PACF can be used in identifying the order of
an AR process similar to how the ACF can be used for an MA process.

For sample calculations, ¢,,, the sample estimate of ¢, is obtained by
using the sample ACF, r(k). Furthermore, in a sample of N observations
from an AR(p) process, q';kk for k > pis approximately normally distributed
with

E¢y) ~0 and Var(ﬁkk)z% (5.58)

Hence the 95% limits to judge whether any ([)kk is statistically significantly

different from zero are given by +2/ \/ﬁ . For further detail see Quenouille
(1949), Jenkins (1954, 1956), and Daniels (1956).

Figure 5.9 shows the sample PACFs of the models we have considered
so far. In Figure 5.9a we have the sample PACF of the realization of the
MA(1) model with 8 = 0.8 given in Figure 5.3. It exhibits an exponential
decay pattern. Figure 5.9b shows the sample PACF of the realization of the
MA(2) model in Figure 5.4 and it also has an exponential decay pattern in
absolute value since for this model the roots of the associated polynomial
are real. Figures 5.9¢ and 5.9d show the sample PACFs of the realization
of the AR(1) model with ¢ = 0.8 and ¢ = —0.8, respectively. In both
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FIGURE 5.9 Partial autocorrelation functions for the realizations of (a) MA(1)
process, y, =40+ ¢, —0.8¢,_;; (b) MA(2) process, y, =40+ ¢,+ 0.7¢,_; —
0.28¢;_5; (c) AR(l) process, y, =8+ 0.8y,_; +¢;; (d) AR(1) process, y, =
8 —0.8y,_; + £,; () AR(2) process, y, = 4 + 0.4y,_; + 0.5y,_, + &,; and (f) AR(2)

process, y, =4 + 0.8y,_; — 0.5y,_, + ¢,.

cases the PACF “cuts off” after the first lag. That is, the only significant
sample PACF value is at lag 1, suggesting that the AR(1) model is indeed
appropriate to fit the data. Similarly, in Figures 5.9e and 5.9f, we have the
sample PACFs of the realizations of the AR(2) model. Note that the sample

PACEF cuts off after lag 2.
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As we discussed in Section 5.3, finite order MA processes are stationary.
On the other hand as in the causality concept we discussed for the autore-
gressive processes, we will impose some restrictions on the parameters of
the MA models as well. Consider for example the MA(1) model in (5.11)

Vi =£t_016t—l (5.59)

Note that for the sake of simplicity, in (5.59) we consider a centered
process, i.e. E(y,) = 0.
We can then rewrite (5.59) as

&=y +0€_,
=y, +0, [yt—l + 9151—2]

=y, +0,y,_ +67¢,_, (5.60)

’ o0
= Z 01y
i=0

It can be seen from (5.60) that for |6,| < 1, g, is a convergent series
of current and past observations and the process is called an invertible
moving average process. Similar to the causality argument, for |6, > 1,
g, can be written as a convergent series of future observations and is called
noninvertible. When |6, | = 1, the MA(1) process is considered noninvert-
ible in a more restricted sense (Brockwell and Davis (1991)).

The direct implication of invertibility becomes apparent in model iden-
tification. Consider the MA(1) process as an example. The first lag auto-
correlation for that process is given as

p(1) = — (5.61)

2
1+6]

This allows for the calculation of 8, for a given p(1) by rearranging (5.61)
as

0> — —L +1= (5.62)

and solving for 8,. Except for the case of a repeated root, this equation has
two solutions. Consider for example p(1) = 0.4 for which both 8, = 0.5
and 8, = 2 are the solutions for (5.62). Following the above argument, only
0, = 0.5 yields the invertible MA(1) process. It can be shown that when
there are multiple solutions for possible values of MA parameters, there



FINITE ORDER AUTOREGRESSIVE PROCESSES 353

is only one solution that will satisfy the invertibility condition (Box et al.
(2008), Section 6.4.1).
Consider the MA(q) process

q
v, =pu+ <1 - Gl-B"> &
i=1

=u+0(B)e,
After multiplying both sides with @(B)~!, we have

OB) 'y, =0B) " u+e,

(5.63)
TI(B)y, =6 +¢,

where [I(B) = 1 = Y°. z,B' = ©(B)™' and ®(B)™" u = 6. Hence the infi-

i=1
nite AR representation of an MA(g) process is given as

V= Ty, =06 +¢, (5.64)

i=1
with ), |7;| < 0. The x; can be determined from
(1-6,B—0,B>— - —0,BY1-mB—mB>+--)=1  (5.65)

which in turn yields

ﬂ'l + 01 == 0
7y, =07 +6,=0
20T T . (5.66)
77:] - 0171']_1 — e — oqﬂ'j_q = 0
with 7, = —1 and z; = 0 for j < 0. Hence as in the previous arguments for

the stationarity of AR(p) models, the 7, are the solutions to the gth-order
linear difference equations and therefore the condition for the invertibility
of an MA(gq) process turns out to be very similar to the stationarity condition
of an AR(p) process: the roots of the associated polynomial given in
Eq. (5.66) should be less than 1 in absolute value,

mi—m?" —0,mi> — . =6, =0 (5.67)

An invertible MA(g) process can then be written as an infinite AR process.
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Correspondingly, for such a process, adjusting for y,_,y,_5, ..., Y41
does not necessarily eliminate the correlation between y, and y, , and
therefore its PACF will never “cut off.” In general, the PACF of an
MA(g) process is a mixture of exponential decay and damped sinusoid
expressions.

The ACF and the PACF do have very distinct and indicative properties
for MA and AR models, respectively. Therefore, in model identification,
we strongly recommend the use of both the sample ACF and the sample
PACF simultaneously.

5.5 MIXED AUTOREGRESSIVE-MOVING AVERAGE
PROCESSES

In the previous sections we have considered special cases of Wold’s decom-
position of a stationary time series represented as a weighted sum of infinite
random shocks. In an AR(1) process, for example, the weights in the infi-
nite sum are forced to follow an exponential decay form with ¢ as the rate
of decay. Since there are no restrictions apart from Zzo l//,-2 < oo on the
weights (y;), it may not be possible to approximate them by an exponential
decay pattern. For that, we will need to increase the order of the AR model
to approximate any pattern that these weights may in fact be exhibiting. On
some occasions, however, it is possible to make simple adjustments to the
exponential decay pattern by adding only a few terms and hence to have a
more parsimonious model. Consider, for example, that the weights y; do
indeed exhibit an exponential decay pattern with a constant rate except for
the fact that y, is not equal to this rate of decay as it would be in the case of
an AR(1) process. Hence instead of increasing the order of the AR model
to accommodate for this “anomaly,” we can add an MA(1) term that will
simply adjust y; while having no effect on the rate of exponential decay
pattern of the rest of the weights. This results in a mixed autoregressive
moving average or ARMA(1,1) model. In general, an ARMA(p, ¢) model
is given as

Vi=0+ ity ot e+ Py, +E -0
— 9281—2 —_— e — Hqgt—q

P q
=5+ ) dyite— ) Ok, (5.68)
i=1 i=1
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or
®B)y, =6+ O(B)e, (5.69)

where ¢, is a white noise process.

5.5.1 Stationarity of ARMA(p, q) Process

The stationarity of an ARMA process is related to the AR component in the
model and can be checked through the roots of the associated polynomial

m = g™ =yt — o =, = 0, (5.70)

If all the roots of Eq. (5.70) are less than one in absolute value, then
ARMA(p, ¢q) is stationary. This also implies that, under this condition,
ARMA(p, ¢g) has an infinite MA representation as

Vi :M+2Wi6t—i =u+¥B)e, (5.71)
i=0
with ¥(B) = ®(B)~! ©(B). The coefficients in ¥(B) can be found from

—0, i=1,....q

Vi— i — oy, — =Py, = { 0 l i>q (5.72)

and y, = 1.

5.5.2 Invertibility of ARMA(p, q) Process

Similar to the stationarity condition, the invertibility of an ARMA process
is related to the MA component and can be checked through the roots of
the associated polynomial

mi —Omi~ —Omi — . =0, =0 (5.73)

If all the roots of Eq. (5.71) are less than one in absolute value, then
ARMA(p, g) is said to be invertible and has an infinite AR representation,

TI(B)y, = a +¢, (5.74)
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where @ = ©(B)™!' § and TI(B) = ©(B)~! ®(B). The coefficients in I1(B)
can be found from

Loi=1,...,
mi— O — Oy — e = Oy = { ?)51 i >p u (5.75)

and z, = —1.
In Figure 5.10 we provide realizations of two ARMA(1,1) models:

y,=164+0.6y,_;,+¢,+08¢,_, and y =16-0.7y,_; +¢, —0.6¢,_,.

Note that the sample ACFs and PACFs exhibit exponential decay behavior
(sometimes in absolute value depending on the signs of the AR and MA
coefficients).

5.5.3 ACF and PACF of ARMA(p, q) Process

As in the stationarity and invertibility conditions, the ACF and PACF
of an ARMA process are determined by the AR and MA components,
respectively. It can therefore be shown that the ACF and PACF of an
ARMA(p, q) both exhibit exponential decay and/or damped sinusoid pat-
terns, which makes the identification of the order of the ARMA(p, gq)
model relatively more difficult. For that, additional sample functions such
as the Extended Sample ACF (ESACF), the Generalized Sample PACF
(GPACF), the Inverse ACF (IACF), and canonical correlations can be
used. For further information see Box, Jenkins, and Reinsel (2008), Wei
(2006), Tiao and Box (1981), Tsay and Tiao (1984), and Abraham and
Ledolter (1984). However, the availability of sophisticated statistical soft-
ware packages such as Minitab JMP and SAS makes it possible for the
practitioner to consider several different models with various orders and
compare them based on the model selection criteria such as AIC, AICC,
and BIC as described in Chapter 2 and residual analysis.

The theoretical values of the ACF and PACEF for stationary time series
are summarized in Table 5.1. The summary of the sample ACFs and PACFs
of the realizations of some of the models we have covered in this chapter
are given in Table 5.2, Table 5.3, and Table 5.4 for MA, AR, and ARMA
models, respectively.
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FIGURE 5.10 Two realizations of the ARMA(1,1) model: (a) y, =16+
0.6y,_1 +¢&,+0.8¢,_; and (b) y, =16 —0.7y,_; + €, — 0.6¢,_;. (c) The ACF of
(a), (d) the ACF of (b), (e) the PACF of (a), and (f) the PACF of (b).

TABLE 5.1 Behavior of Theoretical ACF and PACF for Stationary

Processes

Model ACF PACF

MA(g) Cuts off after lag ¢ Exponential decay and/or
damped sinusoid

AR(p) Exponential decay and/or damped Cuts off after lag p

sinusoid
ARMA(p,q)  Exponential decay and/or damped  Exponential decay and/or

sinusoid

damped sinusoid
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5.6 NONSTATIONARY PROCESSES

It is often the case that while the processes may not have a constant level,
they exhibit homogeneous behavior over time. Consider, for example, the
linear trend process given in Figure 5.1c. It can be seen that different
snapshots taken in time do exhibit similar behavior except for the mean
level of the process. Similarly, processes may show nonstationarity in the
slope as well. We will call a time series, y,, homogeneous nonstationary if it
is not stationary butits firstdifference, thatis,w, =y, —y,_;, = (1 = B) y,,or
higher-order differences, w, = (1 — B)* ¥, produce a stationary time series.
We will further call y, an autoregressive integrated moving average
(ARIMA) process of orders p, d, and g—that is, ARIMA(p, d, g)—if its dth
difference, denoted by w, = (1 — B)? ¥,» produces a stationary ARMA(p, ¢q)
process. The term integrated is used since, for d = 1, for example, we can
write y, as the sum (or “integral”) of the w, process as

Ye=wity
= Wt + Wt—l + yt—2 (576)
=w, +Wt—l + .- +W1 +y0

Hence an ARIMA(p, d, g) can be written as
®(B)(1 -—B)'y, =6 +0O(B)e, (5.77)

Thus once the differencing is performed and a stationary time series
w,=(1- B)? ¥, is obtained, the methods provided in the previous sections
can be used to obtain the full model. In most applications first differencing
(d = 1) and occasionally second differencing (d = 2) would be enough to
achieve stationarity. However, sometimes transformations other than dif-
ferencing are useful in reducing a nonstationary time series to a stationary
one. For example, in many economic time series the variability of the
observations increases as the average level of the process increases; how-
ever, the percentage of change in the observations is relatively independent
of level. Therefore taking the logarithm of the original series will be useful
in achieving stationarity.

5.6.1 Some Examples of ARIMA(p, d, q) Processes

The random walk process, ARIMA(0, 1, 0) is the simplest nonstationary
model. It is given by

(1-B)y, =5 +¢, (5.78)
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Autocorrelation function for y(t)

Time series plot of y(t) (with 5% significance limits for the autocorrelations)
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FIGURE 5.11 A realization of the ARIMA(0, 1, 0) model, y,, its first difference,
w,, and their sample ACFs and PACFs.

suggesting that first differencing eliminates all serial dependence and yields
a white noise process.

Consider the process y, = 20 +y,_; + ¢,. A realization of this process
together with its sample ACF and PACF are given in Figure 5.11a—c. We
can see that the sample ACF dies out very slowly, while the sample PACF
is only significant at the first lag. Also note that the PACF value at the
first lag is very close to one. All this evidence suggests that the process
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is not stationary. The first difference, w, =y, — y,_,, and its sample ACF
and PACF are shown in Figure 5.11d—f. The time series plot of w, implies
that the first difference is stationary. In fact, the sample ACF and PACF do
not show any significant values. This further suggests that differencing the
original data once “clears out” the autocorrelation. Hence the data can be
modeled using the random walk model given in Eq. (5.78).

The ARIMA(0, 1, 1) process is given by

(1-B)y, =6+ (1 —6B)¢, (5.79)

The infinite AR representation of Eq. (5.79) can be obtained from Eq. (5.75)

1, i=1
7 —Om_, = {O i>1 (5.80)

with 7, = —1. Thus we have

y=a+ Ty T &
=1 (5.81)
=a+(1-60)y,_, +0y,_,+ ) +¢
This suggests that an ARIMA(O, 1, 1) (a.k.a. IMA(1, 1)) can be written as
an exponentially weighted moving average (EWMA) of all past values.
Consider the time series data in Figure 5.12a. It looks like the mean of the
process is changing (moving upwards) in time. Yet the change in the mean
(i.e., nonstationarity) is not as obvious as in the previous example. The
sample ACF plot of the data in Figure 5.12b dies down relatively slowly and
the sample PACF of the data in Figure 5.12c shows two significant values at
lags 1 and 2. Hence we might be tempted to model this data using an AR(2)
model because of the exponentially decaying ACF and significant PACF
at the first two lags. Indeed, we might even have a good fit using an AR(2)
model. We should nevertheless check the roots of the associated polynomial
given in Eq. (5.36) to make sure that its roots are less than 1 in absolute
value. Also note that a technically stationary process will behave more
and more nonstationary as the roots of the associated polynomial approach
unity. For that, observe the realization of the near nonstationary process,
v, =2+ 0.95y,_, + ¢, givenin Figure 5.1b. Based on the visual inspection,
however, we may deem the process nonstationary and proceed with taking
the first difference of the data. This is because the ¢ value of the AR(1)
model is close to 1. Under these circumstances, where the nonstationarity
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Autocorrelation function for y(t)

Time series plot of y(t) (with 5% significance limits for the autocorrelations)
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FIGURE5.12 A realization of the ARIMA(O, 1, 1) model, y,, its first difference,
w,, and their sample ACFs and PACFs.

of the process is dubious, we strongly recommend that the analyst refer
back to basic underlying process knowledge. If, for example, the process
mean is expected to wander off as in some financial data, assuming that the
process is nonstationary and proceeding with differencing the data would
be more appropriate. For the data given in Figure 5.12a, its first difference
given in Figure 5.12d looks stationary. Furthermore, its sample ACF and
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PACEF given in Figures 5.12e and 5.12f, respectively, suggest that an MA(1)
model would be appropriate for the first difference since its ACF cuts off
after the first lag and the PACF exhibits an exponential decay pattern. Hence
the ARIMA(O, 1, 1) model given in Eq. (5.79) can be used for this data.

5.7 TIME SERIES MODEL BUILDING

A three-step iterative procedure is used to build an ARIMA model. First, a
tentative model of the ARIMA class is identified through analysis of his-
torical data. Second, the unknown parameters of the model are estimated.
Third, through residual analysis, diagnostic checks are performed to deter-
mine the adequacy of the model, or to indicate potential improvements.
We shall now discuss each of these steps in more detail.

5.7.1 Model Identification

Model identification efforts should start with preliminary efforts in under-
standing the type of process from which the data is coming and how it is
collected. The process’ perceived characteristics and sampling frequency
often provide valuable information in this preliminary stage of model iden-
tification. In today’s data rich environments, it is often expected that the
practitioners would be presented with “enough” data to be able to generate
reliable models. It would nevertheless be recommended that 50 or prefer-
ably more observations should be initially considered. Before engaging in
rigorous statistical model-building efforts, we also strongly recommend
the use of “creative” plotting of the data, such as the simple time series
plot and scatter plots of the time series data y, versus y,_;, y,_,, and so on.
For the y, versus y,_; scatter plot, for example, this can be achieved in a
data set of N observations by plotting the first N — 1 observations versus
the last N — 1. Simple time series plots should be used as the preliminary
assessment tool for stationarity. The visual inspection of these plots should
later be confirmed as described earlier in this chapter. If nonstationarity is
suspected, the time series plot of the first (or dth) difference should also
be considered. The unit root test by Dickey and Fuller (1979) can also
be performed to make sure that the differencing is indeed needed. Once
the stationarity of the time series can be presumed, the sample ACF and
PACEF of the time series of the original time series (or its dth difference if
necessary) should be obtained. Depending on the nature of the autocorre-
lation, the first 20-25 sample autocorrelations and partial autocorrelations
should be sufficient. More care should be taken of course if the process
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exhibits strong autocorrelation and/or seasonality, as we will discuss in the

following sections. Table 5.1 together with the +2/ \/ZV limits can be used
as a guide for identifying AR or MA models. As discussed earlier, the
identification of ARMA models would require more care, as both the ACF
and PACF will exhibit exponential decay and/or damped sinusoid behavior.

We have already discussed that the differenced series {w,} may have
a nonzero mean, say, y,. At the identification stage we may obtain an
indication of whether or not a nonzero value of 4, is needed by comparing
the sample mean of the differenced series, say, w = Z;:ld [w/(n — d)], with
its approximate standard error. Box, Jenkins, and Reinsel (2008) give the
approximate standard error of w for several useful ARIMA(p, d, g) models.

Identification of the appropriate ARIMA model requires skills obtained
by experience. Several excellent examples of the identification process are
given in Box et al. (2008, Chap. 6), Montgomery et al. (1990), and Bisgaard
and Kulahci (2011).

5.7.2 Parameter Estimation

There are several methods such as the methods of moments, maximum
likelihood, and least squares that can be employed to estimate the param-
eters in the tentatively identified model. However, unlike the regression
models of Chapter 2, most ARIMA models are nonlinear models and
require the use of a nonlinear model fitting procedure. This is usually auto-
matically performed by sophisticated software packages such as Minitab
JMP, and SAS. In some software packages, the user may have the choice
of estimation method and can accordingly choose the most appropriate
method based on the problem specifications.

5.7.3 Diagnostic Checking

After a tentative model has been fit to the data, we must examine its
adequacy and, if necessary, suggest potential improvements. This is done
through residual analysis. The residuals for an ARMA(p, q) process can
be obtained from

P q
&=y (3 + Z (13,'}7,_5 - 2 éiét—i> (5.82)
i=1 i=1

If the specified model is adequate and hence the appropriate orders p and g
are identified, it should transform the observations to a white noise process.
Thus the residuals in Eq. (5.82) should behave like white noise.
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Let the sample autocorrelation function of the residuals be denoted by
{re (k)}. If the model is appropriate, then the residual sample autocorrela-
tion function should have no structure to identify. That is, the autocorrela-
tion should not differ significantly from zero for all lags greater than one.
If the form of the model were correct and if we knew the true parameter
values, then the standard error of the residual autocorrelations would be
N=1/2,

Rather than considering the r,(k) terms individually, we may obtain
an indication of whether the first K residual autocorrelations considered
together indicate adequacy of the model. This indication may be obtained
through an approximate chi-square test of model adequacy. The test
statistic is

K
Q=(N=-d) ) Kk (5.83)
k=1

which is approximately distributed as chi-square with K — p — g degrees
of freedom if the model is appropriate. If the model is inadequate, the
calculated value of Q will be too large. Thus we should reject the hypoth-
esis of model adequacy if Q exceeds an approximate small upper tail
point of the chi-square distribution with K — p — g degrees of freedom.
Further details of this test are in Chapter 2 and in the original refer-
ence by Box and Pierce (1970). The modification of this test by Ljung
and Box (1978) presented in Chapter 2 is also useful in assessing model
adequacy.

5.7.4 Examples of Building ARIMA Models

In this section we shall present two examples of the identification, estima-
tion, and diagnostic checking process. One example presents the analysis
for a stationary time series, while the other is an example of modeling a
nonstationary series.

Example 5.1 Table 5.5 shows the weekly total number of loan applica-
tions in a local branch of a national bank for the last 2 years. It is suspected
that there should be some relationship (i.e., autocorrelation) between the
number of applications in the current week and the number of loan appli-
cations in the previous weeks. Modeling that relationship will help the
management to proactively plan for the coming weeks through reliable
forecasts. As always, we start our analysis with the time series plot of the
data, shown in Figure 5.13.
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TABLE 5.5 Weekly Total Number of Loan Applications for the Last
2 Years

Week Applications Week Applications Week Applications Week Applications

1 71 27 62 53 66 79 63
2 57 28 77 54 71 80 61
3 62 29 76 55 59 81 73
4 64 30 88 56 57 82 72
5 65 31 71 57 66 83 65
6 67 32 72 58 51 84 70
7 65 33 66 59 59 85 54
8 82 34 65 60 56 86 63
9 70 35 73 61 57 87 62
10 74 36 76 62 55 88 60
11 75 37 81 63 53 89 67
12 81 38 84 64 74 90 59
13 71 39 68 65 64 91 74
14 75 40 63 66 70 92 61
15 82 41 66 67 74 93 61
16 74 42 71 68 69 94 52
17 78 43 67 69 64 95 55
18 75 44 69 70 68 96 61
19 73 45 63 71 64 97 56
20 76 46 61 72 70 98 61
21 66 47 68 73 73 99 60
22 69 48 75 74 59 100 65
23 63 49 66 75 68 101 55
24 76 50 81 76 59 102 61
25 65 51 72 71 66 103 59
26 73 52 71 78 63 104 63

Figure 5.13 shows that the weekly data tend to have short runs and that
the data seem to be indeed autocorrelated. Next, we visually inspect the
stationarity. Although there might be a slight drop in the mean for the
second year (weeks 53-104), in general, it seems to be safe to assume
stationarity.

We now look at the sample ACF and PACF plots in Figure 5.14. Here
are possible interpretations of the ACF plot:

1. It cuts off after lag 2 (or maybe even 3), suggesting an MA(2) (or
MA(3)) model.

2. It has an (or a mixture of) exponential decay(s) pattern suggesting an
AR(p) model.

To resolve the conflict, consider the sample PACF plot. For that, we have
only one interpretation; it cuts off after lag 2. Hence we use the second
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FIGURE 5.13 Time series plot of the weekly total number of loan applications.

interpretation of the sample ACF plot and assume that the appropriate
model to fit is the AR(2) model.

Table 5.6 shows the Minitab output for the AR(2) model. The parameter
estimates are ¢, = 0.27 and ¢, = 0.42, and they turn out to be significant
(see the P-values).

MSE is calculated to be 39.35. The modified Box—Pierce test suggests
that there is no autocorrelation left in the residuals. We can also see this in
the ACF and PACEF plots of the residuals in Figure 5.15.

As the last diagnostic check, we have the 4-in-1 residual plots in Fig-
ure 5.16 provided by Minitab: Normal Probability Plot, Residuals versus

Autocorrelation function for the Partial autocorrelation function for the
number of loan applications number of loan applications
(with 5% significance limits for the autocorrelations) (with 5% significance limits for the autocorrelations)
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FIGURE 5.14 ACF and PACEF for the weekly total number of loan applications.
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TABLE 5.6
Loan Application Data

Minitab Output for the AR(2) Model for the

Final Estimates of Parameters

Type Coef SE Coef
AR 1 0.2682 0.0903
AR 2 0.4212 0.0908
Constant 20.7642 0.6157
Mean 66.844 1.982

2.97
4.64
33.73

P
0.004
0.000
0.000

(backforecasts excluded)

Number of observations: 104
Residuals: SS = 3974.30
MS = 39.35 DF =

Modified Box-Pierce

Lag 12 24
Chi-Square 6.2 16.0
DF 9 21
P-Value 0.718 0.772

(Ljung-Box)

36

24.9

0.

33
843

101

Chi-Square statistic

48
32.0
45

0.927

Fitted Value, Histogram of the Residuals, and Time Series Plot of the
Residuals. They indicate that the fit is indeed acceptable.

Figure 5.17 shows the actual data and the fitted values. It looks like the
fitted values smooth out the highs and lows in the data.

Note that, in this example, we often and deliberately used ‘“vague”
words such as “seems” or “looks like.” It should be clear by now that
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FIGURE 5.15 The sample ACF and PACF of the residuals for the AR(2) model
in Table 5.6.
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the methodology presented in this chapter has a very sound theoretical
foundation. However, as in any modeling effort, we should also keep in
mind the subjective component of model identification. In fact, as we
mentioned earlier, time series model fitting can be seen as a mixture of
science and art and can best be learned by practice and experience. The
next example will illustrate this point further.

Example 5.2  Consider the Dow Jones Index data from Chapter 4. A
time series plot of the data is given in Figure 5.18. The process shows signs
of nonstationarity with changing mean and possibly variance.

Similarly, the slowly decreasing sample ACF and sample PACF with
significant value at lag 1, which is close to 1 in Figure 5.19, confirm
that indeed the process can be deemed nonstationary. On the other hand,
one might argue that the significant sample PACF value at lag 1 suggests
that the AR(1) model might also fit the data well. We will consider this
interpretation first and fit an AR(1) model to the Dow Jones Index data.

Table 5.7 shows the Minitab output for the AR(1) model. Although it is
close to 1, the AR(1) model coefficient estimate (f) = 0.9045 turns out to be
quite significant and the modified Box—Pierce test suggests that there is no
autocorrelation left in the residuals. This is also confirmed by the sample
ACF and PACEF plots of the residuals given in Figure 5.20.

12,000

11,000

10,000

Dow Jones

9000

8000

T T T T T T T T T T T
Jun-99 Jan-00 Sep-00 May-01 Jan-02 Sep-02 May-03 Jan-04 Sep-04 May-05 Jan-06
Date

FIGURE 5.18 Time series plot of the Dow Jones Index from June 1999 to June
2006.
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Autocorrelation function for Dow Jones index Partial autocorrelation function for Dow Jones index
(with 5% significance limits for the autocorrelations) (with 5% significance limits for the autocorrelations)
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FIGURE 5.19 Sample ACF and PACF of the Dow Jones Index.
TABLE 5.7 Minitab Output for the AR(1) Model for the
Dow Jones Index
Final Estimates of Parameters
Type Coef SE Coef T P
AR 1 0.9045 0.0500 18.10 0.000
Constant 984 .94 44.27 22.25 0.000
Mean 10309.9 463 .4
Number of observations: 85
Residuals: SS = 13246015 (backforecasts excluded)
MS = 159591 DF = 83
Modified Box-Pierce (Ljung-Box) Chi-Square statistic
Lag 12 24 36 48
Chi-Square 2.5 14.8 21.4 29.0
DF 10 22 34 46
P-Value 0.991 0.872 0.954 0.977
ACF of residuals from the AR(1) model PACF of residuals from the AR(1) model
(with 5% significance limits for the autocorrelations) (with 5% significance limits for the partial autocorrelations)
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FIGURE 5.20 Sample ACF and PACF of the residuals from the AR(1) model
for the Dow Jones Index data.
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FIGURE 5.21 Residual plots from the AR(1) model for the Dow Jones Index
data.

The only concern in the residual plots in Figure 5.21 is in the changing
variance observed in the time series plot of the residuals. This is indeed a
very important issue since it violates the constant variance assumption. We
will discuss this issue further in Section 7.3 but for illustration purposes
we will ignore it in this example.

Overall it can be argued that an AR(1) model provides a decent fit to the
data. However, we will now consider the earlier interpretation and assume
that the Dow Jones Index data comes from a nonstationary process. We then
take the first difference of the data as shown in Figure 5.22. While there
are once again some serious concerns about changing variance, the level
of the first difference remains the same. If we ignore the changing variance
and look at the sample ACF and PACF plots given in Figure 5.23, we may
conclude that the first difference is in fact white noise. That is, since these
plots do not show any sign of significant autocorrelation, a model we may
consider for the Dow Jones Index data would be the random walk model,
ARIMA(O, 1, 0).

Now the analyst has to decide between the two models: AR(1) and
ARIMA(O, 1, 0). One can certainly use some of the criteria we discussed
in Section 2.6.2 to choose one of these models. Since these two models are
fundamentally quite different, we strongly recommend that the analyst use
the subject matter/process knowledge as much as possible. Do we expect
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FIGURE 5.22 Time series plot of the first difference w(f) of the Dow Jones
Index data.

a financial index such as the Dow Jones Index to wander about a fixed
mean as implied by the AR(1)? In most cases involving financial data, the
answer would be no. Hence a model such as ARIMA(O, 1, 0) that takes
into account the inherent nonstationarity of the process should be preferred.
However, we do have a problem with the proposed model. A random walk
model means that the price changes are random and cannot be predicted.
If we have a higher price today compared to yesterday, that would have no
bearing on the forecasts tomorrow. That is, tomorrow’s price can be higher
or lower than today’s and we would have no way to forecast it effectively.
This further suggests that the best forecast for tomorrow’s price is in fact
the price we have today. This is obviously not a reliable and effective
forecasting model. This very same issue of the random walk models for

Autocorrelation function for w(t) Partial autocorrelation function for w(t)
(with 5% significance limits for the autocorrelations) (with 5% significance limits for the partial autocorrelations)
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FIGURE 5.23 Sample ACF and PACF plots of the first difference of the Dow
Jones Index data.
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financial data has been discussed in great detail in the literature. We simply
used this data to illustrate that in time series model fitting we can end up
with fundamentally different models that will fit the data equally well. At
this point, process knowledge can provide the needed guidance in picking
the “right” model.

It should be noted that, in this example, we tried to keep the models
simple for illustration purposes. Indeed, a more thorough analysis would
(and should) pay close attention to the changing variance issue. In fact, this
is a very common concern particularly when dealing with financial data.
For that, we once again refer the reader to Section 7.3.

5.8 FORECASTING ARIMA PROCESSES

Once an appropriate time series model has been fit, it may be used to
generate forecasts of future observations. If we denote the current time by
T, the forecast for y;, , is called the 7-period-ahead forecast and denoted
by $7,.(T). The standard criterion to use in obtaining the best forecast
is the mean squared error for which the expected value of the squared
forecast errors, E[(y7,, — $7..(T))*] = Eler()*], is minimized. It can be
shown that the best forecast in the mean square sense is the conditional
expectation of y,, . given current and previous observations, that is, y;,

Vr_qs .-

Yr4. 1) =E [yT+r| Y1 Y1-15 ] (5.84)

Consider, for example, an ARIMA(p, d, g) process at time T + 7 (i.e., T
period in the future):

p+d q

Vrsr =6+ Z GVrremi €74 — Z OiEr o (5.85)
i=1 i=1

Further consider its infinite MA representation,

Yree = HF Z Vi€ Thr—i (5.86)
i=0

We can partition Eq. (5.86) as

T—1 oo

Vree =M+ Y WiEr i+ P WiEre (5.87)

i=0 =T
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In this partition, we can clearly see that the z,:ol WiEry,_; component
involves the future errors, whereas the Y > w;er,,_; component involves
the present and past errors. From the relationship between the current
and past observations and the corresponding random shocks as well as
the fact that the random shocks are assumed to have mean zero and to
be independent, we can show that the best forecast in the mean square
sense is

Ve (1) =E [)’T+T| YrsY1-15 ] =p+t Z Vi€ (5.88)

i=T
since

0 if i<zt

E [6T+,_,-|)’T’)’T—1’ ] = {gT_H__i if i>7

Subsequently, the forecast error is calculated from
7—1
er(0) = ¥rye = Irae (1) = D WiEraes; (5.89)

i=0

Since the forecast error in Eq. (5.89) is a linear combination of random
shocks, we have

Ele; ()] =0 (5.90)
—1 71
Var [e; (7)] = Var 2 Vi€rie—i| = 2 w; Var(er,.._;)
i=0 i=0
7—1
2622%2 (5.91)
i=0

=O'2(T), T=1,2, ...

It should be noted that the variance of the forecast error gets bigger with
increasing forecast lead times 7. This intuitively makes sense as we should
expect more uncertainty in our forecasts further into the future. Moreover,
if the random shocks are assumed to be normally distributed, N (0, 6?), then
the forecast errors will also be normally distributed with N(0, 62(7)). We
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can then obtain the 100(1 — a) percent prediction intervals for the future
observations from

P (914 (1) = 2406 (1) < ypyr <Ppye (D + 2,06 (1)) =1 - (5.92)

where z,, , is the upper a /2 percentile of the standard normal distribution,
N (0, 1). Hence the 100(1 — a) percent prediction interval for y;, . is

5)T+r (T + 220 () (5.93)

There are two issues with the forecast equation in (5.88). First, it involves
infinitely many terms in the past. However, in practice, we will only have
a finite amount of data. For a sufficiently large data set, this can be over-
looked. Second, Eq. (5.88) requires knowledge of the magnitude of random
shocks in the past, which is unrealistic. A solution to this problem is to
“estimate” the past random shocks through one-step-ahead forecasts. For
the ARIMA model we can calculate

ptd q

&=y = |6+ ) b= ) 0., (5.94)
i=1 i=1

recursively by setting the initial values of the random shocks to zero for
t < p+d+ 1. For more accurate results, these initial values together with
the y, for £ < 0 can also be obtained using back-forecasting. For further
details, see Box, Jenkins, and Reinsel (2008).

As an illustration consider forecasting the ARIMA(1, 1, 1) process

(1-¢B)(1 =B)y;,, =1 -6B) ey, (5.95)
We will consider two of the most commonly used approaches:

1. Asdiscussed earlier, this approach involves the infinite MA represen-
tation of the model in Eq. (5.95), also known as the random shock
form of the model:

()
Y1 = Z VifTir—i
i=0

= Yolryr T W€ T WET L

(5.96)
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Hence the 7-step-ahead forecast can be calculated from
Y14 (D) =W er + w60 + (5.97)
The weights y; can be calculated from
(wo+w B+ ) (1—¢B)(1—B)=(1-6B) (5.98)

and the random shocks can be estimated using the one-step-ahead
forecast error; for example, £, can be replaced by e;_ (1) = y; —
(T = 1).

. Another approach that is often employed in practice is to use differ-
ence equations as given by

Vrae = A+ @) yryry — OVrprn t €7y — Oery (5.99)

For = = 1, the best forecast in the mean squared error sense is

Sra1 (D) =E [yr| v yro1s -] = L+ @) yp — by — Oep (1)
(5.100)

We can further show that for lead times 7 > 2, the forecast is

j}T+T(T) = (1 - ¢) 5}T+T—1(T) - ¢§)T+T—2(T) (5101)

Prediction intervals for forecasts of future observations at time period
T + 7 are found using equation 5.87. However, in using Equation 5.87 the
yw weights must be found in order to compute the variance (or standard
deviation) of the z-step ahead forecast error. The y weights for the general
ARIMA(p, d, g) model may be obtained by equating like powers of B in
the expansion of

(Wo + w1 B +yoB” + )1 = ¢y B — poB” — -+ — ¢, B')(1 = B)'
=(1-0,B-0,B>— - —0,B%

and solving for the y weights. We now illustrate this with three examples.

Example 5.3 The ARMA(1, 1) Model For the ARMA(1, 1) model the
product of the required polynomials is

(o + v B+y,B” + -)(1 — ¢B) = (1 — 6B)
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Equating like power of B we find that

By, —¢p=—0,ory, =¢—0
B>y, — ¢y, =0, or y, = ¢(¢p — 0)

In general, we can show for the ARMA(1,1) model that v = (¢ - 0).

Example 5.4 The AR(2) Model For the AR(2) model the product of
the required polynomials is

Wo+wiB+y,B* + )1 — ¢ B—¢,B%) =1
Equating like power of B, we find that

By, =1
By, =, =0, ory, = ¢,
By, — gy — =0, ory, = iy + ¢,

In general, we can show for the AR(2) model that y; = ¢,y;_; + $,y;_,.

Example 5.5 The ARIMA(0, 1, 1) or IMA(1,1) Model Now consider
a nonstationary model, the IMA(1, 1) model. The product of the required
polynomials for this model is

(wo +wB+y,B> + )1 —B) = (1 — 6B)
It is straightforward to show that the y weights for this model are
wo =1

y=1-6
l//j=l//j_1,j=2,3,...

Notice that the prediction intervals will increase in length rapidly as the
forecast lead time increases. This is typical of nonstationary ARIMA mod-
els. It implies that these models may not be very effective in forecasting
more than a few periods ahead.
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FIGURE 5.24 Time series plot and forecasts for the weekly loan application
data.

Example 5.6  Consider the loan applications data given in Table 5.5. Now
assume that the manager wants to make forecasts for the next 3 months
(12 weeks) using the AR(2) model from Example 5.1. Hence at the
104th week we need to make 1-step, 2-step, ... , 12-step-ahead predictions,
which are obtained and plotted using Minitab in Figure 5.24 together with
the 95% prediction interval.

Table 5.8 shows the output from JMP for fitting an AR(2) model to the
weekly loan application data. In addition to the sample ACF and PACF,
JMP provides the model fitting information including the estimates of the
model parameters, the forecasts for 10 periods into the future and the
associated prediction intervals, and the residual autocorrelation and PACF.
The AR(2) model is an excellent fit to the data.

5.9 SEASONAL PROCESSES

Time series data may sometimes exhibit strong periodic patterns. This is
often referred to as the time series having a seasonal behavior. This mostly
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occurs when data is taken in specific intervals—monthly, weekly, and so
on. One way to represent such data is through an additive model where the
process is assumed to be composed of two parts,

y, =S, +N, (5.102)

where S, is the deterministic component with periodicity s and N, is the
stochastic component that may be modeled as an ARMA process. In that,
¥, can be seen as a process with predictable periodic behavior with some
noise sprinkled on top of it. Since the S, is deterministic and has periodicity
s, we have §, =S, or

S,—S,_,=01-B)5,=0 (5.103)
Applying the (1 — B®) operator to Eq. (5.102), we have

(I1-B)y,=1-B)S, +(1-B)N,

_ > (5.104)
w, = (1 = B°)N,

TABLE 5.8 JMP AR(2) Output for the Loan Application Data

Time series y(t)

90
80
= 70
> —
60
50 T T T T T T T T T T
0 10 20 30 40 50 60 70 80 90 100 110
Row
Mean 67.067308
Std 7.663932
N 104
Zero Mean ADF -0.695158
Single Mean ADF -6.087814

Trend ADF -7.396174
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Time series basic diagnostics
AutoCorr plot autocorr

Lag

- O

0~NO O~ WN—=O

DN MNONDMNDN = - 2 o
GORWOWN—-0O©ONOOOPLWN-—=O©

1.0000
0.4617
0.5314
0.2915
0.2682
0.2297
0.1918
0.2484
0.1162
0.1701
0.0565
0.0716
0.1169
0.1151
0.2411
0.1137
0.2540
0.1279
0.2392
0.1138
0.1657
0.0745
0.1320
0.0708
0.0338
0.0057

Partial plot partial
AutoCorr plot autocorr

1.0000
0.4617
0.4045
-0.0629
-0.0220
0.0976
0.0252
0.1155
-0.1017
0.0145
—0.0330
—-0.0250
0.1349
0.0488
0.1489
—-0.0842
0.1036
0.0105
0.0830
—-0.0938
0.0052
-0.0927
0.1149
—-0.0645
—-0.0473
—-0.0742

Ljung-Box Q

22.8186
53.3428
62.6167
70.5487
76.4252
80.5647
87.5762
89.1255
92.4847
92.8587
93.4667
95.1040
96.7080
103.829
105.430
113.515
115.587
122.922
124.603
128.206
128.944
131.286
131.968
132.125
132.130

Ljung-Box Q

p-Value

<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001

p-Value

(continued)
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Model Comparison

Model DF Variance AIC SBC RSquare
AR(2) 101 39.458251 680.92398 688.85715 0.343
Model: AR(2)
Model Summary
DF 101
Sum of Squared Errors 3985.28336
Variance Estimate 39.4582511
Standard Deviation 6.2815803
Akaike's 'A' Information Criterion 680.923978
Schwarz's Bayesian Criterion 688.857151
RSquare 0.34278547
RSquare Adj 0.32977132
MAPE 7.37857799
MAE 4.91939717
-2LogLikelihood 674.923978
Stable Yes
Invertible Yes
Parameter Estimates
Term Lag Estimate Std Error t Ratio Prob>|t]|
AR1 1 0.265885 0.089022 2.99 0.0035
AR2 2 0.412978 0.090108 4.58 <.0001
Intercept 0 66.854262 1.833390 36.46 <.0001
Forecast
90 =
85
S 80
S 75+
B 70
3]
5 657
o [
554
50 T T T T T
0 20 40 60 80 100 120
Row
Residuals
154 ™ . -
1 []
0o 107 a sg g = . " .
= 1 " a n
S S5 " m s " . "
T 1% % ° I mu g US .
S o0 = ue, f = . " LI .
S E " o " L ]
[ ]
§—5— l.l’ "o ‘..'l"-.
i %
~10 r . "
AL - [ ] .
-15

Row

T T T T T T T T T T
0O 10 20 30 40 50 60 70 80 90 100

-2LogLH

674.92398

Constant Estimate
21.469383
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TABLE 5.8 (Continued)

Lag AutoCorr plot autocorr Ljung-Box Q p-Value
0 1.0000[ ] . .
1 0.0320] ] 0.1094 0.7408
2 0.0287] ] 0.1986 0.9055
3 —0.0710[ ] 0.7489 0.8617
4 —0.0614[ ] 1.1647 0.8839
5 —0.0131] ] 1.1839 0.9464
6 0.0047] ] 1.1864 0.9776
7 0.1465] ] 3.6263 0.8217
8 —0.0309[ ] 3.7358 0.8801
9 0.0765] ] 4.4158 0.8820
10 —0.0938[ ] 5.4479 0.8593
11 —0.0698[ ] 6.0251 0.8717
12 0.0019] ] 6.0255 0.9148
13 0.0223] ] 6.0859 0.9430
14 0.1604] ] 9.2379 0.8155
15 —0.0543] ] 9.6028 0.8440
16 0.1181] ] 11.3501 0.7874
17 —0.0157] ] 11.3812 0.8361
18 0.1299] ] 13.5454 0.7582
19 —0.0059[ ] 13.5499 0.8093
20 0.0501] ] 13.8788 0.8366
21 —0.0413[ ] 14.1056 0.8650
22 0.0937] ] 15.2870 0.8496
23 0.0409] ] 15.5146 0.8752
24 —0.0035[ ] 15.5163 0.9047
25 —0.0335] ] 15.6731 0.9242
Lag Partial plot partial
0 1.0000] ]
1 0.0320] ]
2 0.0277] 1
3 —0.0729] |
4 —0.0580] ]
5 —0.0053[ ]
6 0.0038] ]
7 0.1399] ]
8 —0.04547 |
9 0.0715] ]
10 —0.0803[ ]
Lag AutoCorr plot autocorr Ljung-Box Q p-Value
1 —0.0586 [ ]
12 0.0201 [ ]
13 0.0211 [ ]
14 0.1306 [ ]
15 -0.0669 [ ]
16 0.1024 [ ]
17 0.0256 | ]
18 0.1477 | ]
19 -0.0027 [ ]
20 0.0569 [ ]
21 —0.0823 [ ]
22 0.1467 | ]
23 -0.0124 [ ]
24 0.0448 | ]
25 —-0.0869 [ ]
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The process w, can be seen as seasonally stationary. Since an ARMA
process can be used to model N,, in general, we have

dB)w, = (1 — B*)BO(B)¢, (5.105)

where g, is white noise.

We can also consider S, as a stochastic process. We will further assume
that after seasonal differencing, (1 — B®), (1 — B®) y, = w, becomes station-
ary. This, however, may not eliminate all seasonal features in the process.
That is, the seasonally differenced data may still show strong autocorrela-
tion at lags s, 2s, .... So the seasonal ARMA model is

(1= ¢1B — 3B — - — $B™)w, = (1 - 6;B" — 0,8 — - — 0, B )¢,
(5.106)

This representation, however, only takes into account the autocorrelation
at seasonal lags s, 2s, .... Hence a more general seasonal ARIMA model
of orders (p,d, q) X (P, D, Q) with period s is

®*(B)®(B)(1 — B)*(1 — B")Py, = 6 + ®*(B*)O(B)¢, (5.107)

In practice, although it is case specific, it is not expected to have P,
D, and Q greater than 1. The results for regular ARIMA processes that
we discussed in previous sections apply to the seasonal models given in
Eq. (5.107).

As in the nonseasonal ARIMA models, the forecasts for the seasonal
ARIMA models can be obtained from the difference equations as illustrated
for example in Eq. (5.101) for a nonseasonal ARIMA(1,1,1) process. Sim-
ilarly the weights in the random shock form given in Eq. (5.96) can be
estimated as in Eq. (5.98) to obtain the estimate for the variance of the
forecast errors as well as the prediction intervals given in Egs. (5.91) and
(5.92), respectively.

Example 5.7 The ARIMA (0, 1, 1) X (0, 1, 1) model with s = 12 is

(1-B)(1-B")y,=(1-6,B-0/B"+0,0/B")e,

~~
w,

t
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For this process, the autocovariances are calculated as

7(0) = Var(w,) = o> (1 + 6> + 6% + (=6,67)°)
=o’(1+67)(1+067?)
y(1) = Cov(w,, w,_) = o> (-0, + 07 (-6,67))
=-0,6*(1+07)
r2)=y@3)=--=y(10)=0
y(11) = 66,6}
y(12) = —=c0% (1 + 67)
y(13) = 6%6,0;
y() =0, j>13

Example 5.8 Consider the US clothing sales data in Table 4.9. The
data obviously exhibit some seasonality and upward linear trend. The
sample ACF and PACF plots given in Figure 5.25 indicate a monthly
seasonality, s = 12, as ACF values at lags 12, 24, 36 are significant and
slowly decreasing, and there is a significant PACF value at lag 12 that is
close to 1. Moreover, the slowly decreasing ACF in general, also indicates
a nonstationarity that can be remedied by taking the first difference. Hence
we would now consider w, = (1 — B) (1 — B'?)y,.

Figure 5.26 shows that first difference together with seasonal
differencing—that is, w, = (1 — B)(1 — B'?)y,—helps in terms of station-
arity and eliminating the seasonality, which is also confirmed by sample
ACF and PACF plots given in Figure 5.27. Moreover, the sample ACF
with a significant value at lag 1 and the sample PACF with exponentially
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(with 5% significance limits for the autocorrelations) (with 5% significance limits for the partial autocorrelations)
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FIGURE 5.25 Sample ACF and PACF plots of the US clothing sales data.
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FIGURE 5.26 Time series plot of w, = (1 — B)(1 — B'?)y, for the US clothing
sales data.

decaying values at the first 8 lags suggest that a nonseasonal MA(1) model
should be used.

The interpretation of the remaining seasonality is a bit more difficult.
For that we should focus on the sample ACF and PACF values at lags 12,
24, 36, and so on. The sample ACF at lag 12 seems to be significant and
the sample PACF at lags 12, 24, 36 (albeit not significant) seems to be
alternating in sign. That suggests that a seasonal MA(1) model can be used
as well. Hence an ARIMA(O, 1, 1) x (0, 1, 1),, model is used to model the
data, y,. The output from Minitab is given in Table 5.9. Both MA(1) and
seasonal MA(1) coefficient estimates are significant. As we can see from
the sample ACF and PACF plots in Figure 5.28, while there are still some
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FIGURE 5.27 Sample ACF and PACF plots of w, = (1 — B)(1 — Blz)yt.
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TABLE 5.9 Minitab Output for the ARIMA(0, 1, 1) X (0,1, 1),
Model for the US Clothing Sales Data

Final Estimates of Parameters

Type Coef SE Coef T P
MA 1 0.7626 0.0542 14.06 0.000
SMA 12 0.5080 0.0771 6.59 0.000

Differencing: 1 regular, 1 seasonal of order 12

Number of observations: Original series 155, after

differencing 142

Residuals: Ss 10033560 (backforecasts excluded)
MS = 71668 DF = 140

Modified Box-Pierce (Ljung-Box) Chi-Square statistic

Lag 12 24 36 48
Chi-Square 15.8 37.7 68.9 92.6
DF 10 22 34 46
P-Value 0.107 0.020 0.000 0.000

small significant values, as indicated by the modified Box pierce statistic
most of the autocorrelation is now modeled out.

The residual plots in Figure 5.29 provided by Minitab seem to be accept-
able as well.

Finally, the time series plot of the actual and fitted values in Figure 5.30
suggests that the ARIMA(O, 1, 1) x (0, 1, 1),, model provides a reasonable
fit to this highly seasonal and nonstationary time series data.

ACF of residuals for US clothing sales PACF of residuals for US clothing sales
(with 5% significance limits for the autocorrelations) (with 5% significance limits for the partial autocorrelations)
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FIGURE 5.28 Sample ACF and PACF plots of residuals from the ARIMA(O,
1,1) x (0, 1, 1);, model.
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FIGURE 5.29 Residual plots from the ARIMA(O, 1, 1) X (0, 1, 1);, model for
the US clothing sales data.
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FIGURE 5.30 Time series plot of the actual data and fitted values from the
ARIMA(O, 1, 1) x (0, 1, 1);, model for the US clothing sales data.
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5.10 ARIMA MODELING OF BIOSURVEILLANCE DATA

In Section 4.8 we introduced the daily counts of respiratory and gastroin-
testinal complaints for more than 2-/, years at several hospitals in a large
metropolitan area from Fricker (2013). Table 4.12 presents the 980 obser-
vations from one of these hospitals. Section 4.8 described modeling the
respiratory count data with exponential smoothing. We now present an
ARIMA modeling approach. Figure 5.31 presents the sample ACF, PACF,
and the variogram from JMP for these data. Examination of the original
time series plot in Figure 4.35 and the ACF and variogram indicate that
the daily respiratory syndrome counts may be nonstationary and that the
data should be differenced to obtain a stationary time series for ARIMA
modeling.

The ACEF for the differenced series (d = 1) shown in Figure 5.32 cuts off
after lag 1 while the PACF appears to be a mixture of exponential decays.
This suggests either an ARIMA(1, 1, 1) or ARIMA(2, 1, 1) model.

The Time Series Modeling platform in JMP allows a group of ARIMA
models to be fit by specifying ranges for the AR, difference, and MA terms.
Table 5.10 summarizes the fits obtained for a constant difference (d = 1),
and both AR (p) and MA (q) parameters ranging from O to 2.

Time series basic diagnostics
Lag AutoCorr -8-.6-4-20.2.4.6.8 lag Partial -8-6-4-202.4.6.8 Lag Variogram
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FIGURE 5.31 ACF, PACF, and variogram for daily respiratory syndrome
counts.
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FIGURE 5.32 ACF, PACF, and variogram for the first difference of the daily
respiratory syndrome counts.

TABLE 5.10 Summary of Models fit to the Respiratory Syndrome
Count Data

Model Variance AIC BIC RSquare MAPE MAE
AR(1) 65.7 6885.5 6895.3 04 24.8 6.3
AR(2) 57.1 6748.2 67629 0.5 229 59
MA(1) 81.6 7096.9  7106.6 0.2 28.5 6.9
MA(2) 69.3 6937.6  6952.3 0.3 26.2 6.4
ARMA(1, 1) 52.2 6661.2 66759 0.5 21.6 5.6
ARMAC(1, 2) 52.1 6661.2  6680.7 0.5 21.6 5.6
ARMA(2, 1) 52.1 6660.7  6680.3 0.5 21.6 5.6
ARMA(2, 2) 52.3 6664.3  6688.7 0.5 21.6 5.6
ARIMA(0, 0, 0) 104.7 7340.4 73453 0.0 332 8.0
ARIMA(0, 1, 0)* 81.6 7088.2  7093.1 0.2 26.2 7.0
ARIMA(O, 1, 1)* 52.7 6662.8 6672.6 0.5 21.4 5.7
ARIMA(O, 1, 2) 52.6 6662.1 6676.7 0.5 214 5.7
ARIMA(1, 1, 0)* 62.2 68244 6834.2 04 232 6.2
ARIMA(1, 1, 1) 52.6 6661.4 6676.1 0.5 214 5.7
ARIMA(1, 1, 2) 52.6 6661.9 6681.5 0.5 214 5.7
ARIMA(2, 1, 0) 59.6 6783.5 6798.1 0.4 227 6.1
ARIMA(2, 1, 1) 523 6657.1 6676.6 0.5 214 5.6
ARIMA(2, 1, 2) 523 6657.8 6682.2 0.5 21.3 5.6

*Indicates that objective function failed during parameter estimation.
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FIGURE 5.33 ACF, PACEF, and variogram for the residuals of ARIMA(1, 1, 1)
fit to daily respiratory syndrome counts.

In terms of the model summary statistics variance of the errors, AIC and
mean absolute prediction error (MAPE) several models look potentially
reasonable. For the ARIMA(1, 1, 1) we obtained the following results from
IMP:

Parameter estimates

Constant
Term Lag Estimate Stderror tRatio Prob>|t] estimate
AR1 1 0.07307009 0.0394408 1.85 0.0642 0.00069557
MA1 1 0.81584055 0.0223680 3647 <.0001"

Intercept 0 0.00075040 0.0036018 0.21 0.8350

Figure 5.33 presents the ACF, PACF, and variogram of the residuals
from this model. Other residual plots are in Figure 5.34.

For comparison purposes we also fit the ARIMA(2, 1, 1) model. The
parameter estimates obtained from JMP are:

Parameter Estimates

Constant
Term Lag Estimate StdError tRatio Prob>|t] Estimate
AR1 1 0.09953471 0.0402040 2.48 0.0135* 0.00097496
AR2 2 0.09408008 0.0375486 2,51 0.0124"
MA1l 1 0.84755625 0.0231814 3656 <.00017

Intercept 0 0.00120905 0.0088678  0.14 0.8916
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FIGURE 5.34 Plots of residuals from ARIMA(1, 1, 1) fit to daily respiratory
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FIGURE 5.35 ACEF, PACF, and variogram for residuals of ARIMA(2, 1, 1) fit
to daily respiratory syndrome counts.

The lag 2 AR parameter is highly significant. Figure 5.35 presents
the plots of the ACF, PACF, and variogram of the residuals from
ARIMA(2, 1, 1). Other residual plots are shown in Figure 5.36. Based
on the significant lag 2 AR parameter, this model is preferable to the
ARIMA(1, 1, 1) model fit previously.

Considering the variation in counts by day of week that was observed
previously, a seasonal ARIMA model with a seasonal period of 7 days may
be appropriate. The resulting model has an error variance of 50.9, smaller
than for the ARIMA(1, 1, 1) and ARIMA(2, 1, 1) models. The AIC is also
smaller. Notice that all of the model parameters are highly significant. The
residual ACF, PACF, and variogram shown in Figure 5.37 do not suggest
any remaining structure. Other residual plots are in Figure 5.38.

Model Variance| AIC | BIC |RSquare MAPE MAE

ARIMA(2, 1, 1)(0, 0, 1);| 50.9 6631.9| 6656.4 0.5 21.1 | 5.6
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FIGURE 5.36 Plots of residuals from ARIMA(2, 1, 1) fit to daily respiratory
syndrome counts.
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Parameter estimates

Term Factor Lag [Estimate Stderror tRatio Prob>|t] Constant

AR1,1 i 1 0.1090685 0.0395388 2.76 estimate

AR1,2 1 2 0.1186083 0.0376471 3.15 0.00083453

MA1,1 1 1 0.8730535 0.0225127 38.78

MA2,7 2 7 -0.1744415 0.0328363 -5.31

Intercept 1 & 0 0.0010805 0.0051887 0.21
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FIGURE 5.37 ACF, PACF, and variogram of residuals from ARIMA(2, 1, 1) X
(0, 0, 1) fit to daily respiratory syndrome counts.

5.11 FINAL COMMENTS

ARIMA models (a.k.a. Box—Jenkins models) present a very powerful and
flexible class of models for time series analysis and forecasting. Over
the years, they have been very successfully applied to many problems in
research and practice. However, there might be certain situations where
they may fall short on providing the “right” answers. For example, in
ARIMA models, forecasting future observations primarily relies on the
past data and implicitly assumes that the conditions at which the data is
collected will remain the same in the future as well. In many situations this
assumption may (and most likely will) not be appropriate. For those cases,
the transfer function—noise models, where a set of input variables that may
have an effect on the time series are added to the model, provide suitable
options. We shall discuss these models in the next chapter. For an excellent
discussion of this matter and of time series analysis and forecasting in
general, see Jenkins (1979).
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FIGURE 5.38 Plots of residuals from ARIMA(2, 1, 1) X (0, 0, 1), fit to daily
respiratory syndrome counts.
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5.12 R COMMANDS FOR CHAPTER 5
Example 5.1 The loan applications data are in the second column of the

array called loan.data in which the first column is the number of weeks.
We first plot the data as well as the ACF and PACF.

plot (loan.datal[,2],type="0",pch=16,cex=.5,xlab="'Week',ylab="'Loan

Applications')
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par (mfrow=c(1,2),oma=c(0,0,0,0))

acf (loan.datal[,2],lag.max=25, type="correlation",main="ACF for the
Number \nof Loan Applications")

acf (loan.datal,2], lag.max=25,type="partial",main="PACF for the
Number \nof Loan Applications™")
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Fit an ARIMA(2,0,0) model to the data using arima function in the stats
package.

loan.fit.ar2<-arima(loan.datal, 2] ,order=c(2, 0, 0))
loan.fit.ar2

Call:
arima(x = loan.data[, 2], order = c(2, 0, 0))

Coefficients:
arl ar2 intercept
0.2659 0.4130 66.8538
s.e. 0.0890 0.0901 1.8334
sigma”2 estimated as 38.32: log likelihood = -337.46,

aic = 682.92

res.loan.ar2<-as.vector (residuals (loan.fit.ar2))

#to obtain the fitted values we use the function fitted() from
#the forecast package

library (forecast)

fit.loan.ar2<-as.vector(fitted(loan.fit.ar2))

Box.test (res.loan.ar2,lag=48,fitdf=3, type="Ljung")
Box-Ljung test
data: res.loan.ar2

X-squared = 31.8924, df = 45, p-value = 0.9295

#ACF and PACF of the Residuals
par (mfrow=c(1,2),oma=c(0,0,0,0))
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acf (res.loan.ar2, lag.max=25, type="correlation", main="ACF of the
Residuals \nof AR(2) Model")

acf (res.loan.ar2, lag.max=25,type="partial",main="PACF of the
Residuals \nof AR(2) Model")

ACF of the residuals PACF of the residuals
of AR(2) model of AR(2) model
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#4-in-1 plot of the residuals

par (mfrow=c(2,2),oma=c(0,0,0,0))

ggnorm (res.loan.ar2,datax=TRUE, pch=16,xlab="'Residual',main="")
ggline (res.loan.ar2,datax=TRUE)

plot (fit.loan.ar2,res.loan.ar2,pch=16, xlab='Fitted Value',
ylab="'Residual')

abline (h=0)
hist(res.loan.ar2,col="gray",xlab='Residual',main="'")

plot (res.loan.ar2,type="1",xlab="'0bservation Order',
ylab='Residual')

points(res.loan.ar2,pch=16,cex=.5)

abline (h=0)
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Plot fitted values

plot (loan.datal,2],type="p",pch=16,cex=.5,xlab="Week',ylab="'Loan
Applications!')
lines (fit.loan.ar2)

legend(95,88,c("y(t)","yhat (t)"), pch=c(1l6, NA),lwd=c(NA, .5),
cex=.55)
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Example 5.2 The Dow Jones index data are in the second column of the
array called dji.data in which the first column is the month of the year. We
first plot the data as well as the ACF and PACF.

plot (dji.datal,2],type="0",pch=16,cex=.5,xlab="Date',ylab="'DJI"',
xaxt='n'")
axis(l, seq(l,85,12), dji.datalseqg(1l,85,12),1]1)

DJI
8000 9000 10,000

T T
Jun-03 Jun-05

Date

T T
Jun-99 Jun-01
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par (mfrow=c(1,2),oma=c(0,0,0,0))
acf (dji.datal,2],lag.max=25,type="correlation",main="ACF for the
Number \nof Dow Jones Index")

acf (dji.datal,2], lag.max=25,type="partial",main="PACF for the
Number \nof Dow Jones Index ")

ACF for the number PACF for the number
of Dow Jones index of Dow Jones index
2. .
i uw S
4 Q N
L < H < < |
< < il £°
< <trHTT At = Tpmmmmmmmmm oo
11][“. 5 1. \ |
Y | L o N T ||| .l
(= R S Aemmmeeceeeed
[ T T T T T T | T T T T T T
0 5 10 20 0 5 10 20
Lag Lag

We first fit an ARIMA(1,0,0) model to the data using arima function in the
stats package.

dji.fit.arl<-arima(dji.datal,2],order=c(1, 0, 0))
dji.fit.arl

Call:

arima(x = dji.datal[, 2], order = c(1, 0, 0))

Coefficients:
arl intercept
0.8934 10291.2984
s.e. 0.0473 373.8723

sigma”2 estimated as 156691: log likelihood = -629.8,
aic = 1265.59

res.dji.arl<-as.vector (residuals(dji.fit.arl))

#to obtain the fitted values we use the function fitted() from
#ithe forecast package

library (forecast)

fit.dji.arl<-as.vector (fitted(dji.fit.arl))

Box.test (res.dji.arl,lag=48,fitdf=3, type="Ljung")
Box-Ljung test

data: res.dji.arl
X-squared = 29.9747, df = 45, p-value = 0.9584
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#ACF and PACF of the Residuals

par (mfrow=c(1,2),oma=c(0,0,0,0))

acf (res.dji.arl, lag.max=25,type="correlation",main="ACF of the
Residuals \nof AR(1) Model")

acf (res.dji.arl, lag.max=25,type="partial",main="PACF of the
Residuals \nof AR(1) Model")

ACF for the residuals PACEF for the residuals
of AR(1) model of AR(1) model
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#4-in-1 plot of the residuals

par (mfrow=c (2,2) ,oma=c(0,0,0,0))
ggnorm(res.dji.arl,datax=TRUE, pch=16,xlab="'Residual', main="")
ggline (res.dji.arl,datax=TRUE)

plot (fit.dji.arl,res.dji.arl,pch=16, xlab='Fitted Value',
ylab='Residual')

abline (h=0)

hist (res.dji.arl,col="gray",xlab='Residual',main="'")

plot (res.dji.arl, type="1",xlab="'0Observation Order',
ylab='Residual')

points(res.dji.arl,pch=16,cex=.5)

abline (h=0)
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We now consider the first difference of the Dow Jones index.

wt.dji<-diff (dji.datal,2])

plot (wt.dji, type="0",pch=16,cex=.5,xlab="'Date',ylab="w(t)"',
xaxt='n")

axis(1l, seq(1,85,12), dji.datalseqg(1,85,12),1])
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par (mfrow=c(1,2),oma=c(0,0,0,0))
acf(wt.dji,lag.max=25, type="correlation",main="ACF for the
Number \nof w(t)")

acf (wt.dji, lag.max=25,type="partial",main="PACF for the
Number \nof w(t)")

ACF for the number PACF for the number
of w(t) of w(t)
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Example 5.6 The loan applications data are in the second column of the
array called loan.data in which the first column is the number of weeks.

We use the AR(2) model to make the forecasts.
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loan.fit.ar2<-arima(loan.datal, 2] ,order=c(2, 0, 0))

#to obtain the 1- to 12-step ahead forecasts, we use the
#function forecast() from the forecast package

library (forecast)
loan.ar2.forecast<-as.array (forecast (loan.fit.ar2,h=12))
loan.ar2.forecast

Point Forecast Lo 80 Hi 80 Lo 95 Hi 95
105 62.58571 54.65250 70.51892 50.45291 74.71851
106 64.12744 55.91858 72.33629 51.57307 76.68180
107 64.36628 55.30492 73.42764 50.50812 78.22444
108 65.06647 55.80983 74.32312 50.90965 79.22330
109 65.35129 55.86218 74.84039 50.83895 79.86362
110 65.71617 56.13346 75.29889 51.06068 80.37167
111 65.93081 56.27109 75.59054 51.15754 80.70409
112 66.13857 56.43926 75.83789 51.30475 80.97240
113 66.28246 56.55529 76.00962 51.40605 81.15887
114 66.40651 56.66341 76.14961 51.50572 81.30730
115 66.49892 56.74534 76.25249 51.58211 81.41572
116 66.57472 56.81486 76.33458 51.64830 81.50114

Note that forecast function provides a list with forecasts as well as 80%
and 95% prediction limits. To see the elements of the list, we can do

ls(loan.ar2.forecast)
[1] "fitted" "level" "lower" '"mean" '"method" "model"

[7] "residuals" T"upper" "x" "xname"

In this list, “mean” stands for the forecasts while “lower” and “upper”
provide the 80 and 95% lower and upper prediction limits, respectively. To
plot the forecasts and the prediction limits, we have

plot (loan.datal[,2],type="p",pch=16,cex=.5,xlab="'Date',ylab="Loan
Applications',xaxt='n',xlim=c(1,120))

axis(1l, seq(l,120,24), dji.datalseq(1,120,24),1])

lines (105:116,loan.ar2.forecastSmean, col="grey40")

lines (105:116,1loan.ar2.forecast$Slower[,2])

lines (105:116,loan.ar2.forecastS$Supper|,21])

legend(72,88,c("y", "Forecast","95% LPL","95% UPL"), pch=c(16, NA,
NA,NA) ,lwd=c(NA, .5, .5,.5) ,cex=.55,col=c("black", "grey40", "black",
"black"))
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Example 5.8 The clothing sales data are in the second column of the
array called closales.data in which the first column is the month of the year.
We first plot the data and its ACF and PACF.

par (mfrow=c(1,2),oma=c(0,0,0,0))
acf (closales.datal,2],lag.max=50, type="correlation",main="ACF for
the \n Clothing Sales")

acf (closales.datal,2], lag.max=50,type="partial",main="PACF for
the \n Clothing Sales")

ACF for the PACF for the
clothing sales clothing sales

ACF
Partial ACF

Lag

We now take the seasonal and non-seasonal difference of the data.

wt.closales<-diff (diff (closales.datal,2],lag=1),lag=12)

#Note that the same result would have been obtained with the
#following command when the order of differencing is reversed
#wt.closales<-diff (diff (closales.datal,2],lag=12),lag=1)
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plot (wt.closales, type="0",pch=16,cex=.5,xlab="'Date',ylab="w(t) "',
xaxt='n'")
axis(l, seq(l,144,24), closales.datalseq(13,144,24),1]1)
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par (mfrow=c(1,2),oma=c(0,0,0,0))
acf (wt.closales,lag.max=50, type="correlation",main="ACF for w(t)")
acf (wt.closales, lag.max=50,type="partial",main="PACF for w(t)")

ACF for w(t) PACF for w(t)
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We now fit a seasonal ARIMA(0,1,1) X (0,1,1);, model to the data. We
then plot the residuals plots including ACF and PACF of the residuals. In
the end we plot the true and fitted values.

closales.fit.sar<-arima (closales.datal,2],order=c(0,1,1),
seasonal=1list (order = c¢(0,1,1),period=12),)

res.closales.sar<-as.vector (residuals (closales.fit.sar))

#to obtain the fitted values we use the function fitted() from
the forecast package

library (forecast)

fit.closales.sar<-as.vector (fitted(closales.fit.sar))
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#ACF and PACF of the Residuals

par (mfrow=c(1,2),oma=c(0,0,0,0))

acf (res.closales.sar,lag.max=50, type="correlation", main="ACF of
the Residuals")

acf (res.closales.sar,lag.max=50,type="partial",main="PACF of the
Residuals™")

ACF for the residuals PACEF for the residuals
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#4-in-1 plot of the residuals

par (mfrow=c(2,2) ,oma=c(0,0,0,0))
ggnorm(res.closales.sar,datax=TRUE, pch=16,xlab="'Residual’',main="")
ggline (res.closales.sar,datax=TRUE)

plot (fit.closales.sar,res.closales.sar,pch=16, xlab='Fitted
Value',ylab='Residual')

abline (h=0)
hist(res.closales.sar,col="gray",xlab='Residual',main="")
plot (res.closales.sar,type="1",xlab="'0Observation Order',
ylab='Residual')

points(res.closales.sar,pch=16,cex=.5)

abline (h=0)
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plot (closales.datal,2],type="p",pch=16,cex=.5,xlab="'Date"',
ylab='Clothing Sales',xaxt='n'")

axis (1, seq(l,144,24), closales.datalseq(l,144,24),1])
lines(1:144, fit.closales.sar)

legend(2,17500,c("US Clothing Sales","Fitted"), pch=c (16, NA),
lwd=c (NA, .5) ,cex=.55,col=c("black", "black"))
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EXERCISES

5.1 Consider the time series data shown in Chapter 4, Table E4.2.

a. Fit an appropriate ARIMA model to the first 40 observations of
this time series.

b. Make one-step-ahead forecasts of the last 10 observations. Deter-
mine the forecast errors.

c. In Exercise 4.4 you used simple exponential smoothing with
A = 0.2 to smooth the first 40 time periods of this data and
make forecasts of the last 10 observations. Compare the ARIMA
forecasts with the exponential smoothing forecasts. How well do
both of these techniques work?

5.2 Consider the time series data shown in Table E5.1.
a. Make a time series plot of the data.

b. Calculate and plot the sample autocorrelation and PACF. Is there
significant autocorrelation in this time series?
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TABLE E5.1 Data for Exercise 5.2

Period

y, Period 'y, Period 'y, Period 'y, Period Yy,

—

SO XN N B W~

29 11 29 21 31 31 28 41 36
20 12 28 22 30 32 30 42 35
25 13 28 23 37 33 29 43 33
29 14 26 24 30 34 34 44 29
31 15 27 25 33 35 30 45 25
33 16 26 26 31 36 20 46 27
34 17 30 27 27 37 17 47 30
27 18 28 28 33 38 23 48 29
26 19 26 29 37 39 24 49 28
30 20 30 30 29 40 34 50 32

5.3

Identify and fit an appropriate ARIMA model to these data. Check
for model adequacy.

Make one-step-ahead forecasts of the last 10 observations. Deter-
mine the forecast errors.

Consider the time series data shown in Table E5.2.

a.
b.

Make a time series plot of the data.

Calculate and plot the sample autocorrelation and PA. Is there
significant autocorrelation in this time series?

Identify and fit an appropriate ARIMA model to these data. Check
for model adequacy.

Make one-step-ahead forecasts of the last 10 observations. Deter-
mine the forecast errors.

TABLE E5.2 Data for Exercise 5.3

Period

y; Period 'y, Period 'y, Period 'y, Period y,

—

SO XN B~ W~

500 11 508 21 475 31 639 41 637
496 12 510 22 485 32 679 42 606
450 13 512 23 495 33 674 43 610
448 14 503 24 500 34 677 44 620
456 15 505 25 541 35 700 45 613
458 16 494 26 555 36 704 46 593
472 17 491 27 565 37 727 47 578
495 18 487 28 601 38 736 48 581
491 19 491 29 610 39 693 49 598
488 20 486 30 605 40 65 50 613
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5.4 Consider the time series model
Y, =200+0.7y,_; + ¢

a. Is this a stationary time series process?
b. What is the mean of the time series?

c. If the current observation is y,y,, = 750, would you expect the
next observation to be above or below the mean?

5.5 Consider the time series model
y, =150 -0.5y,_; + ¢,

a. Is this a stationary time series process?
b. What is the mean of the time series?

c. If the current observation is y,, = 85, would you expect the next
observation to be above or below the mean?

5.6 Consider the time series model
v, =50+0.8y,_; —0.15 + ¢,

a. [s this a stationary time series process?
b. What is the mean of the time series?

c. If the current observation is y;y,, = 160, would you expect the
next observation to be above or below the mean?

5.7 Consider the time series model
v, =20+¢,+0.2¢,_,

Is this a stationary time series process?
Is this an invertible time series?
What is the mean of the time series?

2o g

If the current observation is y;,, = 23, would you expect the next
observation to be above or below the mean? Explain your answer.

5.8 Consider the time series model
v, =50+0.8y,_, +¢ —02¢,_,

a. Is this a stationary time series process?
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b. What is the mean of the time series?

c. If the current observation is y;,, = 270, would you expect the
next observation to be above or below the mean?

The data in Chapter 4, Table E4.4, exhibits a linear trend. Difference
the data to remove the trend.

a. Fit an ARIMA model to the first differences.
b. Explain how this model would be used for forecasting.

Table B.1 in Appendix B contains data on the market yield on US

Treasury Securities at 10-year constant maturity.

a. Fit an ARIMA model to this time series, excluding the last
20 observations. Investigate model adequacy. Explain how this
model would be used for forecasting.

b. Forecast the last 20 observations.

c. In Exercise 4.10, you were asked to use simple exponential
smoothing with 4 = 0.2 to smooth the data, and to forecast
the last 20 observations. Compare the ARIMA and exponen-
tial smoothing forecasts. Which forecasting method do you
prefer?

Table B.2 contains data on pharmaceutical product sales.

a. Fit an ARIMA model to this time series, excluding the last
10 observations. Investigate model adequacy. Explain how this
model would be used for forecasting.

b. Forecast the last 10 observations.

c. In Exercise 4.12, you were asked to use simple exponential
smoothing with 4 = 0.1 to smooth the data, and to forecast
the last 10 observations. Compare the ARIMA and exponen-
tial smoothing forecasts. Which forecasting method do you
prefer?

d. How would prediction intervals be obtained for the ARIMA
forecasts?

Table B.3 contains data on chemical process viscosity.

a. Fit an ARIMA model to this time series, excluding the last
20 observations. Investigate model adequacy. Explain how this
model would be used for forecasting.

b. Forecast the last 20 observations.

c. Show how to obtain prediction intervals for the forecasts in part
b above.
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Table B.4 contains data on the annual US production of blue and
gorgonzola cheeses.

a. Fit an ARIMA model to this time series, excluding the last
10 observations. Investigate model adequacy. Explain how this
model would be used for forecasting.

b. Forecast the last 10 observations.

c¢. In Exercise 4.16, you were asked to use exponential smoothing
methods to smooth the data, and to forecast the last 10 observa-
tions. Compare the ARIMA and exponential smoothing forecasts.
Which forecasting method do you prefer?

d. How would prediction intervals be obtained for the ARIMA
forecasts?

Reconsider the blue and gorgonzola cheese data in Table B.4 and
Exercise 5.13. In Exercise 4.17 you were asked to take the first
difference of this data and develop a forecasting procedure based on
using exponential smoothing on the first differences. Compare this
procedure with the ARIMA model of Exercise 5.13.

Table B.5 shows US beverage manufacturer product shipments.
Develop an appropriate ARIMA model and a procedure for fore-
casting for these data. Explain how prediction intervals would be
computed.

Table B.6 contains data on the global mean surface air temperature
anomaly. Develop an appropriate ARIMA model and a procedure for
forecasting for these data. Explain how prediction intervals would
be computed.

Reconsider the global mean surface air temperature anomaly data
shown in Table B.6 and used in Exercise 5.16. In Exercise 4.20
you were asked to use simple exponential smoothing with the opti-
mum value of A to smooth the data. Compare the results with those
obtained with the ARIMA model in Exercise 5.16.

Table B.7 contains daily closing stock prices for the Whole Foods
Market. Develop an appropriate ARIMA model and a proce-
dure for these data. Explain how prediction intervals would be
computed.

Reconsider the Whole Foods Market data shown in Table B.7 and
used in Exercise 5.18. In Exercise 4.22 you used simple exponen-
tial smoothing with the optimum value of A to smooth the data.
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Compare the results with those obtained from the ARIMA model in
Exercise 5.18.

Unemployment rate data is given in Table B.8. Develop an appro-
priate ARIMA model and a procedure for forecasting for these data.
Explain how prediction intervals would be computed.

Reconsider the unemployment rate data shown in Table B.8 and
used in Exercise 5.21. In Exercise 4.24 you used simple exponen-
tial smoothing with the optimum value of A to smooth the data.
Compare the results with those obtained from the ARIMA model in
Exercise 5.20.

Table B.9 contains yearly data on the international sunspot num-
bers. Develop an appropriate ARIMA model and a procedure for
forecasting for these data. Explain how prediction intervals would
be computed.

Reconsider the sunspot data shown in Table B.9 and used in Exercise

5.22.

a. In Exercise 4.26 you were asked to use simple exponential
smoothing with the optimum value of 4 to smooth the data, and
to use an exponential smoothing procedure for trends. How do
these procedures compare to the ARIMA model from Exercise
5.227 Compare the results with those obtained in Exercise 4.26.

b. Do you think that using either exponential smoothing procedure
would result in better forecasts than those from the ARIMA
model?

Table B.10 contains 7 years of monthly data on the number of airline

miles flown in the United Kingdom. This is seasonal data.

a. Using the first 6 years of data, develop an appropriate ARIMA
model and a procedure for these data.

b. Explain how prediction intervals would be computed.

¢. Make one-step-ahead forecasts of the last 12 months. Determine
the forecast errors. How well did your procedure work in fore-
casting the new data?

Reconsider the airline mileage data in Table B.10 and used in Exer-

cise 5.24.

a. In Exercise 4.27 you used Winters’ method to develop a forecast-
ing model using the first 6 years of data and you made forecasts
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for the last 12 months. Compare those forecasts with the ones
you made using the ARIMA model from Exercise 5.24.

b. Which forecasting method would you prefer and why?

Table B.11 contains 8 years of monthly champagne sales data. This
is seasonal data.

a. Using the first 7 years of data, develop an appropriate ARIMA
model and a procedure for these data.

b. Explain how prediction intervals would be computed.

c. Make one-step-ahead forecasts of the last 12 months. Determine
the forecast errors. How well did your procedure work in fore-
casting the new data?

Reconsider the monthly champagne sales data in Table B.11 and
used in Exercise 5.26.

a. In Exercise 4.29 you used Winters’ method to develop a forecast-
ing model using the first 7 years of data and you made forecasts
for the last 12 months. Compare those forecasts with the ones
you made using the ARIMA model from Exercise 5.26.

b. Which forecasting method would you prefer and why?

Montgomery et al. (1990) give 4 years of data on monthly demand
for a soft drink. These data are given in Chapter 4, Table E4.5.

a. Using the first three years of data, develop an appropriate ARIMA
model and a procedure for these data.

b. Explain how prediction intervals would be computed.

c. Make one-step-ahead forecasts of the last 12 months. Determine
the forecast errors. How well did your procedure work in fore-
casting the new data?

Reconsider the soft drink demand data in Table E4.5 and used in
Exercise 5.28.

a. In Exercise 4.31 you used Winters’ method to develop a forecast-
ing model using the first 7 years of data and you made forecasts
for the last 12 months. Compare those forecasts with the ones
you made using the ARIMA model from the previous exercise.

b. Which forecasting method would you prefer and why?

Table B.12 presents data on the hourly yield from a chemical process
and the operating temperature. Consider only the yield data in this
exercise. Develop an appropriate ARIMA model and a procedure for
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forecasting for these data. Explain how prediction intervals would
be computed.

Table B.13 presents data on ice cream and frozen yogurt sales.
Develop an appropriate ARIMA model and a procedure for fore-
casting for these data. Explain how prediction intervals would be
computed.

Table B.14 presents the CO, readings from Mauna Loa. Develop
an appropriate ARIMA model and a procedure for forecasting for
these data. Explain how prediction intervals would be computed.

Table B.15 presents data on the occurrence of violent crimes.
Develop an appropriate ARIMA model and a procedure for fore-
casting for these data. Explain how prediction intervals would be
computed.

Table B.16 presents data on the US gross domestic product (GDP).
Develop an appropriate ARIMA model and a procedure for fore-
casting for these data. Explain how prediction intervals would be
computed.

Total annual energy consumption is shown in Table B.17. Develop
an appropriate ARIMA model and a procedure for forecasting for
these data. Explain how prediction intervals would be computed.

Table B.18 contains data on coal production. Develop an appropri-
ate ARIMA model and a procedure for forecasting for these data.
Explain how prediction intervals would be computed.

Table B.19 contains data on the number of children 0—4 years old
who drowned in Arizona. Develop an appropriate ARIMA model
and a procedure for forecasting for these data. Explain how predic-
tion intervals would be computed.

Data on tax refunds and population are shown in Table B.20.
Develop an appropriate ARIMA model and a procedure for fore-
casting for these data. Explain how prediction intervals would be
computed.

Table B.21 contains data from the US Energy Information Admin-
istration on monthly average price of electricity for the residential
sector in Arizona. This data has a strong seasonal component. Use
the data from 2001-2010 to develop an ARIMA model for this
data. Use this model to simulate one-month-ahead forecasts for the



420

5.40

541

5.42

5.43

5.44

5.45

5.46

AUTOREGRESSIVE INTEGRATED MOVING AVERAGE (ARIMA) MODELS

remaining years. Calculate the forecast errors. Discuss the reason-
ableness of the forecasts.

In Exercise 4.44 you were asked to develop a smoothing-type model
for the data in Table B.21. Compare the performance of that mode
with the performance of the ARIMA model from the previous
exercise.

Table B.22 contains data from the Danish Energy Agency on Danish
crude oil production. Develop an appropriate ARIMA model for this
data. Compare this model with the smoothing models developed in
Exercises 4.46 and 4.47.

Table B.23 shows Weekly data on positive laboratory test results
for influenza are shown in Table B.23. Notice that these data have
a number of missing values. In exercise you were asked to develop
and implement a scheme to estimate the missing values. This data
has a strong seasonal component. Use the data from 1997 to 2010
to develop an appropriate ARIMA model for this data. Use this
model to simulate one-week-ahead forecasts for the remaining years.
Calculate the forecast errors. Discuss the reasonableness of the
forecasts.

In Exercise 4.48 you were asked to develop a smoothing—type
model for the data in Table B.23. Compare the performance of that
mode with the performance of the ARIMA model from the previous
exercise.

Data from the Western Regional Climate Center for the monthly
mean daily solar radiation (in Langleys) at the Zion Canyon, Utah,
station are shown in Table B.24. This data has a strong seasonal com-
ponent. Use the data from 2003 to 2012 to develop an appropriate
ARIMA model for this data. Use this model to simulate one-month-
ahead forecasts for the remaining years. Calculate the forecast errors.
Discuss the reasonableness of the forecasts.

In Exercise 4.50 you were asked to develop a smoothing-type model
for the data in Table B.24. Compare the performance of that mode
with the performance of the ARIMA model from the previous
exercise.

Table B.25 contains data from the National Highway Traffic Safety
Administration on motor vehicle fatalities from 1966 to 2012. This
datais used by a variety of governmental and industry groups, as well
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as research organizations. Develop an ARIMA model for forecasting
fatalities using the data from 1966 to 2006 to develop the model,
and then simulate one-year-ahead forecasts for the remaining years.
Compute the forecasts errors. How well does this method seem to
work?

Appendix Table B.26 contains data on monthly single-family res-
idential new home sales from 1963 through 2014. Develop an
ARIMA model for forecasting new home sales using the data from
1963 to 2006 to develop the model, and then simulate one-year-
ahead forecasts for the remaining years. Compute the forecasts
errors. How well does this method seem to work?

Appendix Table B.27 contains data on the airline best on-time arrival
and airport performance. The data is given by month from Jan-
uary 1995 through February 2013. Develop an ARIMA model for
forecasting on-time arrivals using the data from 1995 to 2008 to
develop the model, and then simulate one-year-ahead forecasts for
the remaining years. Compute the forecasts errors. How well does
this method seem to work?

Data from the US Census Bureau on monthly domestic automo-
bile manufacturing shipments (in millions of dollars) are shown in
Table B.28. Develop an ARIMA model for forecasting shipments.
Note that there is some apparent seasonality in the data. Why does
this seasonal behavior occur?

An ARIMA model has been fit to a time series, resulting in
Y, =254+0.35y,_; +¢,

a. Suppose that we are at time period 7' = 100 and y,, = 31. Deter-
mine forecasts for periods 101, 102, 103, ... from this model at
origin 100.

b. What is the shape of the forecast function from this model?

c. Suppose that the observation for time period 101 turns out to be
Y101 = 33. Revise your forecasts for periods 102, 103, ... using
period 101 as the new origin of time.

d. If your estimate 6> = 2, find a 95% prediction interval on the
forecast of period 101 made at the end of period 100.

The following ARIMA model has been fit to a time series:

y,=254+0.8y,_; —03y,_, +¢
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a.

Suppose that we are at the end of time period 7 = 100 and we
know that y,,, =40 and yy9 = 38. Determine forecasts for periods
101, 102, 103, ... from this model at origin 100.

. What is the shape of the forecast function from this model?
. Suppose that the observation for time period 101 turns out to be

Y101 = 35. Revise your forecasts for periods 102, 103, ... using
period 101 as the new origin of time.

. If your estimate 6% = 1, find a 95% prediction interval on the

forecast of period 101 made at the end of period 100.

The following ARIMA model has been fit to a time series:

9, =254+0.8y,_; —0.2¢,_, +¢,

. Suppose that we are at the end of time period 7 = 100 and we

know that the forecast for period 100 was 130 and the actual
observed value was y;,, = 140. Determine forecasts for periods
101, 102, 103, ... from this model at origin 100.

b. What is the shape of the forecast function from this model?

. Suppose that the observation for time period 101 turns out to be

Y101 = 132. Revise your forecasts for periods 102, 103, ... using
period 101 as the new origin of time.

. If your estimate 6 = 1.5, find a 95% prediction interval on the

forecast of period 101 made at the end of period 100.

The following ARIMA model has been fit to a time series:

y,=204+¢,4+0.45¢,_;, — 0.3¢,_,

Suppose that we are at the end of time period 7 = 100 and we
know that the observed forecast error for period 100 was 0.5
and for period 99 we know that the observed forecast error was
—0.8. Determine forecasts for periods 101, 102, 103, ... from this
model at origin 100.

What is the shape of the forecast function that evolves from this
model?

Suppose that the observations for the next four time periods turn
out to be 17.5,21.25, 18.75, and 16.75. Revise your forecasts for
periods 102, 103, ... using a rolling horizon approach.

If your estimate 6 = 0.5, find a 95% prediction interval on the
forecast of period 101 made at the end of period 100.
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5.54 The following ARIMA model has been fit to a time series:

5.55

5.56

9, =50+¢,+0.5¢,

. Suppose that we are at the end of time period 7T = 100 and

we know that the observed forecast error for period 100 was
2. Determine forecasts for periods 101, 102, 103, ... from this
model at origin 100.

. What is the shape of the forecast function from this model?
. Suppose that the observations for the next four time periods turn

out to be 53, 55, 46, and 50. Revise your forecasts for periods
102, 103, ... using a rolling horizon approach.

. If your estimate 6 = 1, find a 95% prediction interval on the

forecast of period 101 made at the end of period 100.

For each of the ARIMA models shown below, give the forecasting
equation that evolves for lead times = = 1, 2, ..., L. In each case,
explain the shape of the resulting forecast function over the forecast
lead time.

a.

g.

-0 o ¥

AR(1)
AR(2)

MA(1)

MA(2)
ARMA(I, 1)
IMA(1, 1)
ARIMA(1, 1, 0)

Use arandom number generator and generate 100 observations from
the AR(1) model y, = 25 + 0.8y,_; + &,. Assume that the errors are
normally and independently distributed with mean zero and variance

o2
a.
b.

=1.

Verify that your time series is AR(1).

Generate 100 observations for a N(0, 1) process and add these
random numbers to the 100 AR(1) observations in part a to create
a new time series that is the sum of AR(1) and “white noise.”
Find the sample autocorrelation and partial autocorrelation func-
tions for the new time series created in part b. Can you identify
the new time series?

Does this give you any insight about how the new time series
might arise in practical settings?
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5.57 Assume that you have fit the following model:

5.58

5.59

Y=y, +07¢,_; +¢

Suppose that we are at the end of time period T = 100. What is
the equation for forecasting the time series in period 101?

What does the forecast equation look like for future periods 102,
103,...7

Suppose that we know that the observed value of y,,, was 250
and forecast error in period 100 was 12. Determine forecasts for
periods 101, 102, 103, ... from this model at origin 100.

If your estimate 6 = 1, find a 95% prediction interval on the
forecast of period 101 made at the end of period 100.

Show the behavior of this prediction interval for future lead times
beyond period 101. Are you surprised at how wide the interval
is? Does this tell you something about the reliability of forecasts
from this model at long lead times?

Consider the AR(1) model y, = 25 + 0.75y,_; + €,. Assume that the
variance of the white noise process is 6% = 1.

a.
b.

Sketch the theoretical ACF and PACEF for this model.

Generate 50 realizations of this AR(1) process and compute the
sample ACF and PACF. Compare the sample ACF and the sample
PACF to the theoretical ACF and PACF. How similar to the
theoretical values are the sample values?

Repeat part b using 200 realizations. How has increasing the
sample size impacted the agreement between the sample and
theoretical ACF and PACF? Does this give you any insight about
the sample sizes required for model building, or the reliability of
models built to short time series?

Consider the AR(1) model y, = 25 + 0.75y,_; + ¢,. Assume that the
variance of the white noise process is 6% = 10.

a.
b.

Sketch the theoretical ACF and PACEF for this model.

Generate 50 realizations of this AR(1) process and compute the
sample ACF and PACF. Compare the sample ACF and the sample
PACF to the theoretical ACF and PACF. How similar to the
theoretical values are the sample values?

Compare the results from part b with the results from part b of
Exercise 5.47. How much has changing the variance of the white
noise process impacted the results?
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Repeat part b using 200 realizations. How has increasing the
sample size impacted the agreement between the sample and
theoretical ACF and PACF? Does this give you any insight about
the sample sizes required for model building, or the reliability of
models built to short time series?

Compare the results from part d with the results from part ¢ of
Exercise 5.47. How much has changing the variance of the white
noise process impacted the results?

Consider the AR(2) model y, =254 0.6y,_; +0.25y,_, +¢,.
Assume that the variance of the white noise process is 6> = 1.

a.
b.

Sketch the theoretical ACF and PACEF for this model.

Generate 50 realizations of this AR(1) process and compute the
sample ACF and PACF. Compare the sample ACF and the sample
PACF to the theoretical ACF and PACF. How similar to the
theoretical values are the sample values?

Repeat part b using 200 realizations. How has increasing the
sample size impacted the agreement between the sample and
theoretical ACF and PACF? Does this give you any insight about
the sample sizes required for model building, or the reliability of
models built to short time series?

Consider the MA(1) model y, = 40 + 0.4¢,_; + €,. Assume that the
variance of the white noise process is 6% = 2.

a.
b.

Sketch the theoretical ACF and PACF for this model.

Generate 50 realizations of this AR(1) process and compute the
sample ACF and PACF. Compare the sample ACF and the sample
PACF to the theoretical ACF and PACF. How similar to the
theoretical values are the sample values?

Repeat part b using 200 realizations. How has increasing the
sample size impacted the agreement between the sample and
theoretical ACF and PACF? Does this give you any insight about
the sample sizes required for model building, or the reliability of
models built to short time series?

Consider the ARMAC(I1, 1) model y, = 50 — 0.7y,_, + 0.5¢,_, + ¢,.
Assume that the variance of the white noise process is 6> = 2.

a.
b.

Sketch the theoretical ACF and PACF for this model.

Generate 50 realizations of this AR(1) process and compute the
sample ACF and PACF. Compare the sample ACF and the sample
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PACF to the theoretical ACF and PACF. How similar to the
theoretical values are the sample values?

c. Repeat part b using 200 realizations. How has increasing the
sample size impacted the agreement between the sample and
theoretical ACF and PACF? Does this give you any insight about
the sample sizes required for model building, or the reliability of
models built to short time series?



CHAPTER 6

TRANSFER FUNCTIONS AND
INTERVENTION MODELS

He uses statistics as a drunken man uses lamp posts — For support rather
than illumination
Andrew Lang, Scottish poet

6.1 INTRODUCTION

The ARIMA models discussed in the previous chapter represent a general
class of models that can be used very effectively in time series modeling
and forecasting problems. An implicit assumption in these models is that
the conditions under which the data for the time series process is collected
remain the same. If, however, these conditions change over time, ARIMA
models can be improved by introducing certain inputs reflecting these
changes in the process conditions. This will lead to what is known as
transfer function-noise models. These models can be seen as regression
models in Chapter 3 with serially dependent response, inputs, and the
error term. The identification and the estimation of these models can be
challenging. Furthermore, not all standard statistical software packages
possess the capability to fit such models. So far in this book, we have used

Introduction to Time Series Analysis and Forecasting, Second Edition.
Douglas C. Montgomery, Cheryl L. Jennings and Murat Kulahci.
© 2015 John Wiley & Sons, Inc. Published 2015 by John Wiley & Sons, Inc.
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the Minitab and JMP software packages to illustrate time series model
fitting. However, Minitab (version 16) lacks the capability of fitting transfer

function—noise models. Therefore for Chapters 6 and 7, we will use JMP
and R instead.

6.2 TRANSFER FUNCTION MODELS

In Section 5.2, we discussed the linear filter and defined it as

+oo

Y, =Lx,) = Z ViXi—i 6.1)

i=—00

= v(B)x;,

where v(B) = Y7 v,B is called the transfer function. Following the

I=—00 1

definition of a linear filter, Eq. (6.1) is:
1. Time-invariant as the coefficients {v;} do not depend on time.
2. Physically realizable if v, = 0 for i < O; that is, the output y, is a

linear function of the current and past values of the input:

Vi = VX, + VXt

_ ; b, (6.2)

. +
3. Stable if 3’7 |v;| < 0.
There are two interesting special cases for the input x,:

Impulse Response Function. If x, is a unit impulse at time ¢ = 0, that is,

I, 1=0
X, = { 6.3)

then the output y, is

Ve = Z ViXe—i = Vy (6.4)
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Therefore the coefficients v; in Eq. (6.2) are also called the impulse
response function.

Step Response Function. If x, is a unit step, that is,

_ [0, <0 65)
E\ 1L 20 '
then the output y, is
Ye = Z ViXi—i
v (6.6)
= Vi,
i=0

which is also called the step response function.

A generalization of the step response function is obtained when Eq. (6.5)
is modified so that x, is kept at a certain target value X after > O that is,

B 0, t<0 67)
M= X, t>0. '

Hence we have

o)

e = Z ViXi—i

i=0

= (Z v,.> X (6.8)
i=0

= gX’

where g is called the steady-state gain.

A more realistic representation of the response is obtained by adding a
noise or disturbance term to Eq. (6.2) to account for unanticipated and/or
ignored factors that may have an effect on the response as well. Hence the
“additive” model representation of the dynamic systems is given as

v, =v(B)x, + N,, (6.9)
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where N, represents the unobservable noise process. In Eq. (6.9), x, and N,
are assumed to be independent. The model representation in Eq. (6.9) is
also called the transfer function—-noise model.

Since the noise process is unobservable, the predictions of the response
can be made by estimating the impulse response function {v,} . Simi-
lar to our discussion about the estimation of the coefficients in Wold’s
decomposition theorem in Chapter 5, attempting to estimate the infinitely
many coefficients in {v,} is a futile exercise. Therefore also parallel to the
arguments we made in Chapter 5, we will make assumptions about these
infinitely many coefficients to be able to represent them with only a handful
of parameters. Following the derivations we had for the ARMA models,
we will assume that the coefficients in {v,} have a structure and can be
represented as

< i W(B)
B) = B =——
B = 2B =5
i=0 (6.10)
_ Wy=wB—-—whB
 1—-6,B—- =8B

The interpretation of Eq. (6.10) is quite similar to the one we had for
ARMA models; the denominator summarizes the infinitely many coeffi-
cients with a certain structure determined by {6;} as in the AR part of the
ARMA model and the numerator represents the adjustment we may like
to make to the strictly structured infinitely many coefficients as in the MA
part of the ARMA model.

So the transfer function—noise model in Eq. (6.9) can be rewritten as

w(B)
Ve = %xt + N,

where w(B)/6(B) = 6(B)"'w(B) = Z;"g v;Bi. For some processes, there
may also be a delay before a change in the input x, shows its effect on
the response y,. If we assume that there is b time units of delay between
the response and the input, a more general representation for the transfer

function—noise models can be obtained as

_ w(B)

Ve = 5(B)xt_h + N,
_ w(B)
= _5(B)B .+ N,

= v(B)x, + N,, 6.11)
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Since the denominator 6(B) in Eq. (6.11) determines the structure of the
infinitely many coefficients, the stability of v(B) depends on the coef-
ficients in 6(B). In fact v(B) is said to be stable if all the roots of
m"— & m ™! — ... — § _are less than 1 in absolute value.

Once the finite number of parameters in w(B) and 6(B) are estimated,
v(B) can be computed recursively from

5(BW(B) = w(B)B®

or

V. — 51‘}'_1 - 52Vj_2

Wi j=b+1,....b+s
T

0, j>b+s
(6.12)

with v, = wy and v; = 0 forj < b.

The characteristics of the impulse response function are determined
by the values of b, ; and s. Recall that in univariate ARIMA modeling,
we matched sample autocorrelation and partial autocorrelation functions
computed from a time series to theoretical autocorrelation and partial auto-
correlation functions of specific ARIMA models to tentatively identify an
appropriate model. Thus by knowing the theoretical patterns in the auto-
correlation and partial autocorrelation functions for an AR(1) process, for
example, we can tentatively identify the AR(1) model when sample auto-
correlation and partial autocorrelation functions exhibit the same behavior
for an observed time series. The same approach is used in transfer function
modeling. However, the primary identification tool is the impulse response
function. Consequently, it is necessary that we investigate the nature of
the impulse response function and determine what various patterns in the
weights imply about the parameters b, 1, and s.

Example 6.1 For illustration, we will consider cases for b =2, r < 2,
and s < 2.

Case I.r =0and s = 2.

We have

Yy =Wy —wB- Wsz)xz—z
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From Eq. (6.12), we have

VOZVIZO
V2=W0

V3 =Wy
V4=_W2

v, =0, j>4

Hence v, will only be nonzero for t = 2, 3, and 4.
Case2.r=1and s =2.
We have

(wy — w,B —w,B?)
-6, 2

Ve =

As in the AR(1) model, the stability of the transfer function is achieved for
|6,] < 1. Once again from Eq. (6.12), we have

VO = Vl = 0

V2 =Wo

V3 = 51W0 - Wl

vy = 5%w0 — oW —w,
v, =06viy, >4

Since |6,| < 1, the impulse response function will approach zero asymp-
totically.
Case3.r=2and s = 2.
We have
(wy — w,B —w,B?)
1-6,B—6,B?

Ve = X2

The stability of the transfer function depends on the roots of the associated
polynomial m?> — §;m' — &,. For stability, the roots obtained by

8, £ 4/82 + 46,

ml,m2= 2
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must satisfy |m,|, |m,| < 1. This also means that

5, +68, <1
—1<58,<1

or

16,1 <16,
-1<94,<1.

This set of two equations implies that the stability is achieved with the
triangular region given in Figure 6.1. Within that region we might have two
real roots or two complex conjugates. For the latter, we need 5]2 + 46, <0,
which occurs in the area under the curve within the triangle in Figure 6.1.
Hence for the values of 6, and &, within that curve, the impulse response
function would exhibit a damped sinusoid behavior. Everywhere else in
the triangle, however, it will have an exponential decay pattern.

Note that when 6, = 0 (i.e., r = 1), stability is achieved when |§;| < 1
as expected.

Table 6.1 summarizes the impulse response functions for the cases we
have just discussed with specific values for the parameters.

1.0
0.5
Real roots
5, 0.0;
05 Complex roots
-1.0 : : T
0.0 0.5 1.0 1.5 2.0

3]

FIGURE 6.1 The stable region for the impulse response function for r = 2.
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6.3 TRANSFER FUNCTION-NOISE MODELS

As mentioned in the previous section, in the transfer function—noise model
in Eq. (6.11) x, and N, are assumed to be independent. Moreover, we will
assume that the noise N, can be represented by an ARIMA(p, d, g) model,

$(B) (1 — B)' N, = 6(B)e,, (6.13)
—

=@(B)

where {¢,} is white noise with E(g,) = 0. Hence the transfer function—noise
model can be written as

v, = v(B)x, + w(B)e,

w(B) 0(B) (6.14)
= K- T T
6(B) @(B)
After rearranging Eq. (6.14), we have
6(B)p(B)y, = p(B)W(B)x,_;, + 6(B)0(B) ¢,
—— —— ——
=5*(B) =w*(B) =0*(B) 6.15)

6*(B)y, = w*(B)x,_j, + 0" (B)g,

or

r s* q*
Vi — Z 81V = WoX,_p — Z WX,y + € — Z 0'e,_;. (6.16)
i=1 i=1 i=1

Ignoring the terms involving x,, Eq. (6.16) is the ARMA representation of
the response y,. Due to the addition of x,, the model in Eq. (6.16) is also
called an ARMAX model. Hence the transfer function—noise model as
given in Eq. (6.16) can be interpreted as an ARMA model for the response
with the additional exogenous factor x,.

6.4 CROSS-CORRELATION FUNCTION

For the bivariate time series (x,,y,), we define the cross-covariance func-
tion as

7.8, 5) = Cov(x,, y,) (6.17)
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Assuming that (x,,y,) is (weakly) stationary, we have

E(x,) = p,,  constant for all

EQy,) = Hys constant for all ¢
Cov(x,, x,4;) = 7,(j), depends only on j
Cov(y,, y4j) = 1,(j), depends only on j

and
Cov(x,, y14j) = 7(j),  depends only onj forj=0,+1,£2,...
Hence the cross-correlation function (CCF) is defined as

, V() ,
py(j) = corr(x, v,y ) = ——= for j=0,£1,+2,...  (6.18)

V7:(0)7,(0)

It should be noted that pxy(]') # Py(=J) but pxy(j) = pyx(—j).
We then define the correlation matrix at lag j as

N VX))
p0) = [pyxm )

= corr [(;;) s (X y[+j)]

For a given sample of N observations, the sample cross covariance is
estimated from

(6.19)

N—j
s o1 ] ] .
o) =~ D =D = for j=0,1,2,...  (6.20)

=1
and

N+j

7o) = % Y@ =D0, - for j=-1,-2,... (621)
=1
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Similarly, the sample cross correlations are estimated from
0

1/7,(07,(0)

ro() =0y = for j=0,+£1,42,... (6.22)

where
I < I <
70 == > =0 and 7,00 =+ ¥ (=5
=1 t=1

Sampling properties such as the mean and variance of the sample CCF are
quite complicated. For a few special cases, however, we have the following.

1. For large data sets, E(ry, (D)) = pyy()) but the variance is still compli-
cated.

2. If x, and y, are autocorrelated but un(cross)correlated at all lags,
that is, pxy(j) =0, we then have E(rxy(j)) ~ 0 and Var(rxy(j)) ~
(/N2 2:00,).

3. If pxy(j) = ( for all lags j but also x, is white noise, that is, p,(j) =0
for j # 0, then we have Var(rxy(/')) ~ 1/Nforj=0,+1,+£2,....

4. If p,,(j) = O for all lags j but also both x, and y, are white noise, then

we have corr(ry, (i), ry,()) & 0 fori #j.

6.5 MODEL SPECIFICATION

In this section, we will discuss the issues regarding the specification of the
model order in a transfer function—noise model. Further discussion can be
found in Bisgaard and Kulahci (2006a,b, 2011).

We will first consider the general form of the transfer function—noise
model with time delay given as

v, =v(B)x, + N,

"B eB) "
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The six-step model specification process is outlined next.
Step 1. Obtaining the preliminary estimates of the coefficients in v(B).

One approach is to assume that the coefficients in v(B) are zero except for
the first k lags:

k

y, = Z vx,_; + N,
i=0

We can then attempt to obtain the initial estimates for v, v,, ..., v, through
ordinary least squares. However, this approach can lead to highly inaccurate
estimates as x, may have strong autocorrelation. Therefore a method called
prewhitening of the input is generally preferred.

Method of Prewhitening For the transfer function—noise model in
Eq. (6.23), suppose that x, follows an ARIMA model as

¢.(B)(1 —B)'x, = 6,(B)a, (6.24)
——

=@,(B)

where «, is white noise with variance 0'5. Equivalently, we have
a,=0.(B) ¢ (B)x,. (6.25)

In this notation, HX(B)‘l(px(B) can be seen as a filter that when applied to
X, generates a white noise time series, hence the name “prewhitening.”

When we apply this filter to the transfer function—noise model in Eq.
(6.23), we obtain

0.(B)"' ¢ (B)y, = 0.(B)" @, (B)(B)x, + 0,(B)"' @, (B)N,
— —_—
= Re (6.26)
B, =v(B)a, + N;
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The cross covariance between the filtered series a, and f, is given by
?’aﬂ(i) = Cov(a,, ﬂtﬂ.) = Cov(at, V(B)aH_j + N*

)
[e o)
= COV (at, Z viat-l—j—i + N;:'j)

i=0
= Cov (at, Z v,.a,+j_,.> + Cov(a, N;) (6.27)
i=0 N —
=0
= Z v; Cov(a,, a,+j_,-)
i=0
= v, Var(a,).

Note that Cov(a,, Nt*+j) = 0 since x, and N, are assumed to be independent.
From Eq. (6.27), we have y,; = vjcri and hence

. yaﬂ(i) _ paﬂ(i)aaaﬂ

V.
J o2 62
a a

. 0p
= paﬁ(])o__’

a

(6.28)

where p,;(j) = corr(a,, f, +j) is the CCF between «, and f,. So through the
sample estimates we can obtain the initial estimates for the v;:

~ . 6-.5
b= r“ﬁ(])?;_' (6.29)

Equation (6.29) implies that there is a simple relationship between the
impulse response function, v(B), and the cross-correlation function of the
prewhitened response and input series. Hence the estimation of the coef-
ficients in v(B) is possible through this relationship as summarized in
Eq. (6.29). A similar relationship exists when the response and the input
are not prewhitened (see Box et al., 2008). However, the calculations
become fairly complicated when the series are not prewhitened. Therefore
we strongly recommend the use of prewhitening in model identification
and estimation of transfer function—noise models.
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Moreover, since a, is white noise, the variance of r,,(j) is relatively

easier to obtain than that of r,,(j). In fact, from the special case 3 in the
previous section, we have

Varlr ()1 % . (6.30)

if p,p(j) = O for all lags j. We can then use +2/ \/ﬁ as the approximate
95% confidence interval to judge the significance of r,;(j).

Step 2. Specifications of the orders r and s.
Once the initial estimates of the v; from Eq. (6.29) are obtained, we can
use them to specify the orders r and s in

wB) = VB g

5(B)
_ WO - WlB _ = WSBSB]]
~ 1-6B—-—6B"

The specification of the orders r and s can be accomplished by plotting the
v.. In Figure 6.2, we have an example of the plot of the initial estimates
for the v; in which we can see that ¥, ~ 0, implying that there might be a

1.0 +
0.8

0.6

v(t)

0.4

0.2 +

0.0

10 I
lag
FIGURE 6.2 Example of an impulse response function.
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time delay (i.e., b = 1). However, for j > 1, we have an exponential decay
pattern, suggesting that we may have r = 1, which implies

v,—6vi_; =0 for j>1
and
s=0.

Hence for this example, our initial attempt in specifying the order of the
transfer function noise model will be

V= 6th 1+ N, (6.31)
Caution: In model specification, one should be acutely aware of over-
parameterization as for an arbitrary #, the model in Eq. (6.31) can also be

written as

wy (1 —nB)
Ve = : X +N,
(1-6B)(1 —nB)
W — B (6.32)
0 1
= + N,
1 —6,B—5,p 7"

But the parameters in Eq. (6.32) are not identifiable, since # can arbitrarily
take any value.

Step 3. Obtain the estimates of 6, and w;.

From S(B)fz(B) = Ww(B), we can recursively estimate 6, and w; using
Eq. (6.12),

—w,_,, j=b+1,...,b+s
Vi = O1Vjmg =0V = . = 6, ={ o

0, j>b+s

with v, = w, and v; = 0 for j < b. Hence for the example in Step 2, we
have

<>

1 =Wy
0

<
(3]
|
(SN
=
Il
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Step 4. Model the noise.

Once the initial estimates of the model parameters are obtained, the esti-
mated noise can be obtained as

. w(B)
Ny=y, — ——X_»
o(B)

(6.33)

To obtain the estimated noise, we define y, = (W(B)/ S(B))xt_l;. We can
then calculate §, recursively. To model the estimated noise, we observe
its ACF and PACF and determine the orders of the ARIMA model,
¢(B) (1 = BN, = 0(B)e,.

Step 5. Fitting the overall model.

Steps 1 through 4 provide us with the model specifications and the initial
estimates of the parameters in the transfer function—noise model,

_ wB) oB)
TEEB) T s —B "

The final estimates of the model parameters are then obtained by a nonlinear
model fit. Model selection criteria such as AIC and BIC can be used to
pick the “best” model among competing models.

Step 6. Model adequacy checks.

At this step, we check the validity of the two assumptions in the fitted
model:

1. The assumption that the noise ¢, is white noise requires the examina-
tion of the residuals £,. We perform the usual checks through analysis
of the sample ACF and PACF of the residuals.

2. We should also check the independence between €, and x,. For that,
we observe the sample cross-correlation function between €, and
X,. Alternatively, we can examine r,4,(j), where a, = éx(B)‘l(ﬁx(B)x,.
Under the assumption the model is adequate, r,,(j) will have 0 mean,
1/ \/N standard deviation, and be independent for different lags j.

Hence we can use +2/4/N as the limit to check the independence
assumption.
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TABLE 6.2 The viscosity, y(f) and temperature, x(¢)
x(1) y(@® x(1) y(®) x(1) y(@®) x(1) y(@®)

0.17 0.30 0.08 0.53 0.00 0.34 -0.04 -0.12
0.13 0.18 0.17 0.54 0.02 0.13 0.11 -0.26
0.19 0.09 0.20 0.42 -0.08 0.21 0.19 0.20
0.09 0.06 0.20 0.37 —-0.08 0.06 -0.07 0.18
0.03 0.30 0.27 0.34 —-0.26 0.04 -0.10 0.32
0.11 0.44 0.23 0.27 —-0.06 —-0.06 0.13 0.50
0.15 0.46 0.23 0.34 —-0.06 -0.16 0.10 0.40
-0.02 0.44 0.20 0.35 -0.09 -0.47 -0.10 0.41
0.07 0.34 0.08 0.43 —-0.14 —-0.50 —-0.05 0.47
0.00 0.23 -0.16 0.63 -0.10 -0.60 -0.12 0.37
—-0.08 0.07 -0.08 0.61 -0.25 -0.49 0.00 0.04
-0.15 0.21 0.14 0.52 -0.23 -0.27 0.03 -0.10
-0.15 0.03 0.17 0.06 —-0.11 -0.18 —-0.06 —-0.34
0.04 -0.20 0.27 —-0.11 —-0.01 -0.37 0.03 -0.41
0.08 —-0.39 0.19 —-0.01 -0.17 -0.34 0.04 -0.33
0.10 -0.70 0.10 0.02 -0.23 -0.34 0.09 -0.25
0.07 -0.22 0.13 0.34 -0.28 -0.18 -0.25 -0.18
-0.01 —-0.08 -0.05 0.21 -0.26 -0.26 -0.25 —-0.06
0.06 0.16 0.13 0.18 -0.19 -0.51 -0.40 0.15
0.07 0.13 —-0.02 0.19 -0.26 —0.65 -0.30 -0.32
0.17 0.07 0.04 0.05 —-0.20 -0.71 —0.18 -0.32
-0.01 0.23 0.00 0.15 —-0.08 -0.82 -0.09 —-0.81
0.09 0.33 0.08 0.10 0.03 -0.70 —-0.05 -0.87
0.22 0.72 0.08 0.28 —-0.08 —-0.63 0.09 -0.84
0.09 0.45 0.07 0.20 0.01 -0.29 0.18 -0.73

Example 6.2 In a chemical process it is expected that changes in tem-
perature affect viscosity, a key quality characteristic. It is therefore of great
importance to learn more about this relationship. The data are collected
every 10 seconds and given in Table 6.2 (Note that for each variable the
data are centered by subtracting the respective averages). Figure 6.3 shows
the time series plots of the two variables.

Since the data are taken in time and at frequent intervals, we expect
the variables to exhibit some autocorrelation and decide to fit a transfer
function-noise model following the steps provided earlier.
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FIGURE 6.3 Time series plots of the viscosity, y(f) and temperature, x(?).
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FIGURE 6.4 Sample ACF and PACF of the temperature.

Step 1. Obtaining the preliminary estimates of the coefficients in v(B)

In this step we use the prewhitening method. First we fit an ARIMA
model to the temperature. Since the time series plot in Figure 6.3 shows
that the process is changing around a constant mean and has a constant
variance, we will assume that it is stationary.

Sample ACF and PACF plots in Figure 6.4 suggest that an AR(1) model
should be used to fit the temperature data. Table 6.3 shows that ¢ = 0.73.

TABLE 6.3 AR(1) Model for Temperature, x(¢)

Parameter Estimate of the AR(1) model for x(r)

Term Coef SE Coef T P-value
AR 1 0.7292 0.0686 10.63 <0.0001

Number of degrees of freedom: 99
MSE = 0.01009
AIC = -171.08
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ACF for the residuals

for x(t)
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FIGURE 6.5 Sample ACF and PACF of the residuals from the AR(1) model for
the Temperature, x(z).

The sample ACF and PACF plots in Figure 6.5 as well as the additional
residuals plots in Figure 6.6 reveal that no autocorrelation is left in the data
and the model gives a reasonable fit.

Hence we define

a, =(1-0.73B)x,
and

p,=(1—-0.73B)y,
We then compute the sample cross-correlation of «, and f,, r,, given in
Figure 6.7. Since the cross correlation at lags 0, 1 and 2 do not seem to be

significant, we conclude that there is a delay of 3 lags (30 seconds) in the
system, thatis, b =3 .

*

_ - _ * » *
g 2] ] T o eS80 ® $5020y
g °- 2 oo R A
[0} — o) * °, * ’”
o | * o — - > o o
* —-0.3 + *
T T T T T T T T T T T T
-0.3 -0.2 -0.1 0.0 0.1 0.2 -0.3 -0.2 -0.1 0.0 0.1 0.2
Sample quantiles Fitted value
> 40 ] —
g ] 3
F im—l_r é
[0
< o
w 0 _l_|—
I T T 1
-0.3 -0.1 0.1 0.2
Residual Observation order

FIGURE 6.6 Residual plots from the AR(1) model for the temperature.
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FIGURE 6.7 Sample cross-correlation function between e, and f,.
From Eq. (6.34), we have

o
N OB
Vj_ aﬁ(])a_a

0.1881

= 1)l 34
") 5 1008 (6.34)

where 6, and 6, are the sample standard deviations of «, and f,. The plot
of ¥; is given in Figure 6.8.

S| ‘ |
| |I|| |'||| ]
T T i
—0.2

T T T T T T
-5 -10 -5 0 5 10 15

Lag
FIGURE 6.8 Plot of the impulse response function for the viscosity data.
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Step 2. Specifications of the orders r and s.

To identify the pattern in Figures 6.7 and 6.8, we can refer back to Table
6.1. From the examples of impulse response functions given in that table,
we may conclude the denominator of the transfer function is a second order
polynomial in B. That is, » = 2 so we have 1 — §,B — &,, B> for the denom-
inator. For the numerator, it seems that s = 0 or w, would be appropriate.
Hence our tentative impulse response function is the following
v, = " B3
1-6,B—6,B?

Step 3. Obtain the estimates of the 6, and w;.

To obtain the estimates of 6; and w;, we refer back to Eq. (6.12) which
implies that we have

NG

b, =0

b, =0

b, =0.37 = 1.215,

b5 = 0.69 = 0.376, + 1.215,

The parameter estimates are then

W = 1.21
5, =031
5, =0.48
or
R 1.21

v, = 5B.
1-031B-048B

Step 4. Model the noise.

A

, W
To model the noise, we first define , = X,_3 Or

A —J

5(B)§, = W(B)x,_3
(1-0.31B-0.48 B)j, = 1.21x,_,
$,=0.319,_, +0.489,_, + 1.21x,_5.
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FIGURE 6.9 Time series plot of N,.

We then define
Nt =Y - )A)t'

Figures 6.9 and 6.10 show the time series plot of N, and its sample
ACF/PACF plots respectively which indicate an AR model. Note that
partial autocorrelation at lag 3 is borderline significant. However when
an AR(3) model is fitted, both ¢, and ¢; are found to be insignificant.
Therefore AR(1) model is considered to be the appropriate model.

The parameter estimates for the AR(1) model for V, are given in Table
6.4. Diagnostic checks of the residuals through sample ACF and PACF

plots in Figure 6.11 and residuals plots in Figure 6.12 imply that we have
a good fit.

ACF of Nhat PACF of Nhat
] s
gl el
A ] T P
P e oot l Lol
0.2 I I I I I I I I I I I
0 5 10 15 20 25 5 10 15 20 25
Lag Lag

FIGURE 6.10 Sample ACF and PACF of N,.
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TABLE 6.4 AR(1) Model for N,

Parameter Estimate of the AR(1) model for x(z)

Term Coef SE Coef T P-value
AR 1 0.9426 0.0300 31.42 <0.0001
Number of degrees of freedom: 96
MSE = 0.0141
AIC=-1319
ACF of the residuals for Nhat PACF of the residuals for Nhat
1.0 02
N L
g ol ]
o i 3 00 I| - II |I |
< 02| = ‘ LN
| | || | o
[ | I TTTT
0.2 Apree et B e N R
0 5 10 15 20 25 5 10 15 20 25
Lag Lag
FIGURE 6.11 Sample ACF and PACF of the residuals of the AR(1) model
for N,.
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FIGURE 6.12 Residual plots of the AR(1) model for Nr
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Note that we do not necessarily need the coefficients estimates as they
will be re-estimated in the next step. Thus at this step all we need is a
sensible model for N, to put into the overall model.

Step 5. Fitting the overall model.

From Step 4, we have the tentative overall model as

W 1

=X+t ———¢,
T 6 B—6,B " T 1—¢,B"

The calculations that were made so far could have been performed practi-
cally in any statistical package. However as we mentioned at the beginning
of the Chapter, unfortunately only a few software packages have the capa-
bility to fit the overall transfer function-noise model described above. In
the following we provide the output from JMP with which such a model
can be fitted. At the end of the chapter, we also provide the R code that can
be used to fit the transfer function-noise model.

JMP output for the overall transfer function-noise model is provided in
Table 6.5. The estimated coefficients are

Wo = 1.3276, 6, =0.3414, §,=0.2667, ¢, =0.8295,

and they are all significant.
Step 6. Model adequacy checks

The sample ACF and PACF of the residuals provided in Table 6.5 show
no indication of leftover autocorrelation. We further check the cross cor-
relation function between a, = (1 — 0.73B)x, and the residuals as given in
Figure 6.13. There is a borderline significant cross correlation at lag 5.
However we believe that it is at this point safe to claim that the current
fitted model is adequate.

Example 6.2 illustrates transfer function modeling with a single input
series where both the input and output time series were stationary. It is
often necessary to incorporate multiple input time series into the model.
A simple generalization of the single-input transfer function is to form an
additive model for the inputs, say

", (B)
=2 $xj,f_bj (6.35)

J=1
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TABLE 6.5 JMP Output for the Viscosity-Temperature Transfer
Function-Noise Model

Transfer Function Analysis
Time Series y(t)

Mean 0.0001
0.5 Std 0.3860375
Wy Y .k
0 g Zero Mean ADF  -2.038514
V Single Mean ADF -2.020093
-0.5 Trend ADF -2.548358

y(t)

-1
0 20 40 60 80 100
Row

Transfer Function Model (1)
Model Summary

DF 93
Sum of Squared Errors 1.19314545
Variance Estimate 0.01282952
Standard Deviation 0.11326746
Akaike's 'A" Information Criterion -142.17826
Schwarz's Bayesian Criterion -131.87942
RSquare 0.91993657
RSquare Adj 0.91743459
MAPE 56.3367497
MAE 0.08684777
-2Loglikelihood -150.17826
Residuals
03 °
. . .

§ 0.2 . o® o

S o1 e e °_° oo oo

]

=

]

4

4

Row

Lag AutoCorr -.8-.6-4-20.2.4.6.8 Ljung-BoxQ p-Value Lag Partial -.8-.6-4-20.2.4.6.8

0 1.0000 . . 0 1.0000
1 00797 1] 0.6542 04186 1 00797 1]
2 01208 | 21735 03373 2 01152 i
3 -00019 21739 05371 3 -0.0200

4 -01254 o 3.8440 04275 4 -0.1405 o

5 00867 iR 46516 0.4599 5 01126 |
6 -0.1280 A 64301 0.3768 6 -0.1157 o

7 -00722 q 7.0020 0.4287 7 -0.0844 [

8  -0.1709 | 10.2410 0.2485 8 -0.1526 o

9  -0.1556 (N 12.9565 0.1646 9 -0.0960 o

10 -0.1092 [ 14.3080 0.1594 10 -0.1090 o

11 00132 i 143280 02154 11 00585 I

12 01584 = 17.2361 0.1409 12 0.1468 |
13 0.0907 m: 18.2009 0.1500 13 0.0546 ]
14 00066 ] 182061 0.1976 14 -0.0824 0

15 -0.0355 | 183577 0.2443 15 -0.0690 1

16  0.0755 BIE 19.0505 0.2661 16 0.0674 1]
17 01032 i 203586 0.2563 17 0.0600 I
18 00639 F 208663 0.2862 18 00078 | & . -

19 -0.1056 o 222705 0.2710 19 -01365 . . . |[]

20 0.0298 : 22.3837 0.3201 20 01179 | H
21 -0.0848 | 233115 03276 21 -0.0129

22 -01518 (| 263261 0.2379 22 -01502 o

23 -0.1162 g 281143 0.2115 23 -0.1532 o

24 -01560 o 313818 0.1431 24 -0.0949 0

25 00399 sl 315985 0.1700 25 0.0526 I
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FIGURE 6.13 Sample cross-correlation function between a; and the residuals
of the transfer function-noise model.

where each input series has a transfer function representation including
a potential delay. This is an appropriate approach so long as the input
series are uncorrelated with each other. If any of the original series are
nonstationary, then differencing may be required. In general, differencing
of a higher order than one may be required, and inputs and outputs need not
be identically differenced. We now present an example from Montgomery
and Weatherby (1980) where two inputs are used in the model.

Example 6.3 Montgomery and Weatherby (1980) present an example
of modeling the output viscosity of a chemical process as a function of two
inputs, the incoming raw material viscosity x, , and the reaction temperature
X,,. Readings are recorded hourly. Figure 6.14 is a plot of the last 100
readings. All three variables appear to be nonstationary.

Standard univariate ARIMA modeling techniques indicate that the input
raw material viscosity can be modeled by an ARIMA(O, 1, 2) or IMA(1,2)
process

(1=B)x,, = (1 +0.59B + 0.32B%)q, ,

which is then used to prewhiten the output final viscosity. Similarly, an
IMA(1,1) model

(1 - B).xlt = (1 + O45B)a2’t

was used to prewhiten the temperature input. Table 6.6 contains the impulse
response functions between the prewhitened inputs and outputs.

Both impulse response functions in Table 6.6 exhibit approximate expo-
nential decay beginning with lag 2 for the initial viscosity input and lag 3
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FIGURE 6.14 Hourly readings of final product viscosity y,, incoming raw mate-
rial viscosity x, ;, and reaction temperature x, ,.

for the temperature input. This is consistent with a tentative model identi-
fication of r = 1,5 = 0,b = 2 for the transfer function relating initial and
final viscosities and r = 1,s = 0,b = 3 for the transfer function relating
temperature and final viscosity. The preliminary parameter estimates for
these models are

(1 - 0.62B)y, = 0.34x,,_,
(1 - 0.68B)y, = 0.42x,,_s.
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TABLE 6.6 Impulse Response Function for Example 6.3

Impulse Response Functions

Initial and Temperature and
Lag Final Viscosity Final Viscosity
0 -0.422 —0.0358
1 —0.1121 —0.1835
2 0.3446 0.0892
3 0.2127 0.4205
4 0.1327 0.2849
5 0.2418 0.3102
6 0.0851 0.0899
7 0.1491 0.1712
8 0.1402 0.0051

The noise time series is then computed from

P O S O S
CEN T T 0628 2T 120,688 2

The sample ACF and PACF of the noise series indicate that it can be
modeled as

(1-B)(1-0.64B)N, = ¢,.
Therefore, the combined transfer function plus noise model is

W19

()
55 ~ By, + ———(1 - B)x,,
11

(1-B)y, = T~ -
The estimates of the parameters in this model are shown in Table 6.7 along
with other model summary statistics. The #-test statistics indicate that all
model parameters are different from zero.

Residual checks did not reveal any problems with model adequacy. The
chi-square statistic for the first 25 residual autocorrelations was 10.412.
The first 20 cross-correlations between the residuals and the prewhitened
input viscosity produced a chi-square test statistic of 11.028 and the first
20 cross-correlations between the residuals and the prewhitened input
temperature produced a chi-square test statistic of 15.109. These chi-square
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TABLE 6.7 Model Summary Statistics for the Two-Input Transfer
Function Model in Example 6.3

95% Confidence
Limits
Standard t-statistic for

Parameter  Estimate Error Hy: Parameter=0  Lower  Upper
o1 0.789 0.110 7.163 0.573 1.005
@10 0.328 0.103 3.189 0.127 0.530
691 0.677 0.186 3.643 0.313 1.041
Wy 0.455 0.124 3.667 0.212 0.698
ol 0.637 0.082 7.721 0.475 0.799

test statistics are not significant at the 25% level, so we conclude that the
model is adequate. The correlation matrix of the parameter estimates is

11 19 021 (0] b1
o1 1.00 -0.37 -0.06 0.01 0.02
@10 -0.37 1.00 -0.22 0.00 0.12
61 -0.06 -0.22 1.00 -0.14 -0.07
Wy -0.01 0.00 —0.14 1.00 —0.08
o -0.02 0.07 -0.07 —-0.08 1.00

Notice that a complex relationship between two input variables and one out-
put has been modeled with only five parameters and the small off-diagonal
elements in the covariance matrix above imply that these parameter esti-
mates are essentially uncorrelated.

6.6 FORECASTING WITH TRANSFER
FUNCTION-NOISE MODELS

In this section we discuss making z-step-ahead forecasts using the transfer
function—noise model in Eq. (6.23). We can rearrange Eq. (6.23) and rewrite
it in the difference equation form as

6(B)p(B)y, = w(B)p(B)x,_;, + 0(B)6(B)e, (6.36)
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or

6*(B)y, = w*(B)x,_,, + 6*(B)e,. (6.37)

Then at time ¢ + 7, we will have

r+p* s+p* q+r

* *
Vigr = Z 6; i Vivr—i K-~ Z wy i Xir—b— it &~ 20 Erpr—iv

(6.38)

where r is the order of 6(B), p* is the order of p(B)(= ¢(B)(1 — B)?), and
s is the order of w(B), and q is the order of 6(B).
The z-step ahead MSE forecasts are obtained from

Vi4e(0) = EDpge Yo Vim0 X0 X5 -]

r+p*
= D 6 Dot () + Wik, (D) (6.39)
i=1
s+p* q+r

= Y Wik (D= Y 07, fort=1,2,...q
i=1 i=1

Note that the MA terms will vanish for 7 > g + r. We obtain Eq. (6.39)
using

£ S I>T
E(E _‘|yvy_ 7"-’ 9 . )_ e .
t+r—il Y V-1 Xi—1 0’ i<t

and

X, (D) = BV Yimts v s Xps X5 )
(6.40)

= Bt 1%, X5 . .0).

Equation (6.40) implies that the relationship between x, and y, is unidi-
rectional and that %,(/) is the forecast from the univariate ARIMA model,
$(B)(1 - BY'x, = 0,(B)a.

So forecasts §,,,(t), 9,,,(),... can be computed recursively from
Eqgs. (6.39) and (6.40).
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The variance of the forecast errors can be obtained from the infinite MA
representations for x, and N, given as

x, = @ . (B)'0.(B)a,

B (6.41)

and
N, = ¢(B)"'0(B)e,
= y(B)g, (6.42)

[se]
= Z Vi€,
i=0

Hence the infinite MA form of the transfer function—noise model is
given as

Y =Vv(Bw,(B) a,_, + y(B)g,

——
=V*(B)
o o (6.43)
= Z Vi it Z Vi€
i=0 i=0
Thus the minimum MSE forecast can be represented as
[oe] [oe]
Yipe (O = z Vit it z Vi€rir—i (6.44)
i=t—b =T
and the z-step-ahead forecast error is
€ (7) = Yy = J14ee (0
T—b—1 7—1 (645)
= 2 V;'kat+r—b—i+ 2 Vi€rir—i.
i=0 i=0

As we can see in Eq. (6.45), the forecast error has two components
that are assumed to be independent: forecast errors in forecasting x,,
Z;‘é’ - via,, ., and forecast errors in forecasting N,, 2:01 Wi
The forecast variance is simply the sum of the two variances:

62(7) = Varle,(7)]
T—b-1

7—1
=Y e T
i=0

i=0

(6.46)
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To check the effect of adding x, in the model when forecasting, it may
be appealing to compare the forecast errors between the transfer function—
noise model and the univariate ARIMA model for y,. Let the forecast error
variances for the former and the latter be denoted by O'%FN () and GéM (1),
respectively. We may then consider

R(r)=1- GiFN @
o (7)
_ %l (1)2— 1y (0 (6.47)
o (D)

This quantity is expected to go down significantly if the introduction of
x, were indeed appropriate.

Example 6.4 Suppose we need to make forecasts for the next minute
(6 observations) for the viscosity data in Example 6.2. We first consider
the final model suggested in Example 6.2

Wy 1

= X, t+t———¢,
T s B-6,8 " T—gB

After some rearrangement, we have

Yy =01 + 1)y + (65 = 6101)Y—2 — 621 Yi—3 + WX, 3
—Wob X,y + €, — 01€,_1 — 62€,_5.

From Eq. (6.38), we have the z-step ahead prediction as

F1e() = 6y + DD Wipemt] + By = 81P DY 4r—2] = 621 [V1grs]

+ Wo[xt+r—3] - W0¢l[xt+‘r—4] + [5t+r] - 51 [8t+1—1] - 52[6t+1—2]’

where

1] Yup JS0
[yt+J] {5)[+J(t)’ ] > O

_ Xitjo J<0
i) = {jt+j(t)9 j>0
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and

&4, J<O
[E’J'j]_{g,j j>0

Hence for the current and past response and input values, we can use the
actual data. For the future response and input values we will instead use
their respective forecasts. To forecast the input variable x,, we will use the
AR(1) model, (1 — 0.73B)x, = a, from Example 6.2. As for the error esti-
mates, we can use the residuals from the transfer function-noise model or
for b > 1, the one-step-ahead forecast errors for the current and past values
of the errors, and set the error estimates equal to zero for future values.
We can obtain the variance of the prediction error from Eq. (6.45). The
estimates of o-ﬁ and 03 in Eq. (6.45) can be obtained from the univariate
AR(1) model for x,, and the transfer function-noise model from Example
6.2, respectively. Hence for this example we have 6'5 =0.0102 and
6'52 = 0.0128. The coefficients in v*(B) and y(B) can be calculated from

Vi(B) = Y VB = v(B)w,(B)
i=0

VE+VIB+VIB 4. = i (1-¢.B)"
(1—6,B - 6,B%)

or
i+ ViIB+viB* +..)(1 — 6,B — 6,B°)(1 — ¢,B) = w,
which means

Vo = W
Vi = (8 + vy = (8; + P Iw,
vy = (8; + g v = (6, — 6,9,V

= [(8, + $)* + (8, — 5,9)Iwg

and
t;/l-=¢il fori=0,1,2...

Hence the estimates of the coefficients in v'(B) and w(B) can be obtained
by using the estimates of the parameters given in Example 6.2. Note that



FORECASTING WITH TRANSFER FUNCTION-NOISE MODELS 461

%
05+ . S ..
.. N ‘.
o o . Y L L4 . .. °
. e o ° .f‘ L % .
2 % o, g o W° .\ .
2 0.0+ . N . .
> e o« o e .
. o y(t) . = R
—0.5 Forecast | *°
S| 9B%LPL| C .
— 95% UPL .
T T T T T T
0 20 40 60 80 100
Time

FIGURE 6.15 The time series plots of the actual and 1- to 6-step ahead forecasts
for the viscosity data.

for up to 6-step-ahead forecasts, from Eq. (6.45), we will only need to
calculate v(*;, VT and v;.

The time series plot of the forecasts is given in Figure 6.15 together with
the approximate 95% prediction limits calculate.by +26(7).

For comparison purposes we fit a univariate ARIMA model for y,.
Following the model identification procedure given in Chapter 5, an AR(3)
model is deemed a good fit. The estimated standard deviations of the
prediction error for the transfer function-noise model and the univariate
model are given in Table 6.8. It can be seen that adding the exogenous

variable x, helps to reduce the prediction error standard deviation.

TABLE 6.8 Estimated standard deviations of the
prediction error for the transfer function-noise model
(TFM) and the univariate model (UM)

Estimated Standard Deviation
of the Prediction Error

Observation TFM UM
101 0.111 0.167
102 0.137 0.234
103 0.149 0.297
104 0.205 0.336
105 0.251 0.362

106 0.296 0.376
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6.7 INTERVENTION ANALYSIS

In some cases, the response y, can be affected by a known event that
happens at a specific time such as fiscal policy changes, introduction of
new regulatory laws, or switching suppliers. Since these interventions do
not have to be quantitative variables, we can represent them with indicator
variables. Consider, for example, the transfer function—noise model as the
following:

_ wB),m 9B
“EB T e®

=vB)E"” +N, (6.48)

where (SI(T) is a deterministic indicator variable, taking only the values O
and 1 to indicate nonoccurrence and occurrence of some event. The model
in Eq. (6.48) is called the intervention model. Note that this model has
only one intervention event. Generalization of this model with several
intervention events is also possible.

The most common indicator variables are the pulse and step variables,

0 iftT
PP = itr# (6.49)
1 ift=T
and
0 ift<T
(T) _
Si _{1iﬁzr (6.50)

where T is a specified occurrence time of the intervention event. The
transfer function operator v(B) = w(B)/6(B) in Eq. (6.48) usually has a
fairly simple and intuitive form.

Examples of Responses to Pulse and Step Inputs

1. We will first consider the pulse indicator variable. We will further
assume a simple transfer function—noise model as

) (T)
— P\ 51
Vi 1-6B "' 6.51)
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After rearranging Eq. (6.51), we have
(1= 6B)y, = wP" = {?Vo e
or
Y, =06y, + woPgT)
So we have

Yr =Wy
Y141 = 6yp = 0wy
Yria = 6yry1 = 52)’7 = 52W0

Yrek =0 = 5kYT = 5kWO’

which means

_J0 ifr<T
i = wes™ T ift>T

463

. For the step indicator variable with the same transfer function—noise

model as in the previous case, we have

Wo (D)
=——7—75"".
N T8B!
Solving the difference equation

0 ift<T
wy ift>T

(1-6B)y, = wys'" = {
we have
Yr =Wy
Y41 = 0yr +wy = wy(l +06)
yT+2 = 5yT+l + WO = Wo(l + 5 + 52)

Vrak = Vg FWwo=wo(L + 6+ -+ + 5k)
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or
y=wy(l+86+--+87T) fort>T

In intervention analysis, one of the things we could be interested in
may be how permanent the effect of the event will be. Generally, for
v, = Ww(B)/ 5(B))§t(T) with stable 6(B), if the intervention event is a pulse,
we will then have a transient (short-lived) effect. On the other hand, if the
intervention event is a step, we will have a permanent effect. In general,
depending on the form of the transfer function, there are many possi-
ble responses to the step and pulse inputs. Table 6.9 displays the output

TABLE 6.9 Output responses to step and pulse inputs.

Step input Pﬁge_ input
T T
S, P PI
o(B) ‘
&4(B
(B) T T
Output response Output response
@, ‘ 0, |Tmo
T T
)
, 1- 51 .
1- 81 B ©y 0
T T
w
]
1-B / D
T t ®, T
[01] w w
0 1 0{
{-— 51 B iz 1-B IL_
1
T 1o,
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TABLE 6.10 Weekly Cereal Sales Data

Week Sales Week Sales Week Sales Week Sales

1 102,450 27 114,980 53 167,170 79 181,560
2 98,930 28 130,250 54 161,200 80 202,130
3 91,550 29 128,070 55 166,710 81 183,740
4 111,940 30 135,970 56 156,430 82 191,880
5 103,380 31 142,370 57 162,440 83 197,950
6 112,120 32 121,300 58 177,260 84 209,040
7 105,780 33 121,380 59 163,920 85 203,990
8 103,000 34 128,790 60 166,040 86 201,220

9 111,920 35 139,290 61 182,790 87 202,370
10 106,170 36 128,530 62 169,510 88 201,100
11 106,350 37 139,260 63 173,940 89 203,210
12 113,920 38 157,960 64 179,350 90 198,770
13 126,860 39 145,310 65 177,980 91 171,570
14 115,680 40 150,340 66 180,180 92 184,320
15 122,040 41 158,980 67 188,070 93 182,460
16 134,350 42 152,690 68 191,930 94 173,430
17 131,200 43 157,440 69 186,070 95 177,680
18 132,990 44 144,500 70 171,860 96 186,460
19 126,020 45 156,340 71 180,240 97 185,140
20 152,220 46 137,440 72 180,910 98 183,970
21 137,350 47 166,750 73 185,420 99 154,630
22 132,240 48 171,640 74 195,470 100 174,720
23 144,550 49 170,830 75 183,680 101 169,580
24 128,730 50 174,250 76 190,200 102 180,310
25 137,040 51 178,480 77 186,970 103 154,080
26 136,830 52 178,560 78 182,330 104 163,560

responses to the unit step and pulse inputs for several transfer function
model structures. This table is helpful in model formulation.

Example 6.5 The weekly sales data of a cereal brand for the last two
years are given in Table 6.10. As can be seen from Figure 6.16, the sales
were showing a steady increase during most of the two-year period. At the
end of the summer of the second year (Week 88), the rival company intro-
duced a similar product into the market. Using intervention analysis, we
want to study whether that had an effect on the sales. For that, we will first
fit an ARIMA model to the preintervention data from Week 1 to Week 87.
The sample ACF and PACF of the data for that time period in Figure 6.17
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Week 88

220,000

200,000

180,000

160,000

Sales

140,000

120,000

100,000 —

T T T T T T
0 20 40 60 80 100

Week
FIGURE 6.16 Time series plot of the weekly sales data.

show that the process is nonstationary. The sample ACF and PACF of
the first difference given in Figure 6.18 suggest that an ARIMA(0,1,1)
model is appropriate. Then the intervention model has the following
form:

38 1-0B
yt = WOSE ) + ﬁst,
where
1 ifr>88

Autocorrelation Function for Sales (Weeks 1-87)
(with 5% significance limits for the autocorrelations)

Partial Autocorrelation Function for Sales (Weeks 1-87)
(with 5% significance limits for the partial autocorrelations)
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FIGURE 6.17 Sample ACF and PACF pulse of the sales data for weeks 1-87.
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Autocorrelation Function for the first difference (Weeks 1-87)  Partial Autocorrelation Function for the first difference (Weeks 1-87)
(with 5% significance limits for the partial autocorrelations)

(with 5% significance limits for the autocorrelations)
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FIGURE 6.18 Sample ACF and PACF plots of the first difference of the sales
data for weeks 1-87.

This means that for the intervention analysis we assume that the compe-
tition simply slows down (or reverses) the rate of increase in the sales.
To fit the model we use the transfer function model option in JMP with
SESS) as the input. The output in Table 6.11 shows that there was indeed a
significant effect on sales due to the introduction of a similar product in
the market. The coefficient estimate W, = —2369.9 further suggests that
if no appropriate action is taken, the sales will most likely continue to
go down.

Example 6.6 Electricity Consumption and the 1973 Arab Oil Embargo
The natural logarithm of monthly electric energy consumption in megawatt
hours (MWh) for a regional utility from January 1951 to April 1977 is
shown in Figure 6.19. The original data exhibited considerable inequality
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FIGURE 6.19 Natural logarithm of monthly electric energy consumption in
megawatt hours (MWh) from January 1951 to April 1977.
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TABLE 6.11 JMP Output for the Intervention Analysis in Example 6.5

Transfer Function Analysis
Time Series Sales

200000 -
180000
g 160000
& 140000
120000
100000 +
T T T T T T T T T
0 21 42 63 84 105
Row
Mean 157540.87
std 29870.833
N 104
Zero Mean ADF 0.0886817
Single Mean ADF -2.381355
Trend ADF -3.770646
Transfer Function Model (1)
Model Summary
DF 101
Sum of Squared Errors 9554575810
Variance Estimate 94599755.5
Standard Deviation 9726.24056
Akaike's 'A' Information Criterion 2186.26524
Schwarz's Bayesian Criterion 2191.5347
RSquare 0.26288323
RSquare Adj 0.25558504
MAPE 4.84506071
MAE 7399.35196
-2LogLikelihood 2182.26524
Parameter Estimates
Variable Term Factor Lag ©Estimate Std Error t Ratio Prob>|t]
Step Num0.0 0 0 -2359.900 1104.753 -2.15
Sales MA1l,1 1 1 0.557 0.076 7.36
(1—B)*Sa1est=— (2369.8995 * Stept)+(1 - O.557].*B)““t3t

Interactive Forecasting

250000

0 21 42 63 84 105 126
Row




INTERVENTION ANALYSIS 469

of variance over this time period and the natural logarithm stabilizes the
variance. In November of 1973 the Arab oil embargo affected the supply
of petroleum products to the United States. Following this event, it is
hypothesized that the rate of growth of electricity consumption is smaller
than in the pre-embargo period. Montgomery and Weatherby (1980) tested
this hypothesis using an intervention model.

Although the embargo took effect in November of 1973, we will assume
that first impact of this was not felt until the following month, December,
1973. Therefore, the period from January of 1951 until November of
1973 is assumed to have no intervention effect. These 275 months are
analyzed to produce a univariate ARIMA model for the noise model. Both
regular and seasonal differencing are required to achieve stationary and a
multiplicative (0, 1,2) X (0, 1, 1), was fit to the pre-intervention data. The
model is

(1-B)(1 =B"™)InN, = (1 — 0.40B — 0.28B%)(1 — 0.64B"%)e,.

To develop the intervention, it is necessary to hypothesize the effect that the
oil embargo may have had on electricity consumption. Perhaps the simplest
scenario in which the level of the consumption time series is hypothesized
to be permanently changed by a constant amount. Logarithms can be
thought of as percent change, so this is equivalent to hypothesizing that
the intervention effect is a change in the percent growth of electricity
consumption. Thus the input series would be a step function

G _ [ 0r=12..275
¢t T\ L.t =275,276,326"

The intervention model is then
(1=B)(1 =B Iny, = w,S, + (1 — 8,B — 0,B*)(1 — ©,,B)¢,,

where ©,, is the seasonal MA parameter at lag 12. Table 6.12 gives the
model parameter estimates and the corresponding 95% confidence inter-
vals. Since the 95% confidence intervals do not contain zero, we conclude
that all model parameters are statistically significant. The residual standard
error for this model is 0.029195. Since the model was built to the natural
logarithm of electricity consumption, the standard error has a simple, direct
interpretation: namely, the standard deviation of one-step-ahead forecast
errors is 2.9195 percent of the level of the time series.
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TABLE 6.12 Model Summary Statistics for Example 6.6

95% Confidence Limits

Parameter Point Estimate Lower Upper

o —-0.07303 —0.11605 —0.03000
0, 0.40170 0.28964 0.51395
0, 0.27739 0.16448 0.39030
I} 0.64225 0.54836 0.73604

It is also possible to draw conclusions about the intervention effect.
This effect is a level change of magnitude @&, = —0.07303, expressed in
the natural logarithm metric. The estimate of the intervention effect in
the original MWh metric is e® = ¢~007303 = 0.9296. That is, the post-
intervention level of electricity consumption is 92.96 percent of the pre-
intervention level. The effect of the Arab oil embargo has been to reduce the
increase in electricity consumption by 7.04 percent. This is a statistically
significant effect.

In this example, there are 275 pre-intervention observations and 41
post-intervention observations. Generally, we would like to have as many
observations as possible in the post-intervention period to ensure that the
power of the test for the intervention effect is high. However, an extremely
long post-intervention period may allow other unidentified factors to affect
the output, leading to potential confounding of effects. The ability of the
procedure to detect an intervention effect is a function of the number of pre-
and post-intervention observations, the size of the intervention effect, the
form of the noise model, and the parameter values of the process. In many
cases, however, an intervention effect can be identified with relatively short
record of post-intervention observations.

It is interesting to consider alternative hypotheses regarding the impact
of the Arab oil embargo. For example, it may be more reasonable to
suspect that the effect of the oil embargo is not to cause an immediate level
change in electricity consumption, but a gradual one. This would suggest
a model

,
(1-B)(1 —B?)Iny, = ﬁst +(1—6,B—0,B>)(1 — 0,,B?),.
-

The results of fitting this model to the data are shown in Table 6.13. Note
that the 95% confidence interval for §; includes zero, implying that we can
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TABLE 6.13 Model Summary Statistics for the Alternate Intervention

Model for Example 6.6
95% Confidence Limits

Parameter Point Estimate Lower Upper
o —0.06553 —0.11918 —-0.01187
) 0.18459 —0.51429 0.88347
0, 0.40351 0.29064 0.51637
0, 0.27634 0.16002 0.38726
(S} 0.63659 0.54201 0.73117

drop this parameter from the model. This would leave us with the original
intervention model that was fit in Example 6.6. Consequently, we conclude
that the Arab oil embargo induced an immediate permanent change in the
level of electricity consumption.

In some problems there may be multiple intervention effects. Generally,
one indicator variable must be used for each intervention effect. For exam-
ple, suppose that in the electricity consumption example, we think that the
oil embargo had two separate effects: the initial impact beginning in month
276, and a second impact beginning three months later. The intervention
model to incorporate these effects is

(1 =B)(1 —B"®)Iny, = 0,(S,, + ©,S,, + (1 — 6,B — 6,B%)
(1 -0,,B"),,

where

and

t=1,2,3,...,275
t=276,271,...,316

r=1,2,3,...,278
t=279,277,...,316°

In this model the parameters w;, and w,,, represent the initial and secondary
effects of the oil embargo and w,, + w,, represents the long-term total
impact.
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There have been many other interesting applications of intervention
analysis. For some very good examples, see the following references:

Box and Tiao (1975) investigate the effects on ozone (O;) concen-
tration in downtown Los Angeles of a new law that restricted the
amount of reactive hydrocarbons in locally sold gasoline, regulations
that mandated automobile engine design changes, and the diversion
of traffic by opening of the Golden State Freeway. They showed that
these interventions did indeed lead to reductions in ozone levels.

Wichern and Jones (1977) analyzed the impact of the endorsement by
the American Dental Association of Crest toothpaste as an effective
aid in reducing cavities on the market shares of Crest and Colgate
toothpaste. The endorsement led to a significant increase in market
share for Crest. See Bisgaard and Kulahci (2011) for a detailed anal-
ysis of that example.

Atkins (1979) used intervention analysis to investigate the effect of
compulsory automobile insurance, a company strike, and a change in
insurance companies’ policies on the number of highway accidents
on freeways in British Columbia.

Izenman and Zabell (1981) study the effect of the 9 November, 1965,
blackout in New York City that resulted from a widespread power
failure, on the birth rate nine months later. An article in The New York
Times in August 1966 noted that births were up, but subsequent med-
ical and demographic articles appeared with conflicting statements.
Using the weekly birth rate from 1961 to 1966, the authors show that
there is no statistically significant increase in the birth rate.

Ledolter and Chan (1996) used intervention analysis to study the
effect of a speed change on rural interstate highways in Iowa on the
occurrence of traffic accidents.

Another important application of intervention analysis is in the detection
of time series outliers. Time series observations are often influenced by
external disruptive events, such as strikes, social/political events, economic
crises, or wars and civil disturbances. The consequences of these events
are observations that are not consistent with the other observations in the
time series. These inconsistent observations are called outliers. In addition
to the external events identified above, outliers can also be caused by more
mundane forces, such as data recording or transmission errors. QOutliers can
have a very disruptive effect on model identification, parameter estimation,
and forecasting, so it is important to be able to detect their presence so that
they can be removed. Intervention analysis can be useful for this.
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There are two kinds of time series outliers: additive outliers and inno-
vation outliers. An additive outlier affects only the level of the #* observa-
tion, while an innovation outlier affects all observations y,., y,. 1, Yy 12,---
beyond time #* where the original outlier effect occurred. An additive
outlier can be modeled as

). . . . .
where It( is an indicator time series defined as

1) _ 1 ifr= t*.
! 0 ift#r*
An innovation outlier is modeled as

g = %(e, + ol ).

When the timing of the outlier is known, it is relatively straightforward to
fit the intervention model. Then the presence of the outlier can be tested
by comparing the estimate of the parameter w, say, @, to its standard error.
When the timing of the outlier is not known, an iterative procedure is
required. This procedure is described in Box, Jenkins, and Reinsel (1994)
and in Wei (2006). The iterative procedure is capable of identifying multiple
outliers in the time series.

6.8 R COMMANDS FOR CHAPTER 6

Example 6.2 The data for this example are in the array called vis-
temp.data of which the two columns represent the viscosity and the tem-
perature respectively.

Below we first start with the prewhitening step.

xt<-vistemp.datal,1]
yt<-vistemp.datal, 2]

par (mfrow=c(2,1) ,oma=c(0,0,0,0))

plot (xt,type="o",pch=16,cex=.5,xlab="Time',ylab=expression
(italic(x[italic(t)]1)))

plot (yt, type="0",pch=16,cex=.5,xlab="'Time',ylab= expression
(italic(y[italic(t)1)))
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#Prewhitening

#Model identification for xt

par (mfrow=c(1,2),oma=c(0,0,0,0))

acf (xt,lag.max=25, type="correlation",main="ACF for Temperature")

acf (xt, lag.max=25,type="partial",main="PACF for Temperature",
ylab="PACF")

ACF for temperature PACF for temperature
© ©
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< :TrrFFFFFFFF - <C e R e e ]
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Lag Lag

Fit an AR(1) model to xt.

xt.arl<-arima (xt,order=c (1, 0, 0),include.mean=FALSE)

xt.arl

Call:
arima(x = xt, order = c¢(1, 0, 0), include.mean = FALSE)

Coefficients:
arl
0.7292
s.e. 0.0686
sigma”2 estimated as 0.01009: log likelihood = 87.54,
aic = -171.08

We perform the residual analysis

res.xt.arl(-as.vector (residuals (xt.arl))
#to obtain the fitted values we use the function fitted() from the

forecast package
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library (forecast)

fit.xt.arl<-as.vector(fitted(xt.arl))

# ACF and PACF of the Residuals

,oma=c(0,0,0,0))

acf (res.xt.arl,lag.max=25, type="correlation",main="ACF of the
Residuals for x(t)")

par (mfrow=c(1,2)

acf (res.xt.arl, lag.max=25,type="partial",main="PACF of the

Residuals for x(t)"

ACF for the residuals

PACF for the residuals

o for x(t) o for x(t)
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Lag Lag
# 4-in-1 plot of the residuals
par (mfrow=c(2,2) ,oma=c(0,0,0,0))
ggnorm (res.xt.arl,datax=TRUE, pch=16,xlab="'Residual', main=")

ggline (res.xt.arl,datax=TRUE)

plot (fit.xt.arl,res.xt.arl,pch=16,
ylab='Residual')

abline (h=0)

hist (res.xt.arl,col=

xlab='Fitted Value',

"gray",xlab='Residual',main=")
plot (res.xt.arl,type="1",xlab="0Observation Order', ylab=
points(res.xt.arl,pch=16,cex=.5)

abline (h=0)

'Residual')
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Prewhitening both series using AR(1) coefficients of 0.73.

T<-length (xt)

alphat<-xt[2:T]-0.73*xt [1:(T-1)]

betat<- yt[2:T]-0.73*yt[1:(T-1)]

ralbe<-ccf (betat,alphat,main='CCF of alpha(t) and beta(t)',
ylab="'CCF"')

abline (v=0,col='blue')

CCF of alpha(t) and beta(t)

0.4

CCF
0.2
1

0.0

#Obtain the estimates of v,

vhat<-sqgrt (var (betat) /var (alphat) ) *ralbe$act

nl<-length(vhat)

plot (seq(-(nl-1)/2, (nl-1)/2,1),vhat,

type='h',6xlab="'Lag',6 ylab=expression(italic (hat (v) [italic(j)]1)))
abline (v=0,col="'blue')

abline (h=0)

1.0

<>

°
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-15 -10 -5 0 5 10 15
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#Model the noise using the estimates given in the example

Nhat<-array (0,dim=c(1,T))

for (i in 4:T){

Nhat [i]<-yt [1]+0.31* (Nhat [i-1] -yt [i-1])+0.48* (Nhat [i-2]-yt[i-2])
+1.21*xt [1-3]

}

Nhat<-Nhat [4:T]

plot (Nhat, type="0",pch=16,cex=.5,xlab="'Time',ylab=expression
(italic (hat (N) [italic(t)])))

A
N,
-0.5 0.0 0.5 1.0 1.5

1.5

0 20 40 60 80 100
Time

par (mfrow=c(1,2),oma=c(0,0,0,0))
acf (Nhat, lag.max=25, type="correlation",main="ACF of Nhat")

acf (Nhat, lag.max=25,type="partial",main="PACF of Nhat")

o ACF of Nhat PACF of Nhat
_ é i
L i <
2 =l g
< o] H L s ol
o 1HH[H|HIHII E o '|J“ — I'II -
C|5 T T T T 1 Y
0 5 10 15 20 25 5 10 15 20 25
Lag Lag

#Fit AR(1l) and AR(3) models for Nhat

Nhat .arl<-arima (Nhat,order=c (1, 0, 0),include.mean=FALSE)
Nhat.ar3<-arima (Nhat,order=c (3, 0, 0),include.mean=FALSE)
res.Nhat.arl<-as.vector (residuals (Nhat.arl))
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library (forecast)

fit.Nhat.arl<-as.vector(fitted(Nhat.arl))

# ACF and PACF of the Residuals

par (mfrow=c(1,2),oma=c(0,0,0,0))

acf (res.Nhat.arl, lag.max=25, type="correlation",main="ACF of the
Residuals for Nhat")

acf (res.Nhat.arl, lag.max=25,type="partial",main="PACF of the
Residuals for Nhat")

ACF of the residuals for Nhat

PACEF of the residuals for Nhat

o N
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# 4-in-1 plot of the residuals

par (mfrow=c(2,2) ,oma=c(0,0,0,0))
ggnorm (res.Nhat .arl,datax=TRUE, pch=16,xlab="'Residual',main=")
ggline (res.Nhat.arl, datax=TRUE)

plot (fit.xt.arl,res.xt.arl,pch=16, xlab='Fitted Value',
ylab='Residual')

abline (h=0)

hist (res.Nhat.arl,col="gray",xlab='Residual',main=")

plot (res.Nhat.arl,type="1",xlab="'0Observation Order',ylab='Residual')

points (res.Nhat.arl,pch=16,cex=.5)

abline (h=0)
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We now fit the following transfer function—noise model

Wy 1

=X it ———¢,
T B-6,8 " T—B

For that we will use the “arimax” function in TSA package.

library (TSA)

ts.xt<-ts (xt)

lag3.x<-lag(ts.xt,-3)

ts.yt<-ts(yt)

dat3<-cbind(ts.xt,lag3.x,ts.yt)

dimnames (dat3) [[2]]<-c("xt", "lag3x", "yt"

data2<-na.omit (as.data.frame (dat3))

#Input arguments

#order: determines the model for the error component, i.e. the
#order of the ARIMA model for y(t)

#if there were no x(t)

#xtransf: x(t)

#transfer: the orders (r and s) of the transfer function

479

visc.tf<-arimax(data2$yt, order=c(1,0,0), xtransf=data.frame(data2$lag3x),

transfer=list(c(2,0)), include.mean = FALSE)
visc.tf

Call:

arimax(x = data2$yt, order = c(1, 0, 0), include.mean = FALSE, xtransf

data.frame (data2$lag3x), transfer = list(c(2, 0)))

Coefficients:
arl data2.lag3x-AR1 dataZ2.lag3x-AR2 data2.lag3x-MAO
0.8295 0.3414 0.2667 1.3276
s.e. 0.0642 0.0979 0.0934 0.1104
sigma”2 estimated as 0.0123: log likelihood = 75.09, aic = -142.18

res.visc.tf<-as.vector (residuals(visc.tf))

library (forecast)

fit.visc.tf <-as.vector(fitted(visc.tf))

# ACF and PACF of the Residuals

par (mfrow=c(1,2),oma=c(0,0,0,0))

acf (res.visc.tf,lag.max=25, type="correlation",main="ACF of the
Residuals \nfor TF-N Model")

acf (res.visc.tf, lag.max=25,type="partial",main="PACF of the
Residuals \nfor TF-N Model")
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# 4-in-1 plot of the residuals

par (mfrow=c(2,2) ,oma=c(0,0,0,0))

ggnorm(res.visc.tf,datax=TRUE, pch=16,xlab="'Residual’',main=")

ggline (res.visc.tf,datax=TRUE)

plot (fit.visc.tf,res.visc.tf,pch=16, xlab='Fitted Value',
ylab='Resgidual')

abline (h=0)

hist(res.visc.tf,col="gray",xlab="'Residual', main=")

plot (res.visc.tf,type="1",xlab="'0bservation Order',ylab='Residual’)

points (res.visc.tf,pch=16,cex=.5)

abline (h=0)
M g n * hd *

= C\J: * = _ e .0 . - - R
3 o 3 S ] . R RN lo‘(%ﬂol
(7] 7] -
T ] g N ] * : *e “ﬁvQ * .”&f .

I 1 ® S ot *

T T T T T T ! T T T
-0.2 -0.1 0.0 0.1 0.2 0.3 -0.5 0.0 0.5
Sample quantiles Fitted value
- N
o

g o T o]
] & T o |
g o 8
o = r o
L o -

°CTrrrTr T [ T T T T T

-0.3 -0.1 0.1 0.2 0.3 04 0 20 40 60 80 100
Residual Observation order

T<-length(res.visc.tf)

Ta<-length (alphat)

ccf (res.visc.tf,alphat [(Ta-T+1) :Tal ,main="'CCF of alpha(t) and
\nResiduals of TF-N Model',ylab='CCF')

abline (v=0,col="'blue')
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CCF of alpha(t) and
Residuals of TF-N model

0.2

0.1

CCF
0.0

-0.1
|

-0.2
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Example 6.4 Note that this is a continuation of Example 6.2. Below we
assume that the reader followed the modeling efforts required in Example
6.2. For variable and model names, please refer to R-code for Example 6.2.

For forecasting we use the formula given in the example. Before we
proceed, we first make forecasts for x(t) based on the AR(1) model. We
will only make 6-step-ahead forecasts for x(t) even if not all of them are
needed due to delay.

tau<-6
xt.arl.forecast<-forecast (xt.arl,h=tau)

To make the recursive calculations given in the example simpler, we will
simply extend the xt, yt and residuals vectors as the following.

Xt .new<-c (xXt,xt.arl.forecastS$Smean)
res.tf.new<-c(rep(0,3),res.visc.tf,rep(0,tau))

yt.new<-c(yt,rep(0,tau))

#Note that 3 0's are added to the beginning to compensate for the
#misalignment between xt and the residuals of transfer function
#noise model due to the delay of 3 lags. Last 6 0's are added
#since the future values of the error are assumed to be 0.

We now get the parameter estimates for the transfer function—noise model

phil<-visc.tf[[1]] [1]
dl<-visc.tf[[1]] [2]
d2<-visc.tf[[1]1] [3]
wO<-visc.tf[[1]] [4]
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The forecasts are then obtained using:

T<-length(yt)
for (i in (T+1): (T+tau)){
yt.new[i] <- (dl+phil) *yt.new[i-1]+ (d2-d1l*phil) *yt.new[i-2]
-d2*phil*yt.new[i-3]+w0*xt .new[i-3]
-wO*phil*xt.new[i-4]+res.tf.newl[i] -dl*res.tf.new[i-1]-
d2*res.tf.new[i-1]

To calculate the prediction limits, we need to first calculate the estimate
of forecast error variance given in (6.45). As mentioned in the example,
since we only need up to six-step ahead forecasts, we need to calculate
only vy, vy and v and y, through ys.

phix<-xt.arl[[1]] [1]
vOstar<-wo
vlstar<- (dl+phix) *w0
v2star<- (((dl+phix) "2) + (d2-dl*phix) ) *w0
vstar<-c(vOstar,vlstar,v2star)
psi<-phix” (0: (tau-1))
sig2.alpha<-xt.arl$sigma2
sig2.err<-visc.tfs$sigma2
sig2.tfn<-rep(0,6)
b<-3
for (i in 1:6) {

if ((i-b)<=0) {

sig2.tfn[i]l<- sig2.err*sum(psi[l:1i]"2)

else {
sig2.tfn[i]l<- sig2.alpha*sum(vstar([l: (i-b)]"2)
+ sig2.err*sum(psi[1:1i]"2)

For comparison purposes, we also fit a univariate ARIMA model to y(t).
An AR(3) model is considered even though the AR coefficient at third lag
is borderline significant. The model is given below.

yt.ar3<-arima(yt,order=c(3,0,0),include.mean=FALSE)
> yt.ar3

Series: x
ARIMA (3,0,0) with zero mean
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Coefficients:
arl arz ar3
0.9852 0.1298 -0.2700
s.e. 0.0954 0.1367 0.0978

sigma”2 estimated as 0.02779: log likelihood=36.32
AIC=-66.65 AICc=-66.23 BIC=-56.23

To calculate the prediction limits, we need to first calculate the estimate of
forecast error variance given in (5.83). To estimate y, through w5 we use
the formula given in (5.46).

psi.yt<-vector()
psi.yt[1:4]<-c(0,0,0,1)
sig2.yt<-yt.ar3ssigma2

for (i in 5:(4+tau—l)){
psi.yt[il<- yt.ar3[[1]] [1]*psi.yt[i-1]+yt.ar3[[1]] [2]
*psi.yt[i-2]+yt.ar3[[1]] [3]*psi.yt[i-3]

}

psi.yt<-psi.yt[4: (4+tau-1)]
psi.yt

sig2.um<-rep(0,6)

b<-3

for (i in 1:6) {
sig2.um[i]l<- sig2.yt*sum(psi.yt[1:i]"2)

Thus for the transfer function-noise model and the univariate model we
have the following prediction error variances.

cbind(sig2.tfn,sig2.um

sig2.tfn sig2.um
[1,] 0.01230047 0.02778995
[2,] 0.01884059 0.05476427
[3,] 0.02231796 0.08841901
[4,] 0.04195042 0.11308279
[5,] 0.06331720 0.13109029
[6,] 0.08793347 0.14171137

We can see that adding the exogenous variable x(t) helps to reduce the
prediction error variance by half.
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To plot the forecasts and the prediction limits, we have

plot (yt.new[1:T], type="p",pch=16,cex=.5,xlab="Time",
ylab='Viscosity',xlim=c(1,110))

lines(101:106,yt.new[101:106],col="grey40")

lines(101:106, yt.new[101:106]+2*sgrt(sig2.tfn))

lines(101:106, yt.new[101:106]-2*sgrt(sig2.tfn))

legend (20,-.4,c("y(t)","Forecast","95% LPL","95% UPL"), pch=c(1l6,

NA, NA,NA),lwd=c(NA,.5,.5,.5),cex=.55,col=c("black", "grey40",

"black", "black"))
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Example 6.5 The data for this example are in the array called cere-
alsales.data of which the two columns represent the week and the sales
respectively. We first start with the plot of the data

yt.sales<-cerealsales.datal, 2]

plot (yt.sales,type="0",pch=16,cex=.5,xlab="'Week',ylab="'Sales')
abline (v=88)

mtext ("Week 88", side=3, at=88)
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We then try to identify the ARIMA model for the pre-intervention data (up
to week 87)

par (mfrow=c(1,2),oma=c(0,0,0,0))
acf(yt.sales[1:87],lag.max=25, type="correlation",main="ACF
for Sales \nWeeks 1-87")
acf (yt.sales[1:87], lag.max=25,type="partial",main="PACF for Sales
\nWeeks 1-87",ylab="PACF")

ACF for sales PACF for sales
weeks 1-87 weeks 1-87
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The series appears to be non-stationary. We try the first differences

par (mfrow=c(1,2),oma=c(0,0,0,0))
acf (diff (yt.sales[1:87],1),lag.max=25,type="correlation",main="ACF
for First Differences \nWeeks 1-87")

acf(diff (yt.sales[1:87],1), lag.max=25,type="partial",main="PACF
for First Differences \nWeeks 1-87",ylab="PACF")

ACF for first differences ACF for first differences
weeks 1-87 weeks 1-87
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ARIMA(0,0,1) model for the first differences seems to be appropriate. We
now fit the transfer function—noise model with the step input. First we
define the step indicator variable.

library (TSA)
T<-length(yt.sales)
St<-c(rep(0,87),rep(l, (T-87)))
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sales.

#Note
# did

sales.
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tf<-arimax(diff (yt.sales), order=c(0,0,1), xtransf= St[2:T],

transfer=1list(c(0,0)), include.mean = FALSE)
that we adjusted the step function for the differencing we
on the yt.sales

tf
Series: diff (yt.sales)
ARIMA(0,0,1) with zero mean

Coefficients:

mal T1-MAO
-0.5571 -2369.888
s.e. 0.0757 1104.542

sigma”2 estimated as 92762871: log likelihood=-1091.13
AIC=2186.27 AICc=2186.51 BIC=2194.17

EXERCISES

6.1

An input and output time series consists of 300 observations. The
prewhitened input series is well modeled by an AR(2) model y, =
0.5y, + 0.2y, , + a,. We have estimated 6, = 0.2 and 6, = 0.4.
The estimated cross-correlation function between the prewhitened
input and output time series is shown below.

Lag, j

0 1 2 3 4 5 6 7 8 9 10

rqp() 0.01 0.03 -0.03 -0.25 -0.35 -0.51 -0.30 —0.15 —0.02 0.09 —-0.01

6.2

6.3

a. Find the approximate standard error of the cross-correlation func-
tion. Which spikes on the cross-correlation function appear to be
significant?

b. Estimate the impulse response function. Tentatively identify the
form of the transfer function model.

Find initial estimates of the parameters of the transfer function model
for the situation in Exercise 6.1.

An input and output time series consists of 200 observations. The
prewhitened input series is well modeled by an MA(1) model
y; = 0.8a,_; + @, We have estimated 6, = 0.4 and 6, = 0.6. The
estimated cross-correlation function between the prewhitened input
and output time series is shown below.
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Lag,j
raﬂ(j)

0 1 2 3 4 5 6 7 8 9 10
0.01 055 040 028 0.20 0.07 0.02 0.01 -0.02 0.01 -0.01

6.4

6.5

6.6

6.7

6.8

6.9

6.10

6.11

a. Find the approximate standard error of the cross-correlation func-
tion. Which spikes on the cross-correlation function appear to be
significant?

b. Estimate the impulse response function. Tentatively identify the
form of the transfer function model.

Find initial estimates of the parameters of the transfer function model
for the situation in Exercise 6.3.

Write the equations that must be solved in order to obtain initial
estimates of the parameters in a transfer function model with b = 2,
r=1,and s = 0.

Write the equations that must be solved in order to obtain initial
estimates of the parameters in a transfer function model with b = 2,
r=2ands=1.

Write the equations that must be solved in order to obtain initial
estimates of the parameters in a transfer function model with b = 2,
r=1,and s = 1.

Consider a transfer function model with b =2, r =1, and s = 0.
Assume that the noise model is AR(1). Find the forecasts in terms
of the transfer function and noise model parameters.

Consider the transfer function model in Exercise 6.8 with b = 2,
r =1, and s = 0. Now assume that the noise model is AR(2). Find
the forecasts in terms of the transfer function and noise model param-
eters. What difference does this noise model make on the forecasts?

Consider the transfer function model in the Exercise 6.8 with b =
2, r=1, and s = 0. Now assume that the noise model is MA(1).
Find the forecasts in terms of the transfer function and noise model
parameters. What difference does this noise model make on the
forecasts?

Consider the transfer function model

_ —-05-04B— 0.232x I S
Y= 1-05B =27 105"

Find the forecasts that are generated from this model.
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6.12

6.13

6.14

6.15

6.16

6.17

TRANSFER FUNCTIONS AND INTERVENTION MODELS

Sketch a graph of the impulse response function for the following
transfer function:

2B

T 12068

Sketch a graph of the impulse response function for the following
transfer function:

_1-028_
T 08B

Sketch a graph of the impulse response function for the following
transfer function:

= ! X,
1-12B+0.4B?

Vi

Box, Jenkins, and Reinsel (1994) fit a transfer function model to data
from a gas furnace. The input variable is the volume of methane
entering the chamber in cubic feet per minute and the output is
the concentration of carbon dioxide emitted. The transfer function
model is

—(0.534+0.37B+0.51B%) 1
Ve = X+ Ep
1-0.57B 1 -0.53B + 0.63B2

where the input and output variables are measured every nine sec-
onds.

a. What are the values of b, s,and r for this model?
b. What is the form of the ARIMA model for the errors?

c. If the methane input was increased, how long would it take before
the carbon dioxide concentration in the output is impacted?

Consider the global mean surface air temperature anomaly and
global CO, concentration data in Table B.6 in Appendix B. Fit
an appropriate transfer function model to this data, assuming that
CO, concentration is the input variable.

Consider the chemical process yield and uncontrolled operating
temperature data in Table B.12. Fit an appropriate transfer function
model to these data, assuming that temperature is the input variable.
Does including the temperature data improve your ability to forecast
the yield data?
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Consider the U.S. Internal Revenue tax refunds data in Table B.20.
Fit an appropriate transfer function model to these data, assuming
that population is the input variable. Does including the population
data improve your ability to forecast the tax refund data?

Find time series data of interest to you where a transfer function—

noise model would be appropriate.

a. Identify and fit the appropriate transfer function—noise model.

b. Use an ARIMA model to fit only the y, series.

¢. Compare the forecasting performance of the two models from
parts a and b.

Find a time series of interest to you that you think may be impacted
by an outlier. Fit an appropriate ARIMA model to the time series
and use either the additive outlier or innovation outlier model to see
if the potential outlier is statistically significant.

Table E6.1 provides 100 observations on a time series.

TABLE E6.1 Time Series Data for Exercise 6.21 (100
observations, read down then across)

86.74 83.79 88.42 84.23 82.20
85.32 84.04 89.65 83.58 82.14
84.74 84.10 97.85 84.13 81.80
85.11 84.85 88.50 82.70 82.32
85.15 87.64 87.06 83.55 81.53
84.48 87.24 85.20 86.47 81.73
84.68 87.52 85.08 86.21 82.54
84.68 86.50 84.44 87.02 82.39
86.32 85.61 84.21 86.65 82.42
88.00 86.83 86.00 85.71 82.21
86.26 84.50 85.57 86.15 82.77
85.83 84.18 83.79 85.80 83.12
83.75 85.46 84.37 85.62 83.22
84.46 86.15 83.38 84.23 84.45
84.65 86.41 85.00 83.57 84.91
84.58 86.05 84.35 84.71 85.76
82.25 86.66 85.34 83.82 85.23
83.38 84.73 86.05 82.42 86.73
83.54 85.95 84.88 83.04 87.00

85.16 86.85 85.42 83.70 85.06
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a. Plot the data.

b. There is an apparent outlier in the data. Use intervention analysis
to investigate the presence of this outlier.

6.22 Table E6.2 provides 100 observations on a time series. These data
represent weekly shipments of a product.

a. Plot the data.

b. Note that there is an apparent increase in the level of the time
series at about observation 80. Management suspects that this
increase in shipments may be due to a strike at a competitor’s
plant. Build an appropriate intervention model for these data.
Do you think that the impact of this intervention is likely to be
permanent?

TABLE E6.2 Time Series Data for
Exercise 6.22 (100 observations, read
down then across)

1551 1556 1613 1552 1838
1548 1557 1595 1558 1838
1554 1564 1601 1543 1834
1557 1592 1587 1552 1840
1552 1588 1568 1581 1832
1555 1591 1567 1578 1834
1556 1581 1561 1587 1842
1574 1572 1558 1583 1840
1591 1584 1576 1573 1840
1575 1561 1572 1578 1838
1571 1558 1554 1574 1844
1551 1571 1560 1573 1848
1558 1578 1550 1559 1849
1561 1580 1566 1552 1861
1560 1577 1560 1563 1865
1537 1583 1570 1555 1874
1549 1564 1577 1541 1869
1551 1576 1565 1547 1884
1567 1585 1571 1553 1886
1553 1601 1559 1538 1867

6.23 Table B.23 contains data on Danish crude oil production. Histor-
ically, oil production increased steadily from 1972 up to about
2000, when the Danish government presented an energy strategy
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containing a number of ambitious goals for national energy pol-
icy up through 2025. The aim is to reduce Denmark’s dependency
on coal, oil and natural gas. The data exhibit a marked downturn
in oil production starting in 2005. Fit and analyze an appropriate
intervention model to these data.

Table B.25 contains data on annual US motor vehicle fatalities from
1966 through 2012, along with data on several other factors. Fit a
transfer function model to these data using the number of licensed
drivers as the input time series. Compare this transfer function model
to a univariate ARIMA model for the annual fatalities data.

Table B.25 contains data on annual US motor vehicle fatalities from
1966 through 2012, along with data on several other factors. Fit a
transfer function model to these data using the annual unemployment
rate as the input time series. Compare this transfer function model
to a univariate ARIMA model for the annual fatalities data. Why
do you think that the annual unemployment rate might be a good
predictor of fatalities?

Table B.25 contains data on annual US motor vehicle fatalities
from 1966 through 2012, along with data on several other factors.
Fit a transfer function model to these data using both the num-
ber of licensed drivers and the annual unemployment rate as the
input time series. Compare this two-input transfer function model
to a univariate ARIMA model for the annual fatalities data, and
to the two univariate transfer function models from Exercises 6.24
and 6.25.






CHAPTER 7

SURVEY OF OTHER FORECASTING
METHODS

I always avoid prophesying beforehand, because it is a much better policy
to prophesy after the event has already taken place.
SIR WINSTON CHURCHILL, British Prime Minister

71 MULTIVARIATE TIME SERIES MODELS AND
FORECASTING

In many forecasting problems, it may be the case that there are more than
just one variable to consider. Attempting to model each variable individ-
ually may at times work. However, in these situations, it is often the case
that these variables are somehow cross-correlated, and that structure can
be effectively taken advantage of in forecasting. In the previous chapter we
explored this for the “unidirectional” case, where it is assumed that certain
inputs have impact on the variable of interest but not the other way around.
Multivariate time series models involve several variables that are not only
serially but also cross-correlated. As in the univariate case, multivariate
or vector ARIMA models can often be successfully used in forecasting
multivariate time series. Many of the concepts we have seen in Chapter 5

Introduction to Time Series Analysis and Forecasting, Second Edition.
Douglas C. Montgomery, Cheryl L. Jennings and Murat Kulahci.
© 2015 John Wiley & Sons, Inc. Published 2015 by John Wiley & Sons, Inc.
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will be directly applicable in the multivariate case as well. We will first
start with the property of stationarity.

7.1.1 Multivariate Stationary Process

Suppose that the vector time series Y, = (¥, Yo --- » V) CODSists of m
univariate time series. Then Y, with finite first and second order moments
is said to be weakly stationary if

(i) E(Y,) = E(Y,,,) = p, constant for all s
(ii) Cov(Y,)) = E[(Y, - p)(¥, — p)'] = T(0)
(iii) Cov(Y,,Y,,,) = I'(s) depends only on s

Note that the diagonal elements of I'(s) give the autocovariance function
of the individual time series, y;;(s). Similarly, the autocorrelation matrix is
given by

P11()  pa(s) oo pry(s)
s) s ... ()
p(s) = /:’21( Pzzz : ) :( 7.1)
pml(s) me(s) e pmm(s)
which can also be obtained by defining
V =diag{y,,(0), 7(0), ..., 7, (0)}
711(0) 0 0
I 2 (O 0 (7.2)
0 0 ceo Yom(0)
We then have
p(s) = V121(s)v~1/2 (7.3)

We can further show that I'(s) = I'(—s)’ and p(s) = p(—s)’.

7.1.2 Vector ARIMA Models

The stationary vector time series can be represented with a vector ARMA
model given by

®(B)Y, = 5 + O(Be, (7.4)
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where ®(B) =1 - ® B - ®,B> — .- —® B, 0(B) =1-0,B - 0,B* -
-+ — 0,B?, and g, represents the sequence of independent random vectors
with E(g,) = 0 and Cov(e,) = X. Since the random vectors are independent,
we have I',(s) = O for all s # 0.

The process Y, in Eq. (7.4) is stationary if the roots of

det[®(B)] = det[I - @B - ®,B* — - —® B’ =0 (7.5

are all greater than one in absolute value. Then the process Y, is also said
to have infinite MA representation given as

Y, =p+¥(Be,

e, 9
i=0

where ¥(B) = ®(B)"'O(B), u = ®(B)~'5, and ZZO I'P;|?> < 0.
Similarly, if the roots of det[@(B)]=det[l-0,B - (9232—
-+ —0,B7 =0 are greater than unity in absolute value the process
Y, in Eq. (7.4) is invertible.
To illustrate the vector ARMA model given in Eq. (7.4), consider the
bivariate ARMA(1,1) model with

®B)=1-DB
2[1 0]_[@1 m]B
0 1]~ ¢ ¢
and
OB)=1-0,B

— 1 O _ 911 912 B
0 1 921 922

Hence the model can be written as

I 0 _ b b _ |6 10 _ 0, O, €1t
HO 1] [‘7521 ¢22] B] = [52]+H0 1] [921 922] B] [Ez,z]

or

Vg =061+ h i1+ dioya H €1, — 011812 — 01265,
Yor =06+ Dy Vi1 + Vo1 t €2, — 00181 1 — 02067,
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As in the univariate case, if nonstationarity is present, through an appropri-
ate degree of differencing a stationary vector time series may be achieved.
Hence the vector ARIMA model can be represented as

®O(B)D(B)Y, = 6 + O(B)e,
where

D(B) = diag{(1 — BY"', (1 — B), ..., (1 — B)%n}

(1 - By 0 0
| o (1-By .. 0
0 0 v (1= By

However, the degree of differencing is usually quite complicated and has
to be handled with care (Reinsel (1997)).

The identification of the vector ARIMA model can indeed be fairly
difficult. Therefore in the next section we will concentrate on the more
commonly used and intuitively appealing vector autoregressive models.
For a more general discussion see Reinsel (1997), Liitkepohl (2005), Tiao
and Box (1981), Tiao and Tsay (1989), Tsay (1989), and Tjostheim and
Paulsen (1982).

7.1.3 Vector AR (VAR) Models
The vector AR(p) model is given by

DB)Y, =b+e, (7.7)

or

P
Y, =8+ ) @Y, +e¢,

i=1

For a stationary vector AR process, the infinite MA representation is
given as

Y, = p+¥(B, (7.8)

where ¥(B) =1+ Y¥,B + \I’2B2 + .- and p = ®(B)"'6. Hence we have
E(Y,) = pand Cov(e,, Y,_) = 0 for any s > O since Y,_ is only concerned
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with e,_, €,_,_,, ..., which are not correlated with &,. Moreover, we also
have
Cov(e,,Y,) = Cov (st, e, +We_ +We ,+ )
= Cov(e, €,)
=X
and

)4
I'(s) = Cov(Y,_,,Y,) = Cov (Y,_s, 3+ ) @Y, + e,>
i=1

P
= Cov (YH, > <1>,.Y_i> +Cov(Y,_,.€,)
——

i=1

» =0 for s>0
= ) Cov(¥,_,, @Y, ) (7.9)
i=1
p
= ) Cov(¥,_,.Y, )@,
i=1
Hence we have
14
[(s) = ) [(s — )@ (7.10)
i=1
and
P
) = Zr(—i)nb; +3 (7.11)

i=1

As in the univariate case, the Yule—Walker equations can be obtained from
the first p equations as

I'(1) I'(0) ray ... Tep-1][®,

— Y (I)’
r(:z) _ F(zl) I‘(:O) F(p: 2) 2 )
rp)| |Fp-1) Tp-2) ... TO |@

The model parameters in ® and X can be estimated from Egs. (7.11) and
(7.12).
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For the VAR(p), the autocorrelation matrix in Eq. (7.3) will exhibit a
decaying behavior following a mixture of exponential decay and damped
sinusoid.

Example 7.1 VAR(1) Model The autocovariance matrix for VAR(1) is
given as

I'Gs)=T(—- DD =T (s —-2)P)D =-- =L)D" (7.13)
and

p(s) = V7 I2r(s)v-1/2
— V—1/2r(0)((p/)sv—l/2
— V—I/ZF(O)V—I/Zvl/Z((I)I)Sv—1/2
= p(O)V'/2(@'yV~1/2 (7.14)

where V = diag{y;,(0), 7»,(0), ..., 7,,,(0)}. The eigenvalues of @ deter-
mine the behavior of the autocorrelation matrix. In fact, if the eigenvalues
of @ are real and/or complex conjugates, the behavior will be a mixture of
the exponential decay and damped sinusoid, respectively.

Example 7.2  The pressure readings at two ends of an industrial furnace
are taken every 10 minutes and given in Table 7.1. It is expected the
individual time series are not only autocorrelated but also cross-correlated.
Therefore it is decided to fit a multivariate time series model to this data.
The time series plots of the data are given in Figure 7.1. To identify the
model we consider the sample ACF plots as well as the cross correlation
of the time series given in Figure 7.2. These plots exhibit an exponential
decay pattern, suggesting that an autoregressive model may be appropriate.
It is further conjectured that a VAR(1) or VAR(2) model may provide a
good fit. Another approach to model identification would be to fit ARIMA
models to the individual time series and consider the cross correlation of
the residuals. For that, we fit an AR(1) model to both time series. The
cross-correlation plot of the residuals given in Figure 7.3 further suggests
that the VAR(1) model may indeed provide an appropriate fit. Using the
SAS ARIMA procedure given in Table 7.2, we fit a VAR(1) model. The
SAS output in Table 7.3 confirms that the VAR(1) model provides an
appropriate fit for the data. The time series plots of the residuals and the
fitted values are given in Figures 7.3, 7.4, and 7.5.



(panuiguo)

6£CC  €9°¢l €Ll 69°'1Cc  1¢0I gel 69'1C  vI'GI L6 8C0C LL6 6S 69°1¢ 8Vl 1C
L9°0C 1971 CLI €e’0c  LS6 yel 19'1C  LOSIT 96 ¢6'81 1901 86 LLOT Syl 0C
SIcc 9¢cl ILT S6'81 186 eel 99'IC  69°¢l c6 I7ec 6601 LS €6'ee el 61
€06l L8'TI 0LT LLOT €68 el ¥6'0C SScl v6 L6'8T  LO6'TI 9¢ Ler 1evl 81
LT'CC  LEO0I 691 crel 198 Iel 8L0C 9L¢l €6 SLTIC  18V¥1 98 10'¥¢ 901 L1
L8l €6 891 ¥8'6l 906 oct gecc 907l 6 ¥6'1C 9TVl 123 €88l  C¢STI 91
€6'0c  CI'6 L91 681 VYO'L 6¢C1 97'0C 8S¢l 16 1L°0¢ 9°¢l €S yeoCc  LE6 Sl
16'81 €9 991 ¢8°0¢ 'L 8¢C1 SCIc 1191 06 I81C  ¢€6'11 (43 Y1'0c  SL'6 14!
6061 8IS So1 181 818 LTl (4254 I'vl 68 86l LLTI 89 €L'0c 8001 el
L¥'81  T89 91 LE0CT 869 9Cl [I'el  SOvI 88 L00T LT6 0S 91'0c 6601 4!
¢80C 99 €91 881  8¢'L 4! ¢TC 8901 L8 [6°0C 9¢01 61 [€CC  €v ol IT
8181 98¢ 91 1681 96 14! 981 8L0I 98 86'0Cc Iv'CI 8y L6°81 IL6 01
9¢'6l 8L'E 191 Lel 6611 eCl 6L'61 1901 ¢8 0C  1vCl Ly gol 16'L 6
16°LT LS 091 69°0C  S9'1I (44! vS6l  Sv'6 78 L00T Cell 9 L6l Sor1 8
91’6l  8¥'S 651 gcoc 96Cl IcI a6l 1T6 €8 0c s10I1 Sy IT0C €96 L
8L LYY 861 88°0C Lv'cl 0cI 9881 SC°L [4] Ly'0Cc 1678 144 9’61  8COI 9
8l ey LST wroc el 611 LT'61 998 18 ¢s0Cc  TC6 974 9C0C ¥88 S
LT L6y 9¢1 e 1677l 811 ¥'81 996 08 68°L1 901 (44 96l €18 4
el TS SSl Y061  8¢CI LT1 6L'1¢C 98 6L 91'1C  LS6 I 6661 9001 €
e8I S9 123! 9¢cC 98¢l 911 ¢S81 8101 8L 9881 LTI or LEOT  ¥9'8 (4
9’6l  SY'S 134! 8861 €LTI ST 61'IC €T6 LL ¢ £Tol 6¢ '0c  86'L I
Joeg Juoi{ Xopu] oeg Juol Xopu] oeg JUOL] Xopu[ oeg JUOL] XSpu] Yoeg JUOL]  Xapu[
QInssalg aInssalg aInssarg aInssaig aInssaig

ddrvwIn, 3Y) Jo spuj Yjog e sSuipeay] 2anssdi 1L TIdV.L

499



9’81  8L'S (49! ge0oc  elel 148! €8l 8¥'8 9L €col  9Y'Il 8¢
1881 66'L 161 ¢S'IC 8LTI el 66l L9L SL 6€0C 168 LE
6L61 I8L 0SI ¥0'0C  6¢°11 [48! LO6L  ¥¥'9 VL 61 S9°0I 9¢
el Iv'6 671 ¥9'0C 20l IT1 O8I 8LL €L 9CcC L0l S¢
€C0C o6l 981 IT6l 801 34! 1861 988 01T 19'1C  ¥8°L L g6l  vT6 143
w'1e ¥9°¢l ¢8I ¢8IC €06 Ly L00C SS°8 601 99°LT  L86 1L 6'0C 8CO0I £¢
6S'1C  €L°01 V81 6581 LL'L 14! 8’6l 9T6 801 6¢'1C 906 oL 98°LT 6011 [43
LY'LT 6911 €81 LT6I 9S°L 94! €e’0C  ST6 LOT y0'61  SO'6 69 60cCc 200l Ie
€C 6501 (4! 9¢'61  LI'0OI 144! 8V'81  9r'6 901 Y061  6€°6 89 99°LT  6L°6 0¢
49! Tl 181 I1°0C 9001 eVl 60'0C I8TI SOI GS'IC  8¥6 L9 9L°0C 1801 6¢
Iv'1c  $0°01 081 9081 ¥I'CI (44! YI'1Cc S80I Y01 G8LT 1001 99 €81 9911 8¢
€L'8T 8601 6L1 yLEC 98Tl vl €S'6l 6811 €01 ce're  1L°01 <9 88'1C 6L6 LT
Y6’ 1C  LETI 8LI 96l STVI ovl LT'TC  66CI <01 ev'el  LL'6 ¥9 €66l TV OI 9¢
6L61 CO'TI LLT 9L'TC  ¥6'Cl 6¢l LS0C STCl 101 L8'61 €Tl €9 19°CC  8L°01 SC
Ly'1C  v1°01 9LI1 veel  8ICI 8¢l £6°0¢ 911 001 661 8STCI a9 S6'81  8CTII ¥C
¥6'81  LOOI SLI gece  9¢ll Lel L80C 6971 66 6Cc6l TS0l 19 wlc  967Cl £C
SL6l  Clcl VLI 9981 881l 9¢l S8 IC 107l 86 81'1¢ STl 09 L80C 60°SI (44
Yyoeqg JuoL] Xopu] Yoeg JuUOI] Xopu] oeg Juol  Xopul Yoeg JuoL{ Xopu] Yoeg JUOL]  Xopul
QInssaIg QInssaIg aInssaIg QInssaIg QInssaIg

(ponuyuo)) 1L ATAVL

500



25
*
P bt T (L
| \
Sl ‘J,W MW‘ Mg
P 15
@©
o
10
Variable
5 - | —e— Front
—m— Back
1I 1I9 3I8 5I7 7I6 QIS 11I4 1é3 1£I'>2 1%1
Index

FIGURE 7.1 Time series plots of the pressure readings at both ends of the
furnace.
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FIGURE 7.2 The sample ACF plot for: (a) the pressure readings at the front
end of the furnace, y,; (b) the pressure readings at the back end of the furnace, y,;
(c) the cross correlation between y; and y,; and (d) the cross correlation between
the residuals from the AR(1) model for front pressure and the residuals from the
AR(1) model for back pressure.
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FIGURE 7.3 Time series plots of the residuals from the VAR(1) model.
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72 STATE SPACE MODELS

In this section we give a brief introduction to an approach to forecasting
based on the state space model. This is a very general approach that can
include regression models and ARIMA models. It can also incorporate
a Bayesian approach to forecasting and models with time-varying coef-
ficients. State space models are based on the Markov property, which
implies the independence of the future of a process from its past, given
the present system state. In this type of system, the state of the process
at the current time contains all of the past information that is required to
predict future process behavior. We will let the system state at time ¢ be

TABLE 7.2 SAS Commands
to Fit a VAR(1) Model to the
Pressure Data

proc varmax data=simulé4;
model yl1 y2 / p=1 ;
output out=residuals;

run;

proc print data=residuals;
run;
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TABLE 7.3 SAS Output for the VAR(1) Model for the Pressure Data

The VARMAX Procedure

Type of Model VAR (1)
Estimation Method Least Squares Estimation

Constant Estimates

Variable Constant
vl -6.76331
v2 27.23208

AR Coefficient Estimates

Lag Variable vyl y2

1 vl 0.73281 0.47405

y2 0.41047 -0.56040
Schematic

Representation of
Parameter Estimates

Variable/
Lag c AR1
vl - ++
v2 + +-

+ is > 2*std error,
- 1s < -2*gstd error,
is between,
* is N/A

Model Parameter Estimates

Standard
Equation Parameter Estimate Error t Value Pr > |t| Variable
vl CONST1 -6.76331 1.18977 -5.68 0.0001 1
AR1 1 1 0.73281 0.03772 19.43 0.0001 y1l(t-1)
AR1 1 2 0.47405 0.06463 7.33 0.0001 y2(t-1)
Y2 CONST2 27.23208 1.11083 24.51 0.0001 1
ARl 2 1 0.41047 0.03522 11.66 0.0001 yl(t-1)
AR1 2 2 -0.56040 0.06034 -9.29 0.0001 y2(t-1)
Covariances of Innovations
Variable vyl y2
vyl 1.25114 0.59716
y2 0.59716 1.09064
Information
Criteria
AICC 0.041153
HQC 0.082413
AIC 0.040084
SBC 0.144528

FPEC 1.040904
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represented by the state vector X,. The elements of this vector are not
necessarily observed. A state space model consists of two equations: an
observation or measurement equation that describes how time series
observations are produced from the state vector, and a state or system
equation that describes how the state vector evolves through time. We will
write these two equations as

y, = ' X, + £, (observation equation) (7.15)
and
X, = AX,_, + Ga, (state equation) (7.16)

respectively. In the observation equation h, is a known vector of constants
and ¢, is the observation error. If the time series is multivariate then y, and
g, become vectors y, and ¢,, and the vector h, becomes a matrix H. In the
state equation A and G are known matrices and a, is the process noise.
Note that the state equation resembles a multivariate AR(1) model, except
that it represents the state variables rather than an observed time series,
and it has an extra matrix G.

The state space model does not look like any of the time series models
we have studied previously. However, we can put many of these models in
the state space form. This is illustrated in the following two examples.

Example 7.3  Consider an AR(1) model, which we have previously
written as

Vi=dy tg
In this case we let X, = y, and a, = ¢, and write the state equation as

X =AX,_, + Gat
[yt] = [d)][.YZ—l] + [l]gt

and the observation equation is

Ve = h;Xt + ¢,
v, =[11X,4+0
Ve = ¢yt—l +eg

In the AR(1) model the state vector consists of previous consecutive obser-
vations of the time series y,.
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Any ARIMA model can be written in the state space form. Refer to
Brockwell and Davis (1991).

Example 7.4 Now let us consider a regression model with one predictor
variable and AR(1) errors. We will write this model as

=B+ bp + &
g, =¢e,_| +a,

where p, is the predictor variable and ¢, is the AR(1) error term. To write
this in state space form, define the state vector as

Po
X, =| 5
Dr— &
The vector h, and the matrix A are
1 1 0 0
h,=|p,|., A=|0 1 0
1 0 0 ¢

and the state space representation of this model becomes

Ve = [l’pt’ I]Xt + &

Multiplying these equations out will produce the time series regression
model with one predictor and AR(1) errors.

The state space formulation does not admit any new forecasting tech-
niques. Consequently, it does not produce better forecasts than any of the
other methods. The state space approach does admit a Bayesian formulation
of the problem, in which the model parameters have a prior distribution that
represents our degree of belief concerning the values of these coefficients.
Then after some history of the process (observation) becomes available, this
prior distribution is updated into a posterior distribution. Another formu-
lation allows the coefficients in the regression model to vary through time.
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The state space formulation does allow a common mathematical frame-
work to be used for model development. It also permits relatively easy
generalization of many models. This has some advantages for researchers.
It also would allow common computer software to be employed for mak-
ing forecasts from a variety of techniques. This could have some practical
appeal to forecasters.

7.3 ARCH AND GARCH MODELS

In the standard regression and time series models we have covered so far,
many diagnostic checks were based on the assumptions that we imposed
on the errors: independent, identically distributed with zero mean, and
constant variance. Our main concern has mostly been about the indepen-
dence of the errors. The constant variance assumption is often taken as
a given. In many practical cases and particularly in finance, it is fairly
common to observe the violation of this assumption. Figure 7.6, for exam-
ple, shows the S&P500 Index (weekly close) from 1995 to 1998. Most of
the 1990s enjoyed a bull market up until toward the end when the dot-
com bubble burst. The worrisome market resulted in high volatility (i.e.,
increasing variance). A linear trend model, an exponential smoother, or
even an ARIMA model would have failed to capture this phenomenon,
as all assume constant variance of the errors. This will in turn result in
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FIGURE 7.6 Time series plot of S&P500 Index weekly close from 1995 to
1998.
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the underestimation of the standard errors calculated using OLS and will
lead to erroneous conclusions. There are different ways of dealing with
this situation. For example, if the changes in the variance at certain time
intervals are known, weighted regression can be employed. However, it is
often the case that these changes are unknown to the analyst. Moreover, it
is usually of great value to the analyst to know why, when, and how these
changes in the variance occur. Hence, if possible, modeling these changes
(i.e., the variance) can be quite beneficial.

Consider, for example, the simple AR(p) model from Chapter 5 given
as

Vi=0+d ity t+ e+ d)pyt—p te (7.17)

where ¢, is the uncorrelated, zero mean noise with changing variance.
Please note that we used e, to distinguish it from our general white noise
error g,. Since we let the variance of e, change in time, one approach is to
model etz as an AR(/) model as

=&+ &l +EE  + -+ Ee +a, (7.18)

where q, is a white noise sequence with zero mean and constant variance
2 In this notation e, is said to follow an autoregressive conditional
heteroskedastlc process of order [, ARCH().

To check for a need for an ARCH model, once the ARIMA or regression
model is fitted, not only the standard residual analysis and diagnostics
checks have to be performed but also some serial dependence checks for
etz should be made.

To further generalize the ARCH model, we will consider the alternative
representation originally proposed by Engle (1982). Let us assume that the
error can be represented as

e, =\/vw, (7.19)

where w, is independent and identically distributed with mean O and vari-
ance 1, and

2 2 2
vi=C+ e e+ le (7.20)
Hence the conditional variance of e, is

Var(et|et_1,..,): ( 2|€, 1’---)
=vl
=G+ e+ e, e+l (121)
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We can also argue that the current conditional variance should also depend
on the previous conditional variances as

V=8tV F vt GVt 513,2_1 + Cze,z_z + ot Cletz_z
(7.22)

In this notation, the error term e, is said to follow a generalized autoregres-
sive conditional heteroskedastic process of orders k and /, GARCH(k, ),
proposed by Bollerslev (1986). In Eq. (7.22) the model for conditional
variance resembles an ARMA model. However, it should be noted that
the model in Eq. (7.22) is not a proper ARMA model, as this would have
required a white noise error term with a constant variance for the MA part.
But none of the terms on the right-hand side of the equation possess this
property. For further details, see Hamilton (1994), Bollerslev et al. (1992),
and Degiannakis and Xekalaki (2004). Further extensions of ARCH mod-
els also exist for various specifications of v, in Eq. (7.22); for example,
Integrated GARCH (I-GARCH) by Engle and Bollerslev (1986), Expo-
nential GARCH (E-GARCH) by Nelson (1991), Nonlinear GARCH by
Glosten et al. (1993), and GARCH for multivariate data by Engle and
Kroner (1993). But they are beyond the scope of this book. For a brief
overview of these models, see Hamilton (1994).

Example 7.5 Consider the weekly closing values for the S&P500 Index
from 1995 to 1998 given in Table 7.4. Figure 7.6 shows that the data exhibits
nonstationarity. But before taking the first difference of the data, we decided
to take the log transformation of the data first. As observed in Chapters 2
and 3, the log transformation is sometimes used for financial data when we
are interested, for example, in the rate of change or percentage changes in
the price of a stock. For further details, see Granger and Newbold (1986).
The time series plot of the first differences of the log of the S&P500 Index
is given in Figure 7.7, which shows that while the mean seems to be stable
around 0, the changes in the variance are worrisome. The ACF and PACF
plots of the first difference given in Figure 7.8 suggest that, except for
some borderline significant ACF values at seemingly arbitrary lags, there
is no autocorrelation left in the data. As in the case of the Dow Jones Index
in Chapter 5, this suggests that the S&P500 Index follows a random walk
process. However, the time series plot of the differences does not exhibit
a constant variance behavior. For that, we consider the ACF and PACF of
the squared differences given in Figure 7.9, which suggests that an AR(3)
model can be used. Thus we fit the ARCH(3) model for the variance using
the AUTOREG procedure in SAS given in Table 7.5. The SAS output in
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FIGURE 7.7 Time series plot of the first difference of the log transformation of
the weekly close for S&P500 Index from 1995 to 1998.
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FIGURE 7.8 ACF and PACF plots of the first difference of the log transforma-
tion of the weekly close for the S&P500 Index from 1995 to 1998.
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TABLE 7.5 SAS Commands to Fit
the ARCH(3) Model*

proc autoreg data=sp5003;
model dlogc = / garch=( g=3);

run;

¢ dlogc is the first difference of the log trans-
formed data.

TABLE 7.6 SAS output for the ARCH(3) model

GARCH Estimates

SSE 0.04463228 Observations 156
MSE 0.0002861 Uncond Var 0.00030888
Log Likelihood 422.53308 Total R-Square .
SBC -824.86674 AIC -837.06616
Normality Test 1.6976 Pr > ChiSqg 0.4279

The AUTOREG Procedure

Standard Approx
Variable DF Estimate Error t Value Pr > |t]
Intercept 1 0.004342 0.001254 3.46 0.0005
ARCHO 1 0.000132 0.0000385 3.42 0.0006
ARCH1 1 4 .595E-10 3.849E-11 11.94 <.0001
ARCH2 1 0.2377 0.1485 1.60 0.1096
ARCH3 1 0.3361 0.1684 2.00 0.0460

Table 7.6 gives the coefficient estimates for the ARCH(3) model for the
variance.

There are other studies on financial indices also yielding the ARCH(3)
model for the variance, for example, Bodurtha and Mark (1991) and
Attanasio (1991). In fact, successful implementations of reasonably simple,
low-order ARCH/GARCH models have been reported in various research
studies; see, for example, French et al. (1987).

7.4 DIRECT FORECASTING OF PERCENTILES

Throughout this book we have stressed the concept that a forecast should
almost always be more than a point estimate of the value of some
future event. A prediction interval should accompany most point forecasts,
because the PI will give the decision maker some idea about the inherent
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variability of the forecast and the likely forecast error that could be experi-
enced. Most of the forecasting techniques in this book have been presented
showing how both point forecasts and PIs are obtained.

A PI can be thought of as an estimate of the percentiles of the distribution
of the forecast variable. Typically, a PI is obtained by forecasting the mean
and then adding appropriate multiples of the standard deviation of forecast
error to the estimate of the mean. In this section we present and illustrate a
different method that directly smoothes the percentiles of the distribution
of the forecast variable.

Suppose that the forecast variable y, has a probability distribution f(y).
We will assume that the variable y, is either stationary or is changing slowly
with time. Therefore a model for y, that is correct at least locally is

Vy=UutE,

Let the observations on y, be classified into a finite number of bins, where
the bins are defined with limits

B, < B, < - <B,

The n bins should be defined so that they do not overlap; that is, each
observation can be classified into one and only one bin. The bins do not
have to be of equal width. In fact, there may be situations where bins may
be defined with unequal width to obtain more information about specific
percentiles that are of interest. Typically, 10 < n < 20 bins are used.

Let p, be the probability that the variable y, falls in the bin defined by
the limits B;_; and B,. That is,

pk:P(Bk—1<yTSBk)’ k=1, 2,...,”

Assurnej that Z:=1Pk = 1. Also, note that f’(yt <By = Z‘;;ij. Now let
us consider estimating the probabilities. Write the probabilities as an n X 1
vector p defined as

2
p=|"
[ Pn
Let the estimate of the vector p at time period 7 be
[51(T)
p(r) = | P21

5,(T)
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Note that if we wanted to estimate the percentile of the distribution of
y, corresponding to B, at time period 7" we could do this by calculating
X bAD).

We will use an exponential smoothing procedure to compute the esti-
mated probabilities in the vector p(7"). Suppose that we are at the end of
time period ¢ and the current observation y; is known. Let u,(7T) be an
indicator variable defined as follows:

(T) = 1 ifB,_, <y; <B,
“i ~ 10 otherwise

So the indicator variable u,(T) is equal to unity if the observation y; in
period T falls in the kth bin. Note that Z;l u, () is the total number of
observations that fell in the kth bin during the time periods ¢t = 1,2, ..., T.
Define the n X 1 observation vector u(7) as

u,(T)
u(T) = [
u,(T)
This vector will have n — 1 elements equal to zero and one element equal to

unity. The exponential smoothing procedure for revising the probabilities
Di(T — 1) given that we have a new observation y is

(M) =Au(T)+ A = )p(T—-1), k=1,2,...,n (7.23)

where 0 < 4 < 1 is the smoothing constant. In vector form, Eq. (7.23) for
updating the probabilities is

P(T) = A (T) + (1 = )P (T - 1)

This smoothing procedure produces an unbiased estimate of the proba-
bilities p,. Furthermore, because u,(T') is a Bernoulli random variable with
parameter p,, the variance of p,(T) is

V[ﬁk(T)] = Pk(l _Pk)

2-1
Starting estimates or initial values of the probabilities at time 7 = 0 are
required. These starting values p,(0), k =1, 2,...,n could be subjective
estimates or they could be obtained from an analysis of historical data.
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The estimated probabilities can be used to obtain estimates of specific
percentiles of the distribution of the variable y,. One way to do this would
be to estimate the cumulative probability distribution of y, at time T as
follows:

0, ify < B,
k

Fo)=4 2. pT). ify=B.k=12..n
j=1
I, ify>B,

The values of the cumulative distribution could be plotted on a graph
with F(y) on the vertical axis and y on the horizontal axis and the points
connected by a smooth curve. Then to obtain an estimate of any specific
percentile, say, F -y = 1 =7, all you would need to do is determine the
value of y on the horizontal axis corresponding to the desired percentile
1 —y on the vertical axis. For example, to find the 95th percentile of the
distribution of y, find the value of y on the horizontal axis that corresponds
to 0.95 on the vertical axis. This can also be done mathematically. If
the desired percentile 1 — y exactly matches one of the bin limits so that
F(B,) =1 —y, then the solution is easy and the desired percentile estimate
is 1—, = B,. However, if the desired percentile 1 — y is between two of the
bin limits, say, F(B,_,) < 1 —y < F(B,), then interpolation is required. A
linear interpolation formula is

ja _ [F(Bk) -- V)]Bk_l +[(1-y)— F(Bk_l)]Bk

7.24
i F(B,) — F(By_,) (7.24)

In the extreme tails of the distribution or in cases where the bins are very
wide, it may be desirable to use a nonlinear interpolation scheme.

Example 7.6 A financial institution is interested in forecasting the num-
ber of new automobile loan applications generated each week by a par-
ticular business channel. The information in Table 7.7 is known at the
end of week T — 1. The next-to-last column of this table is the cumulative
distribution of loan applications at the end of week 7" — 1. This cumulative
distribution is shown in Figure 7.10.

Suppose that 74 loan applications are received during the current
week, 7. This number of loan applications fall into the eighth bin (k =7
in Table 7.7). Therefore we can construct the observation vector u(7)



516 SURVEY OF OTHER FORECASTING METHODS

as follows:

w(7T) =

S OO OO OO O OO

TABLE 7.7 Distribution of New Automobile Loan Applications

F(By), at the end F(By), at the end

k B4 By DT =1) of week T — 1 of week T — 1
0 0 10 0.02 0.02 0.018
1 10 20 0.04 0.06 0.054
2 20 30 0.05 0.11 0.099
3 30 40 0.05 0.16 0.144
4 40 50 0.09 0.25 0.225
5 50 60 0.10 0.35 0.315
6 60 70 0.13 0.48 0.432
7 70 80 0.16 0.64 0.676
8 80 90 0.20 0.84 0.856
9 90 100 0.10 0.94 0.946

10 100 110 0.06 1.00 1.000

1.2
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FIGURE 7.10 Cumulative distribution of the number of loan applications, week
T-1.
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Equation (7.23) is now used with 4 = 0.10 to update the probabilities:
P(T) = Au (T)+ (1 = Hp(T - 1)

0 [0.02] [0.018]
0 0.04| |0.036
0 0.05| |0.045
0 0.05| [0.045
0 0.09| |0.081
=0.1{0{+0.9]0.10| =] 0.090
0 0.13| |o0.117
1 0.16| |0.244
0 0.20| [0.180
0 0.10| 0.090
0] 0.06] |0.054]

Therefore the new cumulative distribution of loan applications is found by
summing the cumulative probabilities in p,(7 — 1):

[0.018]
0.054
0.099
0.144
0.225

F(B,) =|0.315
0.432
0.676
0.856
0.946

[ 1.000

These cumulative probabilities are also listed in the last column of
Table 7.7. The graph of the updated cumulative distribution is shown in
Figure 7.11.

Now suppose that we want to find the number of loan applications that
corresponds to a particular percentile of this distribution. If this percentile
corresponds exactly to one of the cumulative probabilities, such as the 67.6
th percentile, the problem is easy. From the last column of Table 7.7 we
would find that

F 0.676 = 80

That is, in about two of every three weeks we would expect to have 80 or
fewer loan applications from this particular channel. However, if the desired
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FIGURE 7.11 Cumulative distribution of the number of loan applications,
week T.

percentile does not correspond to one of the cumulative probabilities in
the last column of Table 7.7, we will need to interpolate using Eq. (7.24).
For instance, if we want the 75th percentile, we would use Eq. (7.24) as
follows:

£ [F(By) — (0.75)1B_; + [(0.75) — [F(B,_;)1By

_(0.856 — 0.75)90 + (0.75 — 0.676)80
B 0.856 — 0.676
= 85.89 ~ 86

Therefore, in about three of every four weeks, we would expect to have
approximately 86 or fewer loan applications from this loan channel.

7.5 COMBINING FORECASTS TO IMPROVE
PREDICTION PERFORMANCE

Readers have been sure to notice that any time series can be modeled and
forecast using several methods. For example, it is not at all unusual to
find that the time series y,, t = 1,2, ..., which contains a trend (say), can
be forecast by both an exponential smoothing approach and an ARIMA
model. In such situations, it seems inefficient to use one forecast and ignore
all of the information in the other. It turns out that the forecasts from the
two methods can be combined to produce a forecast that is superior in
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terms of forecast error than either forecast alone. For a review paper on the
combination of forecasts, see Clemen (1989).

Bates and Granger (1969) suggested using a linear combination of the
two forecasts. Let $, 7, .(T) and 9, 7, .(T) be the forecasts from two differ-
ent methods at the end of time period 7 for some future period 7 + 7 for
the time series y,. The combined forecast is

371e = k91 14 (D) + ko5 71 (T) (7.25)

where k; and k, are weights. If these weights are chosen properly, the
combined forecast §7., - can have some nice properties. Let the two indi-
vidual forecasts be unbiased. Then we should choose k, = 1 — k; so that the
combined forecast will also be unbiased. Let k = k; so that the combined
forecast is

¥ = k911 (T) + (1 = k)95 1 (T) (7.26)

Let.the error fr.om the combineFl forecastbe 7., (T) = yr., — 37, .(T). The
variance of this forecast error is

Vareg. (T)] = Var|yz,, = 35, .(T)]
= Varlke, 7, .(T) + (1 = k)e, 7, (T)]
= kzalz +(1 - k)20§ + 2k(1 = k)po, 0,

where e, 7, (T) and ey, . (T) are the forecast errors in period 7 + 7 for
the two individual forecasting methods, o-f and o-% are the variances of the
individual forecast errors for the two forecasting methods, and p is the
correlation between the two individual forecast errors. A good combined
forecast would be one that minimizes the variance of the combined forecast
error. If we choose the weight k equal to

2
05 — P00,
* = 2
: 62+ 062 —2po,0 (7.27)
1 2 12

this will minimize the variance of the combined forecast error. By choosing
this value for the weight, the minimum variance of the combined forecast
error is equal to

o203(1 - p?)

(7.28)
0'12 + 0'5 —2p0,0,

Min Var [¢5, (T)] =

and this minimum variance of the combined forecast error is less than or
equal to the minimum of the variance of the forecast errors of the two
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individual forecasting methods. That is,
: c . 2 2
Min Var [eT+T(T)] < min (01 , 0'2)

It turns out that the variance of the combined forecast error depends
on the correlation coefficient. Let af be the smaller of the two individual
forecast error variances. Then we have the following:

1. If p = 6, /0, then Min Var [¢5, (T)] = o7.

2. If p =0, then Var [ef., (T)] = 61263/(612 + 6%).
3. If p > —1, then Var [¢5, (T)] — 0.

4.1f p — 1, then Var [¢, (T)] = 0if o7 # o5.

Clearly, we would be happiest if the two forecasting methods have
forecast errors with large negative correlation. The best possible case is
when the two individual forecasting methods produce forecast errors that
are perfectly negatively correlated. However, even if the two individual
forecasting methods have forecast errors that are positively correlated, the
combined forecast will still be superior to the individual forecasts, provided
that p # o0, /0,.

Example 7.7  Suppose that two forecasting methods can be used for
a time series, and that the two variances of the forecast errors are
o7 =20 and o5 = 40. If the correlation coefficient p = —0.6, then we can
calculate the optimum value of the weight from Eq. (7.27) as follows:

2

24 2
o) + 05 —2po,0,

40 — (—0.6)4/(40)(20)

" 40+ 20— 2(~0.6)\/@0)20)
_56.9706

"~ 93.9411
= 0.6065

So the combined forecasting equation is
7., = 0.60659, 1, (T) + 0.39359, 1, .(T)

Forecasting method one, which has the smallest individual forecast error
variance, receives about 1.5 times the weight of forecasting method two.
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The variance of the forecast error for the combined forecast is computed
from Eq. (7.28):

o7o5(1 = p?)
612 + 0'3 —2p0o,0,
_ 20)“0)[1 - (—0.6)]
20 + 40 — 2(=0.6)1/20)(40)

512

= 93.9411
=545

Min Var [e‘li +T(T)] =

This is a considerable reduction in the variance of forecast error. If the
correlation had been positive instead of negative, then

2
K = 62 — po,0;)

6% + 0'5 —2p0o,0,
40 -(0.6)1/(40)(20)
40 + 20 — 2(0.6)4/(40)(20)

_23.0294

"~ 26.0589
=(.8837

Now forecasting method one, which has the smallest variance of forecast
error, receives much more weight. The variance of the forecast error for
the combined forecast is

oro3(1 - p?)
O'f + 0'22 - 2p0,0,
_ (20)(40)[1 - (0.6)?]
20+ 40 — 2(0.6)1/(20)(30)

512

~ 26.0589
= 19.6478

Min Var [, (T)] =

In this situation, there is very little improvement in the forecast error
resulting from the combination of forecasts.

Newbold and Granger (1974) have extended this technique to the com-
bination of n forecasts. Let 5’[,T (D), i=1,2,...,n be the n unbiased
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forecasts at the end of period T for some future period 7 + 7 for the time
series y,. The combined forecast is

9542 (T) = D k9o (T)
i=1
= k,yT+T(T)

where k' = [k, k,, ..., k,] is the vector of weights, and A (D) is a vector
of the individual forecasts. We require that all of the weights 0 <k; <1
and Z:’zl k; = 1. The variance of the forecast error is minimized if the

weights are chosen as

L T
3.0

where X, (T) is the covariance matrix of the lead 7 forecast errors given
by

Y. (T) = Eler, (1)1, ()]

1" =[1,1,..., 1] is a vector of ones, and e, (T) = y;,, 1 — ¥, (T) is a
vector of the individual forecast errors.

The elements of the covariance matrix are usually unknown and will
need to be estimated. This can be done by straightforward methods for
estimating variances and covariances (refer to Chapter 2). It may also
be desirable to regularly update the estimates of the covariance matrix
so that these quantities reflect current forecasting performance. Newbold
and Granger (1974) suggested several methods for doing this, and Mont-
gomery, Johnson, and Gardiner (1990) investigate several of these methods.
They report that a smoothing approach for updating the elements of the
covariance matrix seems to work well in practice.

7.6 AGGREGATION AND DISAGGREGATION OF FORECASTS

Suppose that you wish to forecast the unemployment level of the state
in which you live. One way to do this would be to forecast this quantity
directly, using the time series of current and previous unemployment data,
plus any other predictors that you think are relevant. Another way to do
this would be to forecast unemployment at a substate level (say, by county
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and/or metropolitan area), and then to obtain the state level forecast by
summing up the forecasts for each substate region. Thus individual fore-
casts of a collection of subseries are aggregated to form the forecasts of
the quantity of interest. If the substate level forecasts are useful in their
own right (as they probably are), this second approach seems very useful.
However, there is another way to do this. First, forecast the state level
unemployment and then disaggregate this forecast into the individual sub-
state level regional forecasts. This disaggregation could be accomplished
by multiplying the state level forecasts by a series of indices that reflect the
proportion of total statewide unemployment that is accounted for by each
region at the substate level. These indices also evolve with time, so it will
be necessary to forecast them as well as part of a complete system.

This problem is sometimes referred to as the top—down versus bottom—
up forecasting problem. In many, if not most, of these problems, we are
interested in both forecasts for the top level quantity (the aggregate time
series) and forecasts for the bottom level time series that are the components
of the aggregate.

This leads to an obvious question: is it better to forecast the aggregate or
top level quantity directly and then disaggregate, or to forecast the individ-
ual components directly and then aggregate them to form the forecast of
the total? In other words, is it better to forecast from the top down or from
the bottom up? The literature in statistical forecasting, business forecasting
and econometrics, and time series analysis suggests that this question is
far from settled at either the theoretical or empirical levels. Sometimes the
aggregate quantity is more accurate than the disaggregated components,
and sometimes the aggregate quantity is subject to less measurement error.
It may be more complete and timely as well, and these aspects of the
problem should encourage those who consider forecasting the aggregate
quantity and then disaggregating. On the other hand, sometimes the bot-
tom level data is easier to obtain and is at least thought to be more timely
and accurate, and this would suggest that a bottom—up approach would be
superior to the top—down approach.

In any specific practical application it will be difficult to argue on the-
oretical grounds what the correct approach should be. Therefore, in most
situations, this question will have to be settled empirically by trying both
approaches. With modern computer software for time series analysis and
forecasting, this is not difficult. However, in conducting such a study itis a
good idea to have an adequate amount of data for identifying and fitting the
time series models for both the top level series and the bottom level series,
and a reasonable amount of data for testing the two approaches. Obviously,
data splitting should be done here, and the data used for model building
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should not be used for investigating forecasting model performance. Once
an approach is determined, the forecasts should be carefully monitored
over time to make sure that the dynamics of the problem have not changed,
and that the top—down approach that was found to be optimal in testing
(say) is now no longer as effective as the bottom—up approach. The meth-
ods for monitoring forecasting model performance presented in Chapter 2
are useful in this regard.

There are some results available about the effect of adding time series
together. This is a special case of a more general problem called temporal
aggregation, in which several time series may be combined as, for instance,
when monthly data are aggregated to form quarterly data. For example,
suppose that we have a top level time series Y, that is the sum of two
independent time series y;, and y,,, and let us assume that both of the
bottom level time series are moving average (MA) processes of orders g,
and g,, respectively. So, using the notation for ARIMA models introduced
in Chapter 5, we have

Y[ = 91 (B)at + 02(3)[9[

where g, and b, are independent white noise processes. Now let g be the
maximum of g, and ¢,. The autocorrelation function for the top level time
series Y, must be zero for all of the lags beyond ¢q. This means that there is
a representation of the top level time series as an MA process

Y, = 0;(B)u,

where u, is white noise. This moving average process has the same order
as the higher order bottom level time series.
Now consider the general ARIMA(p,, d, g,) model

¢, (B)Vy, = 6,(B)a,

and suppose that we are interested in the sum of two time series z, = y, + w,.
A practical situation where this occurs, in addition to the top—down versus
bottom—up problem, is when the time series y, we are interested in cannot
be observed directly and w, represents added noise due to measurement
error. We want to know something about the nature of the sum of the two
series, z,. The sum can be written as

¢, (B)V?z, = 0,(B)a, + ¢,(B)Vw,

Assume that the time series w, can be represented as a stationary
ARMA(p,, 0, g,) model

h,(B)w, = 0,(B)b,
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where b, is white noise independent of a,. Then the top level time series is
¢\ (B)y(B)\Vz, = ¢,(B)O, (B)a, + ¢ (B)O,(B)V'b,

The term on the left-hand side is a polynomial of order P = p, + p,, the
first term on the right-hand side is a polynomial of order g, + p,, and the
second term on the right-hand side is a polynomial of order p, + g, + d.
Let Q be the maximum of g, + p, and p, + g, + d. Then the top level time
series is an ARIMA(P, d, Q) model, say,

$3(B)V?z, = 03(B)u,
where u, is white noise.

Example 7.8  Suppose that we have a time series that is represented by
an IMA(1, 1) model, and to this time series is added white noise. This could
be a situation where measurements on a periodic sample of some charac-
teristic in the output of a chemical process are made with a laboratory pro-
cedure, and the laboratory procedure has some built-in measurement error,
represented by the white noise. Suppose that the underlying IMA(1, 1)
model is

Vi =Yi1 —0.6a,_, +a,
Let D, be the first difference of the observed time series z, = y, + w,, where
w, is white noise:
D=z -z,
= (1 =0B)a, + (1 — B)w,

The autocovariances of the differenced series are

Yo =0.(1+6%) + 20,
2
w

=0, j=2

7= —aﬁ@ -0

Because the autocovariances at and beyond lag 2 are zero, we know that
the observed time series will be IMA(1, 1). In general, we could write
this as

_ *
=1~ 0 u_y+u,
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where the parameter 6* is unknown. However, we can find 8* easily. The
autocovariances of the first differences of this observed time series are

Yo =0.(1+6")
yj = O’ ] Z 2
Now all we have to do is to equate the autocovariances for this observed

series in terms of the parameter 8* with the autocovariances of the time
series D, and we can solve for * and 03. This gives the following:

0* 0.6
1-0* 1-0.6+02/c?
2
2 _ 200
u a 9*2

Suppose that 62 =2 and 62 = 1. Then it turns out that the solution is
0* = 0.4 and 63 = 4.50. Adding the measurement error from the laboratory
procedure to the original sample property has inflated the variability of the
observed value rather considerably over the original variability that was
present in the sample property.

7.7 NEURAL NETWORKS AND FORECASTING

Neural networks, or more accurately artificial neural networks, have
been motivated by the recognition that the human brain processes infor-
mation in a way that is fundamentally different from the typical digital
computer. The neuron is the basic structural element and information-
processing module of the brain. A typical human brain has an enormous
number of them (approximately 10 billion neurons in the cortex and 60 tril-
lion synapses or connections between them) arranged in a highly complex,
nonlinear, and parallel structure. Consequently, the human brain is a very
efficient structure for information processing, learning, and reasoning.
An artificial neural network is a structure that is designed to solve
certain types of problems by attempting to emulate the way the human
brain would solve the problem. The general form of a neural network is a
“black-box” type of model that is often used to model high-dimensional,
nonlinear data. In the forecasting environment, neural networks are some-
times used to solve prediction problems instead of using a formal model
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building approach or development of the underlying knowledge of the sys-
tem that would be required to develop an analytical forecasting procedure.
If it was a successful approach that might be satisfactory. For example,
a company might want to forecast demand for its products. If a neural
network procedure can do this quickly and accurately, the company may
have little interest in developing a specific analytical forecasting model to
do it. Hill et al. (1994) is a basic reference on artificial neural networks and

forecasting.
Multilayer feedforward artificial neural networks are multivariate sta-
tistical models used to relate p predictor variables x;, x,, ... , X, to one

or more output or response variables y. In a forecasting application, the
inputs could be explanatory variables such as would be used in a regres-
sion model, and they could be previous values of the outcome or response
variable (lagged variables). The model has several layers, each consisting
of either the original or some constructed variables. The most common
structure involves three layers: the inputs, which are the original predic-
tors; the hidden layer, comprised of a set of constructed variables; and the
output layer, made up of the responses. Each variable in a layer is called a
node. Figure 7.12 shows a typical three-layer artificial neural network for
forecasting the output variable y in terms of several predictors.

A node takes as its input a transformed linear combination of the outputs
from the nodes in the layer below it. Then it sends as an output a transfor-
mation of itself that becomes one of the inputs to one or more nodes on the
next layer. The transformation functions are usually either sigmoidal (S
shaped) or linear and are usually called activation functions or transfer

Inputs Hidden layer Output layer

\\
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X1t

X1

X
%
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X

X2t

\
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FIGURE 7.12 Artificial neural network with one hidden layer.



528 SURVEY OF OTHER FORECASTING METHODS

functions. Let each of the k hidden layer nodes a, be a linear combination
of the input variables:

P
au = Z leu.xj + Gu
=

where the wy;, are unknown parameters that must be estimated (called
weights) and 6, is a parameter that plays the role of an intercept in linear
regression (this parameter is sometimes called the bias node).

Each node is transformed by the activation function g( ). Much of the
neural networks literature refers to these activation functions notationally
as o, because of their S shape (the use of ¢ is an unfortunate choice of
notation so far as statisticians are concerned). Let the output of node a, be
denoted by z, = g(a,). Now we form a linear combination of these outputs,
say, b = Zﬁzl w2, Finally, the output response or the predicted value
for y is a transformation of the b, say, y = g(b), where g(b) is the activation
function for the response.

The response variable y is a transformed linear combination of the
original predictors. For the hidden layer, the activation function is often
chosen to be either a logistic function or a hyperbolic tangent function.
The choice of activation function for the output layer often depends on the
nature of the response variable. If the response is bounded or dichotomous,
the output activation function is usually taken to be sigmoidal, while if it
is continuous, an identity function is often used.

The neural network model is a very flexible form containing many
parameters, and it is this feature that gives a neural network a nearly
universal approximation property. That is, it will fit many historical data
sets very well. However, the parameters in the underlying model must be
estimated (parameter estimation is called “training” in the neural network
literature), and there are a lot of them. The usual approach is to estimate the
parameters by minimizing the overall residual sum of squares taken over all
responses and all observations. This is a nonlinear least squares problem,
and a variety of algorithms can be used to solve it. Often a procedure
called backpropagation (which is a variation of steepest descent) is used,
although derivative-based gradient methods have also been employed. As
in any nonlinear estimation procedure, starting values for the parameters
must be specified in order to use these algorithms. It is customary to
standardize all the input variables, so small essentially random values are
chosen for the starting values.

With so many parameters involved in a complex nonlinear function,
there is considerable danger of overfitting. That is, a neural network will
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provide a nearly perfect fit to a set of historical or “training” data, but it
will often predict new data very poorly. Overfitting is a familiar problem
to statisticians trained in empirical model building. The neural network
community has developed various methods for dealing with this prob-
lem, such as reducing the number of unknown parameters (this is called
“optimal brain surgery”), stopping the parameter estimation process before
complete convergence and using cross-validation to determine the number
of iterations to use, and adding a penalty function to the residual sum
of squares that increases as a function of the sum of the squares of the
parameter estimates.

There are also many different strategies for choosing the number of
layers and number of neurons and the form of the activation functions.
This is usually referred to as choosing the network architecture. Cross-
validation can be used to select the number of nodes in the hidden layer.

Artificial neural networks are an active area of research and application
in many fields, particularly for the analysis of large, complex, highly
nonlinear problems. The overfitting issue is frequently overlooked by
many users and even the advocates of neural networks, and because many
members of the neural network community do not have sound training
in empirical model building, they often do not appreciate the difficulties
overfitting may cause. Furthermore, many computer programs for imple-
menting neural networks do not handle the overfitting problem particularly
well. Studies of the ability of neural networks to predict future values of a
time series that were not used in parameter estimation (fitting) have been,
in many cases, disappointing. Our view is that neural networks are a com-
plement to the familiar statistical tools of forecasting, and they might be
one of the approaches you should consider, but they are not a replacement
for them.

7.8 SPECTRAL ANALYSIS

This book has been focused on the analysis and modeling of time series in
the time domain. This is a natural way to develop models, since time series
all are observed as a function of time. However, there is another approach
to describing and analyzing time series that uses a frequency domain
approach. This approach consists of using the Fourier representation of a
time series, given by

a

y, = Z a, sinQ2zf, 1) + by cos(2xf; ) (7.29)
k=1
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where f;, = k/T. This model is named after J.B.J Fourier, an 18" century
French mathematician, who claimed that any periodic function could be
represented as a series of harmonically related sinusoids. Other contrib-
utors to Fourier analysis include Euler, D. Bernoulli, Laplace, Lagrange,
and Dirichlet. The original work of Fourier was focused on phenomena
in continuous time, such as vibrating strings, and there are still many
such applications today from such diverse fields as geophysics, oceanogra-
phy, atmospheric science, astronomy, and many disciplines of engineering.
However, the key ideas carry over to discrete time series. We confine our
discussion to stationary discrete time series.
Computing the constants a; and b, turns out to be quite simple:

T
a, = % Y cosxfi) (7.30)
k=1
and
) T
bi=% ’; sin(27f, 1) (7.31)

These coefficients are combined to form a periodogram
1) = L (a2 + 12 7.32
(fk)_E(ak-i_ 0) (7.32)

The periodogram is then usually smoothed and scaled to produce the spec-
trum or a spectral density function. The spectral density function is just
the Fourier transform of the autocorrelation function, so it conveys sim-
ilar information as is found in the autocorrelations. However, sometimes
the spectral density is easier to interpret than the autocorrelation function
because adjacent sample autocorrelations can be highly correlated while
estimates of the spectrum at adjacent frequencies are approximately inde-
pendent. Generally, if the frequency k/T is important then I(f,) will be
large, and if the frequency k/T is not important then /(f,) will be small.
It can be shown that

T
D If) =0’ (7.33)
k=1

where 62 is the variance of the time series. Thus the spectrum decomposes
the variance of the time series into individual components, each of which is
associated with a particular frequency. So we can think of spectral analysis
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I(fy)

Frequency

FIGURE 7.13 The spectrum of a white noise process.

as an analysis of variance technique. It decomposes the variability in the
time series by frequency.

It is helpful to know what the spectrum looks like for some simple
ARMA models. If the time series white noise (uncorrelated observations
with constant variance ¢2), it can be shown that the spectrum is a horizontal
straight line as shown in Figure 7.13. This means that the contribution to
the variance at all frequencies is equal. A logical use for the spectrum is
to calculate it for the residuals from a time series model and see if the
spectrum is reasonably flat.

Now consider the AR(1) process. The shape of the spectrum depends
on the value of the AR(1) parameter ¢p. When ¢ > 0, which results in a
positively autocorrelated time series, the spectrum is dominated by low-
frequency components. These low-frequency or long-period components
result in a relative smooth time series. When ¢ < 0, the time series is
negatively autocorrelated, and the time series has a more ragged or volatile
appearance. This produces a spectrum dominated by high-frequency or
short-period components. Examples are shown in Figure 7.14.

I(f) I(fy)

) 7
Frequency Frequency

FIGURE 7.14 The spectrum of AR(1) processes.
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1(f) I(f)

Frequency Frequency

FIGURE 7.15 The spectrum of MA(1) processes.

The spectrum of the MA(1) process is shown in Figure 7.15. When
the MA(1) parameter is positive, that is, when 8 > 0, the time series is
negatively autocorrelated and has a more volatile appearance. Thus the
spectrum is dominated by higher frequencies. When the MA(1) parameter
is negative (6 > 0), the time series is negatively autocorrelated and has a
smoother appearance. This results in a spectrum that is dominated by low
frequencies.

The spectrum of seasonal processes will exhibit peaks at the harmoni-
cally related seasonal frequencies. For example, consider the simple sea-
sonal model with period 12, as might be used to represent monthly data
with an annual seasonal cycle:

(1- d)*B]z)yz =&

If ¢* is positive, the spectrum will exhibit peaks at frequencies 0 and
27kt /12, k= 1,2,3,4,5,6. Figure 7.16 shows the spectrum.

T T T T T T
T

0 28 47 6 8% 105 %

Frequency

FIGURE 7.16 The spectrum of the seasonal (1 — ¢*B'?)y, = ¢, process.



SPECTRAL ANALYSIS 533

Fisher’s Kappa statistic tests the null hypothesis that the values in the
series are drawn from a normal distribution with variance 1 against the
alternative hypothesis that the series has some periodic component. The test
statistic kappa (k) is the ratio of the maximum value of the periodogram,
I(f;), to its average value. The probability of observing a larger Kappa if
the null hypothesis is true is given by

q (q ]k g-1
Pk>k=1- j;)(_l)] <]> [max <1 - ;0)]

where k is the observed value of the kappa statistic, ¢ = T/2 if T is even
and g = (T — 1)/2 if T is odd. The null hypothesis is rejected if the com-
puted probability is less that the desired significance level. There is also
a Kolmogorov—Smirnov test due to Bartlett that compares the normal-
ized cumulative periodogram to the cumulative distribution function of the
uniform distribution on the interval (0, 1). The test statistic equals the max-
imum absolute difference of the cumulative periodogram and the uniform
CDF. If this quantity exceeds a/ \/5, then we should reject the hypothesis
that the series comes from a normal distribution. The values a = 1.36 and
a = 1.63 correspond to significance levels of 0.05 and 0.01, respectively.
In general, we have found it difficult to determine the exact form of an
ARIMA model purely from examination of the spectrum. The autocorre-
lation and partial autocorrelation functions are almost always more useful
and easier to interpret. However, the spectrum is a complimentary tool and
should always be considered as a useful supplement to the ACF and PACF.
For further reading on spectral analysis and its many applications, see Jenk-
ins and Watts (1969), Percival and Walden (1992), and Priestley (1991).

Example 7.9 JMP can be used to compute and display the spectrum
for time series. We will illustrate the JMP output using the monthly US
beverage product shipments. These data are shown originally in Figure 1.5
and are in Appendix Table B. These data were also analyzed in Chapter 2 to
illustrate decomposition techniques. Figure 7.17 presents the JMP output,
including a time series plot, the sample ACF, PACF, and variogram, and
the spectral density function. Notice that there is a prominent peak in the
spectral density at frequency 0.0833 that corresponds to a seasonal period
of 12 months. The JMP output also provides the Fisher kappa statistic and
the P-value indicates that there is at least one periodic component. The
Bartlett Kolmogorov—Smirnov test statistic is also significant at the 0.01
level indicating that the data do not come from a normal distribution.
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FIGURE 7.17 JMP output showing the spectrum, ACF, PACF, and variogram
for the beverage shipment data.
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FIGURE 7.17 (Continued)

7.9 BAYESIAN METHODS IN FORECASTING

In many forecasting problems there is little or no historical information
available at the time initial forecasts are required. Consequently, the initial
forecasts must be based on subjective considerations. As information
becomes available, this subjective information can be modified in light
of actual data. An example of this is forecasting demand for seasonal
clothing, which, because of style obsolescence, has a relatively short
life. In this industry a common practice is to, at the start of the season,
make a forecast of total sales for a product during the season and then
as the season progresses the original forecast can be modified taking into
account actual sales.

Bayesian methods can be useful in problems of this general type. The
original subjective estimates of the forecast are translated into subjective
estimates of the forecasting model parameters. Then Bayesian methods
are used to update these parameter estimates when information in the form
of time series data becomes available. This section gives a brief overview
of the Bayesian approach to parameter estimation and demonstrates the
methodology with a simple time series model.

The method of parameter estimation makes use of the Bayes’ theorem.
Let y be a random variable with probability density function that is charac-
terized by an unknown parameter 6. We write this density as f(v|€) to show
that the distribution depends on 8. Assume that 6 is a random variable with
probability distribution /((8) which is called the prior distribution for 6.
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The prior distribution summarizes the subjective information that we have
about @, and the treatment of 8 as a random variable is the major difference
between Bayesian and classical methods of estimation. If we are relatively
confident about the value of & we should choose prior distribution with a
small variance and if we are relatively uncertain about the value of 8 we
should choose prior distribution with a large variance.

In a time series or forecasting scenario, the random variable y is a
sequence of observations, say y;, ¥, ... , yy. The new estimate of the param-
eter § will be in the form of a revised distribution, /,(0]y), called the poste-
rior distribution for 6. Using Bayes’ theorem the posterior distribution is

ho(O) (¥10) — _ ho(0)f(y]0)

hy(6ly) = -
O = Ol ~ 20

(7.34)

where f(y|0) is usually called the likelihood of y, given the value of 6,
and g(y) is the unconditional distribution of y averaged over all 6. If the
parameter 6 is a discrete random variable then the integral in Eq. (7.34)
should be replaced by a summation sign. This equation basically blends
the observed information with the prior information to obtain a revised
description of the uncertainty in the value of 6 in the form of a posterior
probability distribution. The Bayes’ estimator of 6, which we will denote
by 0%, is defined as the expected value of the posterior distribution:

0" = /Ghl(ely)dO (7.35)
9

Typically we would use 6* as the estimate of 8 in the forecasting model.
In some cases, it turns out that 8 is optimal in the sense of minimizing the
variance of forecast error.

We will illustrate the procedure with a relatively simple example. Sup-
pose that y is normally distributed with mean u and variance ayz; that is,

(o} y

2
2 2\~1/2 1 (y—p
F010 = N(po07) = (207) ™ exp [‘z (24 ]
We will assume that 0}2, is known. The prior distribution for y is assumed
2.

to be normal with mean x’ and variance o,

2
' I\ — 1 _ /
ho(uly) = N(u',07, ) = (270} ) 2 exp 2 <M ; >

G,
"
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The posterior distribution of u given the observation y is
' o\—1/2
27 (0% 0?) eXp[ (u—u)/o} +(y— /4)/6]
S ' -1/2 /
S5 2m(0262) " exp [%(M — /62 +(y - /fl)/UyZ] dy

2y 2 0\ ~1/2 o ) 2 2
_ (27[ G, 0 ) exp [—l[(“_ (yaﬂ +MGy)/(O’M +6y)]

2/ 2 2 2 7( 2 2
o, to; 2 6”0')‘/(6” +0'y)

which is a normal distribution with mean and variance

2/ ’.2
Yo, +u oy

1
= E(uly) = 7 ¥ o2
and
o2 = V(uly) = %
H ai' + 0'}2,

respectively. Refer to Winkler (2003), Raiffa and Schlaifer (1961), Berger
(1985), and West and Harrison (1997) for more details of Bayesian
statistical inference and decision making and additional examples.

Now let us consider a simple time series model, the constant process,
defined in Eq. (4.1) as

yy=HUt+E

where p is the unknown mean and the random component is &,, which
we will assume to have a normal distribution with mean zero and known
variance o2 Consequently, we are assuming that the observation in any
period ¢ has a normal distribution, say

fOlw) =N(p,07)

Since the variance 0)2, is known, the problem is to estimate y.

Suppose that at the start of the forecasting process, time t = 0, we
estimate the mean demand rate to be x4’ and the variance o-ﬁ, captures the
uncertainty in this estimate. So the prior distribution for y is the normal
prior

ho(w) =N(i',07)
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After one period, the observation y, is known. The estimate ' and the
variance o2 can now be updated using the results obtained above for a
normal sampling process and a normal prior:

hy(uly;) = N[u" (1), 6% (1)]

where
2/ 1,2
- + u'o
u y
W) =E@uly) = —%——
o° +o0°
u y
and
y 0,0,
o, (1)=V(uly) = cfi'—-i-ayz

At the end of period 2, when the next observation y, becomes available,
the Bayesian updating process transforms /i (u|y;) into A, (u|y; y,) in the
following way:

hy(uly )f (v, | 1)
[ i ly f Gl ) p

hy(ulyy,y,) =

Here the old posterior /; is now used as a prior and combined with the
likelihood of y, to obtain the new posterior distribution of x at the end of
period 2. Using our previous results, we now have

hy(uly1,¥2) = N[u" (2), 6% (2)]
and
)70'/24 + y’(6§/2)
0'124' + (0'3/2)
62/0'2

o Moy
2) = V(uly,,y,) = ——2—
O-,M ( ) (:ulyl y2) 20_!24/ +6§

W' 2) = E(uly;,y,) =

where y = (y; +y,)/2. It is easy to show that &,(u|y,,y,) = h,(u|y); that
is, the same posterior distribution is obtained using the sample average y as
from using y, and y, sequentially because the sample average is a sufficient
statistic for estimating the mean .
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In general, we can show that after observing y;, we can calculate the
posterior distribution as

By (Y1, Yas - s y7) = NI (T), 6% (T)]

where
- 2
, yo, + ,u’(ay/T)
u(T)= > 5
o, + (O’y/T)
6% 62
on uy
T= —
% (D To? 402
" y

wherey = (y; +y, + -+ +y;)/T. The Bayes estimator of y after T periods
is u*(T) = u"(T). We can write this as

r '

*(T) = ——y 7.36
u (T) r+Ty+r+T'u (7.36)

where r = ayz / ai'. Consequently, the Bayes estimator of 4 is just a weighted
average of the sample mean and the initial subjective estimate x’. The Bayes
estimator can be written in a recursive form as

u(T) = ADyr +[1 = AMIp™(T - 1) (1.37)
where
ATy = ! 7
r+T ToZ +o}

Equation (7.36) shows that the estimate of the mean in period 7 is updated
ateach period by a form that is similar to first-order exponential smoothing.
However, notice that the smoothing factor A(T) is a function of 7, and it
becomes smaller as T increases. Furthermore, since aﬁ”(T) = A(T)a}z,, the
uncertainty in the estimate of the mean decreases to zero as time 7' becomes
large. Also, the weight given to the prior estimate of the mean decreases as
T becomes large. Eventually, as more data becomes available, a permanent
forecasting procedure could be adopted, perhaps involving exponential
smoothing. This estimator is optimal in the sense that it minimizes the
variance of forecast error even if the process is not normally distributed.
We assumed that the variance of the demand process was known, or at
least a reasonable estimate of it was available. Uncertainty in the value of
this parameter could be handled by also treating it as a random variable.
Then the prior distribution would be a joint distribution that would reflect
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the uncertainty in both the mean and the variance. The Bayesian updating
process in this case is considerably more complicated than in the known-
variance case. Details of the procedure and some useful advice on choosing
a prior are in Raiffa and Schlaifer (1961).

Once the prior has been determined, the forecasting process is relatively
straightforward. For a constant process, the forecasting equation is

Y14:(T) = p(T) = (1)

using the Bayes estimate as the current estimate of the mean. Our uncer-
tainty in the estimate of the mean is just the posterior variance. So the
variance of the forecast is

V7 (D] = o7, (T)
and the variance of forecast error is
Vs = 974D = VIe T+ D) = 0, + 0, (T) (7.38)

The variance of forecast error is independent of the lead time in the
Bayesian case for a constant process. If we assume that y and y are nor-
mally distributed, then we can use Eq. (3.38) to find a 100(1-a)% prediction
interval on the forecast V[§;,.(T)] as follows:

W(T) £ Z, /02 + 02 (T) (7.39)

where Z, /, is the usual /2 percentage point of the standard normal dis-
tribution.

Example 7.10  Suppose that we are forecasting weekly demand for a
new product. We think that demand is normally distributed, and that at
least in the short run that a constant model is appropriate. There is no
useful historical information, but a reasonable prior distribution for y is
N(100,25) and (73 is estimated to be 150. At time period 7' = 0 the forecast
for period 1 is

$,(0) = 100

The variance of forecast error is 150 + 25 = 175, so a 96% prediction
interval for y, is

100 + 1.96V175 or [74.1,125.9]
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Suppose the actual demand experienced in period 1 is y; = 86. We can use
Eq. (7.37) to update the estimate of the mean. First, calculate r = o'v2 / o-i' =

150/25 = 6 and A(1) = 1/(6 + 1) = 0.143, then
wr() =y (1) = Ay, +[1 = A(1)]1p*(0)
= 0.143(86) + (1 — 0.143)100
=98.0
and
aﬁ”(l) = /1(1)03

= (.143(150)
=214
The forecast for period 2 is now
¥,(1) =98.0

The corresponding 95% prediction interval for y, is

98.0 + 196V 150+ 214 or [72.3,123.7]

In time period the actual demand experienced is 94. Now A(2) = 1/(6 +
2) =0.125, and

w2 =pu"(2) = 22y, + [1 - A)u*(1)
=0.125(94) + (1 — 0.125)98.0
=975

So the forecast for period 3 is
¥;(3) =97.5
and the updated variance estimate is

o—ﬁ”(z) = M(2)o;
= 0.125(150)
=18.8

Therefore the 96% prediction interval for y; is

97.5+196Vv150+18.8 or [72.0,123.0]

This procedure would be continued until it seems appropriate to change
to a more permanent forecasting procedure. For example, a change to
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first-order exponential smoothing could be made when A(T) drop to a
target level, say 0.05 < A(T) < 0.1. Then after sufficient data has been
observed, an appropriate time series model could be fit to the data.

710 SOME COMMENTS ON PRACTICAL IMPLEMENTATION
AND USE OF STATISTICAL FORECASTING PROCEDURES

Over the last 35 years there has been considerable information accumu-
lated about forecasting techniques and how these methods are applied in
a wide variety of settings. Despite the development of excellent analytical
techniques, many business organizations still rely on judgment forecasts
by their marketing, sales, and managerial/executive teams. The empirical
evidence regarding judgment forecasts is that they are not as successful
as statistically based forecasts. There are some fields, such as financial
investments, where there is considerable strong evidence that this is so.
There are a number of reasons why we would expect judgment forecasts
to be inferior to statistical methods.

Inconsistency, or changing one’s mind for no compelling or obvious
reason, is a significant source of judgment forecast errors. Formalizing the
forecasting process through the use of analytical methods is one approach
to eliminating inconsistency as a source of error. Formal decision rules
that predict the variables of interest using relatively few inputs invariably
predict better than humans, because humans are inconsistent over time in
their choice of input factors to consider, and how to weight them.

Letting more recent events dominate one’s thinking, instead of weight-
ing current and previous experience more evenly, is another source of judg-
ment forecast errors. If these recent events are essentially random in nature,
they can have undue impact on current forecasts. A good forecasting sys-
tem will certainly monitor and evaluate recent events and experiences, but
will only incorporate them into the forecasts if there is sufficient evidence
to indicate that they represent real effects.

Mistaking correlation for causality can also be a problem. This is
the belief that two (or more) variables are related in a causal manner and
taking action on this, when the variables exhibit only a correlation between
them. It is not difficult to find correlative relationships; any two variables
that are monotonically related will exhibit strong correlation. So company
sales may appear to be related to some factor that over a short time period
is moving synchronously with sales, but relying on this as a causal rela-
tionship will lead to problems. The statistical significance of patterns and
relationships does not necessarily imply a cause-and-effect relationship.
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Judgment forecasts are often dominated by optimistic thinking. Most
humans are naturally optimistic. An executive wants sales for the product
line to increase because his/her bonus may depend on the results. A product
manager wants his/her product to be successful. Sometimes bonus payouts
are made for exceeding sales goals, and this can lead to unrealistically
low forecasts, which in turn are used to set the goals. However, unrealistic
forecasts, whether too high or too low, always result in problems down-
stream in the organization where forecast errors have meaningful impact
on efficiency, effectiveness, and bottom-line results.

Humans are notorious for underestimating variability. Judgment fore-
casts rarely incorporate uncertainty in any formal way and, as a result, often
underestimate its magnitude and impact. A judgment forecaster often com-
pletely fails to express any uncertainty in his/her forecast. Because all fore-
casts are wrong, one must have some understanding of the magnitude of
forecast errors. Furthermore, planning for appropriate actions in the face of
likely forecast error should be part of the decision-making process that is
driven by the forecast. Statistical forecasting methods can be accompanied
by prediction intervals. In our view, every forecast should be accompa-
nied by a PI that adequately expresses for the decision maker how much
uncertainty is associated with the point forecast.

In general, both the users of forecasts (decision makers) and the prepar-
ers (forecasters) have reasonably good awareness of many of the basic
analytical forecasting techniques, such as exponential smoothing and
regression-based methods. They are less familiar with time series mod-
els such as the ARIMA model, transfer function models, and other more
sophisticated methods. Decision makers are often unsatisfied with subjec-
tive and judgment methods and want better forecasts. They often feel that
analytical methods can be helpful in this regard.

This leads to a discussion of expectations. What kind of results can
one reasonably expect to obtain from analytical forecasting methods? By
results, we mean forecast errors. Obviously, the results that a specific fore-
caster obtains are going to depend on the specific situation: what variables
are being forecast, the availability and quality of data, the methods that can
be applied to the problem, and the tools and expertise that are available.
However, because there have been many surveys of both forecasters and
users of forecasts, as well as forecast competitions (e.g., see Makridakis
et al. (1993)) where many different techniques have been applied in head-
to-head challenges, some broad conclusions can be drawn.

In general, exponential smoothing type methods, including Winters’
method, typically experience mean absolute prediction errors ranging
from 10% to 15% for lead-one forecasts. As the lead time increases, the
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prediction error increases, with mean absolute prediction errors typically
in the 17-25% range at lead times of six periods. At 12 period lead times,
the mean absolute prediction error can range from 18% to 45%. More
sophisticated time series models such as ARIMA models are not usually
much better, with the mean absolute prediction error ranging from about
10% for lead-one forecasts, to about 17% for lead-six forecasts, and up
to 25% for 12 period lead times. This probably accounts for some of the
dissatisfaction that forecasters often express with the more sophisticated
techniques; they can be much harder to use, but they do not have substan-
tial payback in terms of reducing forecasting errors. Regression methods
often produce mean absolute prediction errors ranging from 12% to 18%
for lead-one forecasts. As the lead time increases, the prediction error
increases, with mean absolute prediction errors typically in the 17-20%
range for six period lead times. At 12 period lead times, the mean absolute
prediction error can range from 20% to 25%. Seasonal time series are often
easier to predict than nonseasonal ones, because seasonal patterns are rela-
tively stable through time, and relatively simple methods such as Winters’
method and seasonal adjustment procedures typically work very well as
forecasting techniques. Interestingly, seasonal adjustment techniques are
not used nearly as widely as we would expect, given their relatively good
performance.

When forecasting is done well in an organization, it is typically done
by a group of individuals who have some training and experience in the
techniques, have access to the right information, and have an opportunity
to see how the forecasts are used. If higher levels of management routinely
intervene in the process and use their judgment to modify the forecasts, it is
highly desirable if the forecast preparers can interact with these managers
to learn why the original forecasts require modification. Unfortunately, in
many organizations, forecasting is done in an informal way, and the fore-
casters are often marketing or sales personnel, or market researchers, for
whom forecasting is only a (sometimes small) part of their responsibili-
ties. There is often a great deal of turnover in these positions, and so no
long-term experience base or continuity builds up. The lack of a formal,
organized process is often a big part of the reason why forecasting is not
as successful as it should be.

Any evaluation of a forecasting effort in an organization should consider
at least the following questions:

1. What methods are being used? Are the methods appropriate to orga-
nizational needs, when planning horizons and other business issues
are taken into account? Is there an opportunity to use more than
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one forecasting procedure? Could forecasts be combined to improve
results?

2. Are the forecasting methods being used correctly?

3. Is an appropriate set of data being used in preparing the forecasts? Is
data quality an issue? Are the underlying assumptions of the meth-
ods employed satisfied at least well enough for the methods to be
successful?

4. Is uncertainty being addressed adequately? Are prediction intervals
used as part of the forecast report? Do forecast users understand the
PIs?

5. Does the forecasting system take economic/market forces into
account? Is there an ability to capitalize on current events, natural
forces, and swings in customer preferences and tastes?

6. Is forecasting separate from planning? Very often the forecast is
really just a plan or schedule. For example, it may reflect a production
plan, not a forecast of what we could realistically expect to sell (i.e.,
demand). Many individuals do not understand the difference between
a forecast and a plan.

In the short-to-medium term, most businesses can benefit by taking
advantage of the relative stability of seasonal patterns and the inertia present
in most time series of interest. These are the methods we have focused on
in this book.

711 R COMMANDS FOR CHAPTER 7

Example 7.11 The data for this example are in the array called pressure
.data of which the two columns represent the viscosity and the temperature,
respectively. To model the multivariate data we use the “VAR” function in
R package “vars.” But we first start with time series, acf, pacf, ccf plots as
suggested in the example

library (vars)

pf<-pressure.datal, 1]

pb<-pressure.datal, 2]

plot (pf, type="o",pch=16,cex=.5,xlab="Time', ylab='Pressure',ylim=
c(4,25))

lines (pb, type="o",pch=15,cex=.5, col="grey40")

legend(1l,7,c("Variable", "Front", "Back") ,
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pch=c(NA,16,15),1lwd=c(NA, .5, .5) ,cex=.55,col=c("black", "black",
||grey40n))

o] ot ﬂ};’vﬂaﬂ\%ﬁw"w}ﬂmwﬁﬂ

Time

res.pf<- as.vector (residuals (arima (pf,order=c(1,0,0))))

res.pb<- as.vector (residuals (arima (pb,order=c(1,0,0))))

par (mfrow=c (2,2) ,oma=c(0,0,0,0))

acf (pf, lag.max=25, type="correlation",main="ACF for Front
Pressure")

acf (pb, lag.max=25, type="correlation",main="PACF for Back
Pressure",ylab="PACF")

ccf (pb,pf,main="'CCF of \nFront and Back Pressures',ylab='CCF')

ccf (res.pb, res.pf,main="'CCF of Residuals for \nFront and Back
Pressures',ylab="'CCF')

ACF for front pressure PACF for back pressure
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We now fit a VAR(1) model to the data using VAR function:

> pressure.varl<-VAR (pressure.data)
> pressure.varl

VAR Estimation Results:

Call:
pfront = pfront.11l + pback.ll + const

pfront.11 pback.11 const
0.7329529 0.4735983 -6.7555089

Estimated coefficients for equation pback:

pback = pfront.11 + pback.ll + const

pfront.11 pback.11 const
0.4104251 -0.5606308 27.2369791

Note that there is also a VARselect function that will automatically select
the best p order of the VAR(p) model. In this case we tried p upto 5.

> VARselect (pressure.data, lag.max=5)

Sselection
AIC(n) HQ(n) SC(n) FPE(n)
1 1 1 1

Scriteria

1 2 3 4
AIC(n) 0.05227715 0.09275642 0.1241682 0.1639090
HQ(n) 0.09526298 0.16439946 0.2244684 0.2928665
SC(n) 0.15830468 0.26946896 0.3715657 0.4819916
FPE(n) 1.05367413 1.09722530 1.1322937 1.1783005

5
0.1882266
0.3458413
0.5769942
1.2074691

The output shows that VAR(1) was indeed the right choice. We now plot

the residuals.

plot (residuals (pressure.varl) [, 1] ,type="p",pch=15,cex=.5,xlab=

'"Time', ylab='Residuals',ylim=c(-3,3))

points (residuals (pressure.varl) [,2],pch=1,cex=.5, col="grey40")
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legend (100, 3,c("Residuals", "Front", "Back") ,
pch=c(NA,15,1),1lwd=c(NA, .5, .5) ,cex=.55,col=c ("black", "black",
||grey40n) )
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Example 7.12 The data for this example are in the array called
sp500.data of which the two columns represent the date and the S&P
500 closing values respectively. To model the multivariate data we use the
“garch” function in R package “tseries.” But we first start with time series,
acf, pacf plots as suggested in the example

library (tseries)

sp<-ts(sp500.datal,2])

logsp.dl<-diff (log(sp))

T<-length(logsp.dl)

plot (logsp.dl, type="0",pch=16,cex=.5,xlab="'Date', ylab='log(SP(t))
-log(SP(t-1))',xaxt="n")

lablist<-as.vector (sp500.datal[seq(1,T+1,40),1])

axis(l, seq(l,T+1,40), labels=FALSE)

text (seq(1l,T+1,40),par("usr") [3]1-.01, ,labels = lablist, srt = 45,
pos = 1, xpd = TRUE)
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Date

# ACF and PACF of the first difference of the log transformation
par (mfrow=c(1,2),oma=c(0,0,0,0))

acf (logsp.dl, lag.max=25, type="correlation",main="ACF of the wt")
acf (logsp.dl, lag.max=25,type="partial",main="PACF of the wt")

ACF of the wt PACF of the wt
o N
~ 7] O "Necuasmealesanaaaiiais
. o
© _| O
&5 ° 4 Lol |[ L
2 o] - N L
An | P N I T £
b R R e PG RS A O prospesoqescsssssencons
T T T T T 9 T T
0 5 10 15 20 25 5 10 15 20 25
Lag Lag

# ACF and PACF of the square of the first difference of the log

# transformation

par (mfrow=c(1,2) ,oma=c(0,0,0,0))

acf (logsp.dl1”2,lag.max=25, type="correlation",main="ACF of the wt”"2")
acf (logsp.dl”2, lag.max=25,type="partial",main="PACF of the wt"2")

ACF of the wt*2 PACF of the wt”"2

S
T w | o o B e e
Q | g - ‘

L o = o

2 . g | L |.l|I,I“|
s trit-tinmasy &5l [T |
O L PO O S R
T

0O 5 10 15 20 25 5 10 15 20 25
Lag Lag
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# Fit a GARCH(0,3) model
sp.arch3<-garch(logsp.dl
summary (sp.arch3)

Call:

garch (x = logsp.dil,

Model :
GARCH (0, 3)

Residuals:

, order

Min 1Q0 Median

-2.0351 -0.4486

Coefficient (s) :

0.3501

Estimate Std. Error

a0 2.376e-04 6.
al 2.869e-15 1
az 7.756e-02 8.
a3 9.941e-02 1

Signif. codes: 0

Diagnostic Tests:

292e-05

.124e-01

042e-02

.124e-01

N A

Jarque Bera Test

data: Residuals
X-squared = 0.431

6, df =

Box-Ljung test

data: Squared.Residuals

X-squared = 2.223

EXERCISES

7.1 Show that an AR(2) model can be represented in state space form.

7.2 Show that an MA(1) model can be written in state space form.

5, df =

= c(0,3),

order = cC

(o0,

30

0.8869

t value

3.
0.000
0.

0.884

.001

776

964

Yk ok s

3),

trace = FALSE)

trace = FALSE)

Max

2.9320

Pr(>|t|)

0.

1
0.
0

2, p-value

1, p-value

000159 **+*

.000000

334876

.376587

.01 '*’ 0.05

= 0.8059

= 0.1359

\

’

0.1

v

’

1

7.3 Consider the information on weekly spare part demand shown in
Table E7.1. Suppose that 74 requests for 55 parts are received during
the current week, 7. Find the new cumulative distribution of demand.
Use A =0.1. What is your forecast of the 70th percentile of the
demand distribution?

7.4 Consider the information on weekly luxury car rentals shown in
Table E7.2. Suppose that 37 requests for rentals are received during
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TABLE E7.1 Spare Part Demand Information for Exercise 7.3

F(By), at the end of

k B,_, B, (T —1) week T — 1
0 0 5 0.02 0.02
1 5 10 0.03 0.05
2 10 15 0.04 0.09
3 15 20 0.05 0.14
4 20 25 0.08 0.22
5 25 30 0.09 0.31
6 30 35 0.12 0.43
7 35 40 0.17 0.60
8 45 50 0.21 0.81
9 50 55 0.11 0.92

10 55 60 0.08 1.00

the current week, 7. Find the new cumulative distribution of demand.
Use 4 =0.1. What is your forecast of the 90th percentile of the
demand distribution?

7.5 Rework Exercise 7.3 using 4 = 0.4. How much difference does
changing the value of the smoothing parameter make in your esti-
mate of the 70th percentile of the demand distribution?

7.6 Rework Exercise 7.4 using A = 0.4. How much difference does
changing the value of the smoothing parameter make in your esti-
mate of the 70th percentile of the demand distribution?

TABLE E7.2 Luxury Car Rental Demand Information for Exercise 7.4

F(By), at the end of

k B,_, B, (T =1) week T — 1
0 0 5 0.06 0.06
1 5 10 0.07 0.13
2 10 15 0.08 021
3 15 20 0.09 0.30
4 20 25 0.15 0.45
5 25 30 0.22 0.67
6 30 35 0.24 0.91
7 35 40 0.05 0.96
8 45 50 0.04 1.00
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7.8

7.9

7.10

7.11

7.12

7.13
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Suppose that two forecasting methods can be used for a time series,
and that the two variances of the forecast errors are af = 10 and o-% =
25. If the correlation coefficient p = —0.75, calculate the optimum
value of the weight used to optimally combine the two individual
forecasts. What is the variance of the combined forecast?

Suppose that two forecasting methods can be used for a time series,
and that the two variances of the forecast errors are af =15 and ag =
20. If the correlation coefficient p = —0.4, calculate the optimum
value of the weight used to optimally combine the two individual
forecasts. What is the variance of the combined forecast?

Suppose that two forecasting methods can be used for a time series,
and that the two variances of the forecast errors are of = 8 and ag =
16. If the correlation coefficient p = —0.3, calculate the optimum
value of the weight used to optimally combine the two individual
forecasts. What is the variance of the combined forecast?

Suppose that two forecasting methods can be used for a time series,
and that the two variances of the forecast errors are 012 =1 and
ag = 8. If the correlation coefficient p = —0.65, calculate the opti-
mum value of the weight used to optimally combine the two indi-
vidual forecasts. What is the variance of the combined forecast?

Rework Exercise 7.8 assuming that p = 0.4. What effect does chang-
ing the sign of the correlation coefficient have on the weight used
to optimally combine the two forecasts? What is the variance of the
combined forecast?

Rework Exercise 7.9 assuming that p = 0.3. What effect does chang-
ing the sign of the correlation coefficient have on the weight used
to optimally combine the two forecasts? What is the variance of the
combined forecast?

Suppose that there are three lead-one forecasts available for a time
series, and the covariance matrix of the three forecasts is as follows:

10 -4 -2
., (D=|-4 6 -3
-2 -3 15

Find the optimum weights for combining these three forecasts. What
is the variance of the combined forecast?
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7.14 Suppose that there are three lead-one forecasts available for a time
series, and the covariance matrix of the three forecasts is as follows:

7.15

TABLE E7.3 Forecast Errors for Exercise 7.15

T () = -2

-1
-2
10

Find the optimum weights for combining these three forecasts.
What is the variance of the combined forecast?

Table E7.3 presents 25 forecast errors for two different forecasting
techniques applied to the same time series. Is it possible to com-
bine the two forecasts to improve the forecast errors? What is the
optimum weight for combining the forecasts? What is the variance

of the combined forecast?

Time period

Forecast errors, method 1

Forecast errors, method 2

0 1O\ AW

[ O T N I NS T NS T NS i N I e N e e e e e N
N WN—= OOV IANWNIAWN=~O\O

—0.78434
-0.31111
2.15622
—1.81293
—0.77498
2.31673
—0.94866
0.81314
—2.95718
0.08175
1.08915
—0.20637
0.57157
0.41435
0.47138
1.23274
—0.66288
1.71193
—2.00317
—2.87901
—2.87901
—-0.16103
2.12427
0.60598
0.18259

6.9668
4.5512
—1.2681
6.8967
1.6574
—8.7601
0.7472
—0.7457
—0.5355
—1.3458
—5.8232
1.2722
—2.4561
43111
5.9894
—6.8757
1.5996
10.5031
9.8664
3.0399
14.1992
9.0080
—0.4551
0.7123
1.7346
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7.16

7.17

7.18

7.19

7.20

7.21

7.22

7.23

7.24
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Show that when combining two forecasts, if the correlation between
the two sets of forecast errors is p = ¢, /0,, then Min Var [} (D] =

af, where of is the smaller of the two forecast error variances.

Show that when combining two forecasts, if the correlation between
the two sets of forecast errors is p =0, then Var [, +T(T)] =

2 2702, 2
c,05/(0] +03).

Let y, be an IMA(1, 1) time series with parameter 8 = 0.4. Sup-
pose that this time series is observed with an additive white noise
erTor.

a. What is the model form of the observed error?

b. Find the parameters of the observed time series, assuming that
the variances of the errors in the original time series and the white
noise are equal.

Show that an AR(1) time series that is observed with an additive
white noise error is an ARMA(1, 1) process.

Generate 100 observations of an ARIMAC(1, 1, 0) time series. Add
100 observations of white noise to this time series. Calculate the
sample ACF and sample PACF of the new time series. Identify the
model form and estimate the parameters.

Generate 100 observations of an ARIMAC(1, 1, 0) time series. Gener-
ate another 100 observations of an AR(1) time series and add these
observations to the original time series. Calculate the sample ACF
and sample PACF of the new time series. Identify the model form
and estimate the parameters.

Generate 100 observations of an AR(2) time series. Generate another
100 observations of an AR(1) time series and add these observations
to the original time series. Calculate the sample ACF and sample
PACEF of the new time series. Identify the model form and estimate
the parameters.

Generate 100 observations of an MA(2) time series. Generate
another 100 observations of an MA(1) time series and add these
observations to the original time series. Calculate the sample ACF
and sample PACF of the new time series. Identify the model form
and estimate the parameters.

Table E7.4 presents data on the type of heating fuel used in new
single-family houses built in the United States from 1971 through
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TABLE E7.4 Data for Exercise 7.24

Number of Houses (in thousands)

Other types
Year Total Gas Electricity Oil or none
1971 1014 605 313 83 15
1972 1143 621 416 93 13
1973 1197 560 497 125 16
1974 940 385 458 85 11
1975 875 347 429 82 18
1976 1034 407 499 110 19
1977 1258 476 635 120 28
1978 1369 511 710 109 40
1979 1301 512 662 86 41
1980 957 394 482 29 52
1981 819 339 407 16 57
1982 632 252 315 17 48
1983 924 400 448 22 53
1984 1025 460 492 24 49
1985 1072 466 528 36 42
1986 1120 527 497 52 45
1987 1123 583 445 58 38
1988 1085 587 402 60 36
1989 1026 596 352 50 28
1990 966 573 318 48 27
1991 838 505 267 37 29
1992 964 623 283 36 22
1993 1039 682 303 34 20
1994 1160 772 333 39 16
1995 1066 708 305 37 16
1996 1129 781 299 37 11
1997 1116 771 296 38 11
1998 1160 809 307 34 10
1999 1270 884 343 35 9
2000 1242 868 329 37 8
2001 1256 875 336 35 9
2002 1325 907 371 38 10
2003 1386 967 377 31 12
2004 1532 1052 440 29 10

2005 1636 1082 514 31 9
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7.25

7.26

7.27

7.28

7.29

7.30
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2005. Develop an appropriate multivariate time series model for the
gas, electricity, and oil time series.

Reconsider the data on heating fuel in Table E7.4. Suppose that you
are interested in forecasting the aggregate series (the Total column
in Table E7.4). One way to do this is to forecast the total directly.
Another way is to forecast the individual component series and
sum the forecasts of the components to obtain a forecast for the
total. Investigate these approaches for this data and report on your
conclusions.

Reconsider the data on heating fuel in Table E7.4. Suppose that you
are interested in forecasting the four individual components series
(the Gas, Electricity, Oil, and Other Types columns in Table E7.4).
One way to do this is to forecast the individual time series directly.
Another way is to forecast the total and obtain forecasts of the
individual component series by decomposing the forecast for the
totals into component parts. Investigate these approaches for this
data and report on your conclusions.

Table E7.5 contains data on property crimes reported to the police
in the United States. Both the number of property crimes and the
crime rate per 100,000 individuals are shown. Using the data on
the number of crimes reported, develop an appropriate multivariate
time series model for the burglary, larceny-theft, and motor vehicle
theft time series.

Repeat Exercise 7.27 using the property crime rate data. Compare
the models obtained using the number of crimes reported versus the
crime rate.

Reconsider the data on property crimes in Table E7.5. Suppose that
you are interested in forecasting the aggregate crime rate series.
One way to do this is to forecast the total directly. Another way is
to forecast the individual component series and sum the forecasts of
the components to obtain a forecast for the total. Investigate these
approaches for this data and report on your conclusions.

Reconsider the data on property crimes in Table E7.5. Suppose
that you are interested in forecasting the four individual component
series (the Burglary, Larceny-Theft, and Motor Vehicle Theft
columns in Table E7.5). One way to do this is to forecast the
individual time series directly. Another way is to forecast the total
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TABLE E7.5 Property Crime Data for Exercise 7.27

Property Crime (in thousands)

Year Total Burglary Larceny-theft Motor vehicle theft
1960 3096 912 1855 328
1961 3199 950 1913 336
1962 3451 994 2090 367
1963 3793 1086 2298 408
1964 4200 1213 2514 473
1965 4352 1283 2573 497
1966 4793 1410 2822 561
1967 5404 1632 3112 660
1968 6125 1859 3483 784
1969 6749 1982 3889 879
1970 7359 2205 4226 928
1971 7772 2399 4424 948
1972 7414 2376 4151 887
1973 7842 2566 4348 929
1974 9279 3039 5263 977
1975 10,253 3265 5978 1010
1976 10,346 3109 6271 966
1977 9955 3072 5906 978
1978 10,123 3128 5991 1004
1979 11,042 3328 6601 1113
1980 12,064 3795 7137 1132
1981 12,062 3780 7194 1088
1982 11,652 3447 7143 1062
1983 10,851 3130 6713 1008
1984 10,608 2984 6592 1032
1985 11,103 3073 6926 1103
1986 11,723 3241 7257 1224
1987 12,025 3236 7500 1289
1988 12,357 3218 7706 1433
1989 12,605 3168 7872 1565
1990 12,655 3074 7946 1636
1991 12,961 3157 8142 1662
1992 12,506 2980 7915 1611
1993 12,219 2835 7821 1563
1994 12,132 2713 7880 1539
1995 12,064 2594 7998 1472
1996 11,805 2506 7905 1394
1997 11,558 2461 7744 1354
1998 10,952 2333 7376 1243
1999 10,208 2102 6956 1152
2000 10,183 2051 6972 1160
2001 10,437 2117 7092 1228

2002 10,451 2152 7053 1246
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Crime Rate (per 100,000 population)

Year Total Burglary Larceny-theft Motor vehicle theft
1960 1726.3 508.6 1034.7 183.0
1961 1747.9 518.9 1045.4 183.6
1962 1857.5 535.2 1124.8 197.4
1963 2012.1 576.4 1219.1 216.6
1964 2197.5 634.7 1315.5 247.4
1965 2248.8 662.7 1329.3 256.8
1966 2450.9 721.0 1442.9 286.9
1967 2736.5 826.6 1575.8 334.1
1968 3071.8 932.3 1746.6 393.0
1969 3351.3 984.1 1930.9 436.2
1970 3621.0 1084.9 2079.3 456.8
1971 3768.8 1163.5 2145.5 459.8
1972 3560.4 1140.8 1993.6 426.1
1973 3737.0 1222.5 2071.9 442.6
1974 4389.3 1437.7 2489.5 462.2
1975 4810.7 1532.1 2804.8 473.7
1976 4819.5 1448.2 2921.3 450.0
1977 4601.7 1419.8 2729.9 451.9
1978 4642.5 1434.6 27474 460.5
1979 5016.6 1511.9 2999.1 505.6
1980 5353.3 1684.1 3167.0 502.2
1981 5263.9 1647.2 31353 474.1
1982 5032.5 1488.0 3083.1 458.6
1983 4637.4 1338.7 2871.3 431.1
1984 4492.1 1265.5 2795.2 437.7
1985 4666.4 1291.7 2911.2 463.5
1986 4881.8 1349.8 3022.1 509.8
1987 4963.0 1335.7 3095.4 531.9
1988 5054.0 1316.2 3151.7 586.1
1989 5107.1 1283.6 3189.6 634.0
1990 5073.1 1232.2 3185.1 655.8
1991 5140.2 1252.1 3229.1 659.0
1992 4903.7 1168.4 303.6 631.6
1993 4740.0 1099.7 3033.9 606.3
1994 4660.2 1042.1 3026.9 591.3
1995 4590.5 987.0 3043.2 560.3
1996 4451.0 945.0 2980.3 525.7
1997 4316.3 918.8 2891.8 505.7
1998 4052.5 863.2 2729.5 459.9
1999 3743.6 770.4 2550.7 422.5
2000 3618.3 728.8 24773 4122
2001 3658.1 741.8 2485.7 430.5
2002 3624.1 746.2 2445.8 432.1
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and obtain forecasts of the individual component series by decom-
posing the forecast for the totals into component parts. Investigate
these approaches using the crime rate data, and report on your
conclusions.

Table B.1 contains data on market yield of US treasury securities at
10-year constant maturity. Compute the spectrum for this time series.
What features of the time series are apparent from examination of
the spectrum?

Table B.3 contains on the viscosity of a chemical product. Compute
the spectrum for this time series. What features of the time series
are apparent from examination of the spectrum?

Table B.6 contains the global mean surface air temperature anomaly
and the global CO, concentration data. Compute the spectrum for
both of these time series. What features of the two time series are
apparent from examination of the spectrum?

Table B.11 contains sales data on sales of Champagne. Compute
the spectrum for this time series. Is the seasonal nature of the time
series apparent from examination of the spectrum?

Table B.21 contains data on the average monthly retail price of
electricity in the residential sector for Arizona from 2001 through
2014. Take the first difference of this timer series and compute the
spectrum. Is the seasonal nature of the time series apparent from
examination of the spectrum?

Table B.22 contains data on Danish crude oil production. Compute
the spectrum for this time series. What features of the time series
are apparent from examination of the spectrum?

Table B.23 contains data on positive test results for influenza in the
US. Compute the spectrum for this time series. Is the seasonal nature
of the time series apparent from examination of the spectrum?

Table B.24 contains data on monthly mean daily solar radiation.
Compute the spectrum for this time series. Is the seasonal nature of
the time series apparent from examination of the spectrum?

Table B.27 contains data on airline on-time arrival performance.
Compute the spectrum for this time series. Is there any evidence of
seasonality in the time series that is apparent from examination of
the spectrum?
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7.40 Table B.28 contains data on US automobile manufacturing ship-

7.41

ments. Compute the spectrum for this time series. Is there any
evidence of seasonality in the time series that is apparent from
examination of the spectrum?

Weekly demand for a spare part is assumed to follow a Poisson
distribution:

e N

fol =20 y=0.1
y!

The mean A of the demand distribution is assumed to be a random
variable with a gamma distribution
ba

h(A) = —— A% 1e™®* 1>0
W=t e >

where a and b are parameters having subjectively determined values.
In the week following the establishment of this prior distribution d
parts were demanded. What is the posterior distribution of 4?7
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STATISTICAL TABLES

Table A.1
Table A.2
Table A.3
Table A.4
Table A.5

Cumulative Standard Normal Distribution

Percentage Points ¢, , of the 7 Distribution
Percentage Points )(i’v of the Chi-Square Distribution
Percentage Points f, , , of the F Distribution

Critical Values of the Durbin—Watson Statistic

Introduction to Time Series Analysis and Forecasting, Second Edition.
Douglas C. Montgomery, Cheryl L. Jennings and Murat Kulahci.
© 2015 John Wiley & Sons, Inc. Published 2015 by John Wiley & Sons, Inc.

561



§T— 01T900°0  LEOY000  898SO0'0  €0LSO0'0  €FSSO00  98€SO0'0  $ETSO00  S80SO0'0  OF6¥000  66LF000 ST~
9CT=  199¥00°0  LTSYOO'0  96£¥000  69THO0'0  SFIY000  STOFOO'0  LO6E00'0  €6L£00°0  189€00°0  €LSE000  9°T—
LT=  L9YE00°0  $9EE000  $9TEO0'0  LITEO0'0  TLOLOO'0  086TO0'0  068TO00  €08TO00  81LTO00  S€9TO00 LT
8T~  §66TO00  LLYFTOO0  T0¥TO0'0  LTETOO'0  9STTOO'0  981TOO'0  811TO0'0  TSOTOO'0 8861000  9T61000 8T~
6C— 9981000  LO8I000  0SLIO00  S69100°0  I¥9I100°0 6851000  8ESIO00 6871000  I¥¥1000  S6€1000 6T~
0°€=  0SEI00'0  90€1000  +9T1000  €CTIO00  €811000  FFII000  LOLTOO0  0LOIOO'0  SEOIO0'0 1001000  0°€=
'€= 8960000 S€60000  #06000°0  ¥£8000°0  S¥8000°0 9180000 68,0000  TILO000  9€L000°0  TTLOO00 1€~
TE— 1890000 990000  1¥90000 6190000 8650000  LLSO00'0  LSSOO0'0  8ESOO0'0  61S0000  10S0000  T'€~
€= €870000 L9¥0000  0S000'0  PEFOOO'0  61F000°0  #0P000'0  06£000°0  9LEOVDO  TYEO00'0  0OSE0000 €€~
p'€=  LEEO00'0  STEO000  E€1€0000  TOE0000 1620000  08TO00'0  0LTOO0'0  09TOO0'0  1STOOO'0  THTO00'O  +€~
§'€=  €€T0000  $TTOO0'0  91TO00'0  80TOOO'0  00TOOO'0  €61000°0  S8I000'0  6L1000°0  TLIO000 910000  S€=
9°¢= 6510000 €S1000°0  LFI0000 TPIO00'0  9€1000°0  I€10000  9TI0000  ITIO000  LITO00'0  CTITO000 9°€—
L'€= 8010000 #01000°0 0010000 9600000  TE00000 8800000  $800000  TBOODO'0 ~ 8LOOVOO  SLOOODO L€~
'€= TLO0DD0 6900000  L90000'0  $90000°0  T900000  6S0000°0  LSO000'0  ¥SO0000  TSO000'0  0SO0000 8¢~
6'€= 8700000 9700000  #00000  TFHOO00'0  TF0000'0  6£0000°0  LEOOOOD'0  9€00000  ¥€00000  £€00000  6€=~
2 000~ 100~ 200~ €00~ 700~ 00~ 900~ L0~ 800~ 600~ z
4
@
Py \ =(>2d =0

uonNqLYSI(] [BULION PABPUR)S dAnEMUWN) [V ATIV.L

562



(panujuoo)

o—
00—
€0—
¥0—
g0—
90—
L0—
80—
60—
01—
I'n-
c1-
el
V-
S
91—
L'T=
81—
61—
0c—
I'c—
T
€
4%

CLTO9Y 0
0rL0Cy 0
680¢8¢0
8LSYYE0
8€C80C0
eSTYLT 0
¥961¥C°0
GS8ITCT0
090¥81°0
GS98ST0
9996€T°0
0L0STT°0
108960°0
LSLO8O0
L08990°0
66LYS0°0
S9Sv¥0°0
0€65€0°0
LTL8CO0
06,2200
¥98L10°0
€06€10°0
Y2LOTO0
8618000

S0C9ST0
7€8911°0
18¢8LE0
€060¥¢0
92050¢°0
1€60LT°0
¢S88ETO
0L680C°0
[T¥I81°0
8¥CoST0
00S€€1°0
OvIelITo
860560°0
0LT6L0°0
¢Tss90°0
669¢50°0
€e9ev0°0
8¥15€0°0
£908¢20°0
91¢Cc00
6CrL10°0
€6Se10°0
Y¥010°0
9L6L00°0

reesy o
9¢6C110
Y8YYLE0
EVCLEE O
¢es10e0
6C9L9T°0
CILSETO
80190C°0
98L8LI0
Y98¢CT°0
LSETET0
eeCcITro
8117€60°0
¥08LLO0
9¢Ty90°0
919¢<0°0
91LZr00
6LEYE0°0
6CrLC0°0
¢691¢0°0
€00LT0°0
60C€10°0
0LT0TO0
09LL00°0

£8C8YY0
9106010
00L0LE0
865£€C0
960860
Lyev9T0
§69¢EC0
69¢e0C0
G8I9LTO
SOSISTO
8¢€C6CI0
6¥¢601°0
6SL160°0
65€9L0°0
800£90°0
ISSTS0°0
SI8I+0°0
§29¢€0°0
£08920°0
8LITCO0
98S910°0
YL8CTI0°0
£06600°0
6¥5L00°0

0cerv o
So1S0¥°0
8C699¢°0
6966¢¢0
66576C 0
980190
0596CC°0
S¥00C°0
609¢L1°0
0LT6¥1°0
evILTTO
881L0T°0
€C¢1060°0
Ye6vL00
08L190°0
£05050°0
6260¥0°0
¥88¢€0°0
0619200
§L9020°0
LLT9TO0
SYSTIo0
796000
Y¥€L00°0

8e0vy 0
¥6<101°0
691¢9¢°0
gee9ce0
0911620
918LSTO
LT99CC0
299L61°0
9G0ILT0
6589%1°0
CLOSCT 0
089¢01°0
8058800
6CSELO0
1L5090°0
[LY6¥0°0
6500100
LSTTE00
8865200
810200
8LLSTO0
¥CCTI00
L8€600°0
ev1L00°0

[822%940)
cevLoe0
Yer6se 0
8SLTCE0
0vLL8TO
LTOYSTO
LT9ETTO
Y68761°0
8CC8IT°0
CLSYYT0
¥20eCI 0
ge8e01°0
S16980°0
SYICLO0
08€650°0
LSY8170°0
¥0C6£0°0
err1e0'0
86617200
6696100
98¢S10°0
I16110°0
LET600°0
L¥6900°0

S0STeY0
08S€6¢°0
16956€°0
8LI6IC0
6cEv8C0
6Cr1ST0
0590CC0
0S1¢61°0
£¢0991°0
0reey1o
100121°0
<r0c01°0
epes80°0
18L0L0°0
808500
09vLY0°0
79€8€0°0
L0000
611v¥c0'0
9TT610°0
€00ST10°0
Y09T10°0
¥68800°0
96L900°0

9LS8CY 0
6€L68¢0
€L6ISE0
19610
LS608C0
¢ST8YTO
S69LTTO
0ev681°0
ereeor o
[L00vT°0
000611°0
€L2001°0
€6L£80°0
LEV690°0
€50LS0°0
6LY9%0°0
8¢GLE00
¥500€0°0
68¢C0°0
€9L810°0
6297100
Y0ET10°0
969800°0
6959000

SSOVeY0
80658¢°0
89¢8Y¢0
L90CI¢0
S6SLLTO
L60SYT0
YOLY1T0
€eL981°0
L80T191°0
LSBLETO
€CoLTT 0
§2s860°0
¥9¢C80°0
CI1890°0
L16SS0°0
Y16Sv0°0
LTL9€00
6L£620°0
§6Ccc00
60€810°0
coTr100
IT0T10°0
YZr800°0
L8€900°0

o—-
00—
€0—
¥0—
g0—
90—
L0—
80—
60—
01—
I'n-
cl-
{9
V-
S b
91—
L1
81—
61—
0¢Cc—
I'e—
-
£
A%

563



6'T S0L9L60 8FVI9L60  [I8SSL6'0  CO0SLO6O  CTIPPL6'0  OI8EL60  L6IEL60  TLSCL6EO  €€61L60 €8CIL60 61
8T 1790L6'0 9¥6696'0 8ST696'0  LSS896'0  €V8L960  9TTL960  SLE£996°0  TC9S96'0  TS8Y96'0  0L0Y960 81
LT €LT€96°'0  T9YT96'0  9¢9196'0  96L096°0  1+66S6'0  1L06S6'0  S8IBS6'0  P8TLS6'0  LI9EIS60  SeEPSS6'0 LT
9T  98YPS6'0  ICSES6'0  OVSCS6'0  €vSIS6'0  6CS0S6'0  Lovovye'0  6vv8Y6'0  ¥8EL6’'0  10€9Y6'0  10CSY6'0 91
ST €80Vr6'0  LYoTr6'0  COLIY6'0  0CI0¥6'0  6Cr6c6'0  0TC8e6'0  CTO669¢60  PYLSE6'0  8LYPE60  €61ce6'0 ST
VT 888I€6'0 €950€6'0 61C6C60 SS8LTO60  ILVIC6'0  990SC6'0  I¥9EC6'0  961CC6'0  0£L0C6'0  £¥C6160 V1
€1 9€LL160  LOC9160  LSOVI60  S80EI6°0  CovII6e 0  LL8B6060  I¥C806'0  <8S9060  CO6¥06'0 661060 €1
Tl SLYI06'0  LTL6680  8S6L680 S9I968°0 0SEr68°0  CISTO680 1590680  L9L888°0 0989880 0to6v88°0 'l
I'T LL6C880 0001880 6668L80 9L69L8'0  8CO6VL80  LS8TLY'O  CI9LOLBO  €49898°0 0059980  veet980 I'1
0T €¥I?T980 6C6658°0 069LS8°0  8CPSS80  IPIES80  0£80S80  SO6V8Y8°0  9€I9P8'O  TSLEY80  SPEIP80  O'1
60 €I68e80 LSYIE80  LL6EEBO CLYIEBO  ¥¥68C80  16€9C8°0  SI8¢C80  ¥ICTICE0 6858180 O0Ov6SI80 60
80 L9CCI80 O0LSOI80 0S8L08'0 901080 8EECO8'0 9vS66L0  TE€L96L0  C68E6L0  0€0I6L0 SYIBBLO 80
L0 9€CS8L0  SOCTBL'O  0SEO6LL'0  €LEOLL'O0  €LEELL'O  0SEOLL'O  SOELIL'0  BETYIL'0  8PII9L'0  9¢08SLO L0
90 €06vSL'O  8VLISL'O  TLS8YL'O  €LESYL'O  VSITYL'O  PI6BEL'0  €S9SEL'0  TLECELO  6906CL0  LYLSTLO 90
§0 sOpcTL’0  €P06IL0  T99STIL'0  09CCIL'0  O0¥880L'0  T0OPSOL'O0  +vP6I0L0  89Y869°0  ¥L6VE9'0  CTI¥I690 S0
70 €€6L89°0 98e¥89°0  CCBO89'0  CTYCLLYO0  SPI9ELO0  T€00L9°0  <CO¥999°0  LSLTI990  L606S9°0  CCrSS9O0 0
€0 CELIS90 L208Y90  60cvP9'0  9LSOP9'0  1€89¢9°0  CTLOLE90  00€6C9°0  9ISSCO0  6ILIT90 TI6LI90 €0
0  T60vI90 1920190  0TP909'0  89SCO9'0  90L86S0  SE8Y6S0  $S606S°0  ¥90L8S0  991€8S°0  09C6LS0  CTO
I'0  SPESLS'0  PCPILSO  S6YLIS0  6SS€9S°0 8196650  09LSSS'O  LILISSO  8SLLYSO  S6LEYSO  8CB6ESO 10
00 968SES0  I8BIES0  €06LTSO  CTTOECSO0  6£661S0  €S6SIS0  LI96ITIS0  8L6LOSO  686€0S°0 000000 00
0'0 0000050 TI096%°0 CCOC6V'O0  €€0887'0  LYOY8Y'0 190080  8LO9LY'O  L60CTLY'O  61189%0 v¥Iv9r'0 00

z 000— 10°0— 00— €0'0— ¥0°0— 00— 90°0— LO0— 80°0— 60°0— z

(panuyuo)) 1'VATIVL

564



6'¢
8¢
Le
9°¢
ge
ve
€e
e
I'e
0¢
6C
8'C
L'C
9C
4
v
194
[
|4
07¢

L966660
0866660
§6666°0
8886660
G€86660
86L666°0
05896660
66176660
6826660
6668660
$09866°0
¥L0866°0
§9€L66°0
LTr966°0
1025660
€19¢66°0
9LE166°0
6868860
8€LS86'0
169186°0

9966660
8766660
766660
£88666°0
8786660
67,6660
8€96660
187666°0
926660
$968660
6558660
108660
8CL66°0
61£966°0
0905660
1Ev€66°0
Yre166°0
9698860
1LES86°0
LETIB60

7966660
9166660
8166660
686660
1786660
07,6660
¥29666°0
7916660
8€C666°0
068660
1168660
8¥6L66°0
L61L66°0
L0T966°0
SI6v66°0
Y¥Ce66'0
9011660
96€£886°0
L661786°0
vLLO86'0

£966660
£76666°0
S16666°0
¥L8666°0
S18666°0
0€L666°0
0196660
V6660
1126660
£68866°0
918660
88L66°0
011,660
£60966°0
99LY66°0
£50€66°0
£98066°0
6808860
Y19¥86°0
10€086°0

1966660
1766660
166660
6986660
L08666°0
02,6660
9656660
£Cr666°0
¥81666°0
9688660
1178660
¥18L66°0
020L66°0
SL6566°0
Y19v66°0
LS8T66°0
£19066°0
9LLL860
cCTy86'0
8186L6°0

6566660
866660
8066660
7986660
0086660
60,6660
1856660
206660
§S1666°0
L18866°0
65£866°0
Y¥YLL66'0
869660
$68566°0
LSYY66°0
9697660
860660
SSYL86°0
£78¢86°0
§Te6L6°0

8566660
9€6666°0
066660
8686660
€6L666°0
8696660
9966660
18€666°0
9216660
LLL866°0
€0£866°0
€L9L66°0
£€8966°0
1€L566°0
L6TY66°0
1S¥266°0
L60066°0
9CIL86°0
Y1v€86°0
CC88L60

9566660
££6666°0
0066660
£68666°0
¥8L666°0
L89666°0
0556660
65£666°0
9606660
9€L866°0
0578660
665L66°0
9€L966°0
095660
ceIv66'0
01¢C66°0
086860
16,9860
L66786°0
80€8L6°0

7566660
1€6666°0
9686660
LY86660
9LL666°0
6L96660
£€56660
9€£666°0
$90666°0
7698660
€61866°0
€CSL66°0
9€9966°0
€LYS660
£96¢€66°0
¥20266°0
9666860
L¥y1986°0
1LST86°0
V8LLL6'O

566660
866660
2686660
1178666°0
L9L6660
£€996660
L156660
€1€666'0
2€0666°0
0598660
¥€1866°0
SP¥L66°0
££5966°0
6££566'0
06L£66°0
08166°0
9L7686°0
L609860
9¢1786°0
0SCLL6'0

6'¢
8¢
Le
9¢
3
Ve
€e
e
I'e
0¢
6C
8'C
L't
9C
94
v
€T
[
I'c
07c

565



SI0Y 989°¢ (4543 126'¢ £86°C 0ocre oLl LECT 0690 86C0 91
eL0Y eeL'E 98C'¢ Ly6'C 209°C Ie1'e eSLT Ivel 1690 86C0 Sl
ovly L8L'E 9cee LL6C 29T 94 ¢ 19L°1 Sye'l 2690 85T0 4!
[CCy (4353 cLE'E cl10'e 09T 091°¢ ILL'T (! ¥69°0 65C0 €l
8IEY 06’ 8t gso'e 189°C 6L1C L1 9¢e’l §69°0 65C0 4!
Lev'y S0y Lev'¢ 90I1°¢ 8ILC 10C°¢ 96L'1 €9¢’1 L69°0 0920 I
L8SY 14497 18S°¢ 691°¢ YoLC 8CCC 18’1 CLE'T 00L0 0920 (021
8LV L6CTY 069°¢ 0sce 128°¢ c9CC £e8’l €8¢l €0L0 19C°0 6
1v0°S 10SY €e8’e geee 968C 90¢¢ 0981 L6E1 90L°0 c9C0 8
807G S8LY 620t 661°¢ 866'C 69¢C G681 Siv'l 1.0 €920 L
6S6°'S 80CT°S LIEY LOL'E evie Lyy'¢ £ev6'l oyl 81L°0 ¢9C0 9
6989 £68°S eLLY (43074 Go¢'¢E ILSC S10C oLVl LeLo L9T0 S
0198 ELT'L 86S°S Y09'v LyvL'¢ 9LLT (4N ees’l IvL0 1LT0 1%
¥26'Cl e1col eSy'L I8¢ 182074 ale £6¢eC 8¢9l S9L0 LLTO €
865°1¢ 9ceee 68011 G266 §96'9 e0ey 0c6'¢ 9881 9180 68C°0 C
29'9¢9 1€°81¢ LTl LS9°€9 128°1¢ 90LCI y1e9 8LO'E 000°T gee0 I
S000°0 100°0 §200°0 S000 10°0 gc00 S00 01°0 S0 00 o\

>.5N

uonnqLSI(Y 7 9y} Jo “71 syurog AU TV ATAV.L

566



"WOPIIJ JO $9I39p = A

l6ce
eLEE
09v'¢
[66°¢
9r9°c
659°¢
YL9'E
069°¢
LOL'E
SCL'E
SyL'E
LOL'E
oL'e
618'¢
068°¢
£88°¢
(4433
S96°¢

060°¢
091°¢
eTe
L0ge
G8¢e'e
96¢°¢
80¥°¢
Iey'e
SeEv'e
0sv'e
L9Y'E
G8Y'¢
S0s'¢
LCSe
sCe
6LS°¢
019°¢
9r9°c

L08C
098¢
Sl6cC
IL6'C
0€0°¢
8¢0°¢
Ly0'e
LSO
L90°¢
8L0°¢
160°¢
Y01
611°¢
Sere
esle
VLT'E
L61'¢
e

9LSC
L19C
099¢
Y0LC
0SL¢
96LC
€9L'C
ILLC
6LLC
L8LT
L6LC
L08C
618C
[€8°C
S¥8'C
198°C
8L8'C
868°C

9TeC
86¢EC
06€¢
er'e
LSY'C
(44
L9Y'C
eLy'e
6L1'C
S8Y'C
core
00S¢
80SC
81T
8CCC
6£5°C
(45K
L9GC

0961
0861
000¢
100°C
(404
Sv0'C
8¥0°C
(404
960¢
090¢
¥90°C
690°C
YLOC
080¢
980°C
€60°C
101°¢
011°¢

Yo'l
8C9°'1
IL9°1
891
L69°1
6691
T10L°T
0Ll
90L'T
80LT
1.1
VIL'T
LIL'T
ICL'T
SCL'l
6CL'1
veL'l
ovL'l

(414!
68C'1
96C'1
€0¢’l
01€’l
el
ere’l
145!
SIET
91¢'1
8I¢1
61¢'1
45!
(4!
See'l
8¢l
0ee’l
eee’l

¥L9°0
LL90
6L9°0
189°0
€890
€890
£89°0
¥89°0
¥89°0
¥89°0
G890
¢89°0
9890
9890
L89°0
8890
8890
6890

€50
¥ST0
1254V
GsTo
9¢T0
9¢T0
9¢T0
9¢T0
9¢T0
9¢T0
9¢T0
96T0
96T0
LSTO
LSTO
LSTO
LSTO
LSTO

(¢e]

0cl
09
or
(113
6¢
8¢
LT
9¢
194
¥C
€C
(44
IC
0C
61
81
L1

567



08'ce 86°0¢ 6V'LC 00°6¢ 1€7¢C 224! Ge'8 9T'L LT9 €cs 09v Sl
ele v1'6¢ [48°14 89°¢C 90°1¢ yeel 6L°L LS9 €9°¢ 99°v LOY 14!
8°6C 69°'LC YLvC 9¢CC 1861 121! YO'L 68°S 10°¢ Iy LS el
0€'8¢ (48’ yeee €0'1¢ GG8I yeTl 0€9 €S or'v LSE LOE 4!
9L9¢ CLYC ¢6'1¢ 8961 8CLI €01 86°S LSy (42" co'e 09C I
61°'SC 1T¢ec 8¥°0¢C €81 66°S1 €6 L8Y Y6’ e 96T 91'C (021
65°¢C L9°TC o6l 691 8971 e'8 LTY €e'e 0LC 60°C L'l 6
96°1¢C 60°0¢ €S'Ll [6°C1 9¢cl ve'L 67'¢ €eL'e 81°C SOl el 8
8C°0¢C 8781 1091 LOYI €0Cl Ge9 £8°C LTC 691 YTl 660 L
Ge 8l 1891 Sadl 65°Cl S9°01 ges 0cc Y91 'l L8O 89°0 9
SLOI 60°G1 €8¢l LOTI vT6 SEY 19°1 ST'T £8°0 ¢so 170 S
981 8¢l YI'TI 676 8L'L 9¢'¢ 901 IL0 870 0¢0 10 1%
12x1! 120! Ce6 18°L ¢Cc9 LET 850 ceo o 170 L00 €
09°01 16 8¢L 66'S 197 6¢'l 10 01°0 S00 00 10°0 [4
88°L €99 [ 8¢ ILC Svo <00 +00°0 +00°0 +00°0 +00°0 I

A

S000 0100 ga00 0500 001°0 0050 0060 0560 SL60 0660 660 »

AD

X

uonnqLysi(q d1enbg-1q) 3y jo 3%“ sjuiod 98ejuddidd €'V A1dV.L

568



"WIOPA2IJ JO S9I39p = A

LTOV1
0€'8¢I
4318
0l
S6'16
6v'6L
LL99
L9ES
124
6605
S9'6¥
6C'8Y
£6'9Y
9¢°Sv
8I'vy
08¢y
or' 1y
00°0v
86°8¢
or'Le
CLSE
LTYE

18°6¢1
[4874!
eeCll
001
8¢'88
SI'9L
69°¢9
6805
6561
8T8y
9691
¥9°Sy
[evy
86y
Y9’ 1Y
6C0v
€6'8¢
LSLE
619¢
I8¢
[¥ee
00ce

9¢'6<1
YI'811
£€9°901
c0°S6
0ce8
il
e'6S
8691
LSy
o' vy
6l¢cy
o'y
S90v
9¢°6¢
80°8¢
8L9¢
8¥'SE
LTye
g8'CE
€S 1E
610¢
G8'8C

Yevel
14%28!
88101
€6°06
80°6L
0S°L9
9L'GS
LL'EY
96Ty
ve'ly
ITov
68'8¢
S9°LE
[44°13
LT'SE
c6'ce
L9CE
Iv'ie
y1°0€
L8'8C
6S°LC
0€'9¢

05811
LS LOT
8596
£6°68
ovve
LT°€9
1816
9T 0v
60°6¢
Co'LE
YL'9E
96°G¢
8CTYE
0cee
10°Ce
18°0¢
29°6¢
I8¢
0c'Le
66°'SC
LLYC
12374

£€°66
£€°68
€eoL
££°69
€e6s
1214
yeoe
ye'6¢
y£'8¢
Ye'Le
Ye'9¢
ye'se
yeve
yeee
yece
ye1e
¥e0¢
veol
ye8l1
YeLl
Ye9l1
yesl

9¢'C8
6C¢L
8CY9
€e'ss
Y91
69°LE
S0°6¢
09°0¢
LL 61
¥6'81
I1°81
6C'LI
Ly'91
99°¢1
S8Vl
144!
yeel
241!
SO'TI
L801
6001
[€°6

€6'LL
€1'69
6¢09
VLTS
6lcy
9L ve
16°9¢
6181
ILLT
€691
SIol
8¢Cl
197l
e8¢l
60°¢cl
124!
6511
G801
crol
6¢'6

L9'8

96°'L

Tyl
€9°S9
ST°LS
9L'8Y
8¥'0r
9¢Ce
er've
6L91
S09I1
[€°S1
LSVI
8¢l
crel
or'cI
6911
8601
8C01
656

168

€8

9¢'L

169

90°0L
SL'T9
12535
14494
8¥'LE
IL°6¢
91°C¢
Sovl
9Tl
LSET
88°CI
0cel
[40!
9801
0cor
128
068
9T'8
€9°L
10°L
Iv'9
[8°¢

€LY
068
LT'TS
8Tty
€6°6¢
66'LC
1L°0¢
o6L¢l
crel
9Tl
I8°11
91Tl
43!
686
9C'6
79'8
€08
V'L
89
979
oLs
1459

001
06
08
0L
09
Y
ov
0¢
6¢C
8¢
LT
9¢
S¢
14
€
(44
1c
0¢
61
81
L1
91

569



8¢l o6l OVL VI I¥I vl T vl S¥1 91 Ly'D 8¥1 6¥1 05T [IST TST €T €1 vl vl o
orlr Il ol ol ¥l vl SYT 9T LyT 8T o1 6y 0ST IST ¢ST €1 G661 661 Svl ¢l am
'l vl vl SYT o SV oYl LyT 8Vl el 0ST ISTT  ISTT ¢Sl €S vST ST 96T 9ST 9yl Tl m
ST 9T LYT LPT 8Y1 6Pl 6F1  0ST IST TST €61 €51 #ST  SST 99T LST 85T 8ST  Lv'T 11 £
8’1 o¥'T 0ST IST IST ¢ST ¢Sl €T ST SST 96T 96T LST 8ST 65T 65T 091 091 o¥y1 0l M
e €T vST ¥ST SSTT 99T 9T LST 8ST  6ST  6ST 09T 09T 19T <¢91T €91 €91 Tl IST 6 m.
86T 8¢T 66T 65T 091 09T 19T TOT ¢91T €91 €91 ¥9T +91T €91 991 99T L9T 991 ¥ST 8 M
SO'T SO 1 S91 991 991 L9T L9T 89T 89T 691 OLT OLT OLT ILT TILT <TL'T <TL'T oLT LST L m
PLT  vLT vLT SLT O SLT O SLT O 9Ll 9LT LLT LLT LLT SLT 8LT 8LT 6LT 6L 8LT 9T T 9 &
LT L8T 8T 881 881 881 88T 681 681 681 681 681 681 681 681 681 881 681 691 ¢ m
80C 80C 80C 80C 80T 80C 80T 80C 80T 80C 80C 80C 80T 80T LOCT 90T <SOCT 00T IS8T ¥ m
e Lye LvC LYT YT 9T 9¥C 9vCT SY'T vT Y¥C vrC evT T YT 6T 9¢C 8CT WT ¢ m.
8V'€ LYE OVE SYE PYE EVE  EVE  IYE 6€€ 8€E  LEE SEE vEE I€€ 8TE €UE SI'E 00€ LST T 8
S86 086 9.6 1L6 L96 €96 856 6V6 Iv6e TE6 9T6 61'6 016 868 788 88 0T8 0SL €8S 1 =
© 0cl 09 oy 0¢ v 0¢ Sl cl 01 6 8 L 9 S 4 € (4 I n
() J03BIOWINN] Y} JOJ WOPIL] JO ST
>,x,mm.@ﬁ
>.3.d,\.
A‘r‘n .
uonnqLusi(y 4 3y Jo * " 7 fsjurod adejudingd vV ATIV.L

570



(panujuos)

oor 8oL <t vI'r orr 8rr eIl <l vl STl LT 8T 6Cl Il €T SET LT 6¢€T TET  ©

orr <¢rrr orr 81t eI'r I¢r ¢l ¥l 9t 8¢l 6Cl 0¢T 1€l €€l ST LET 6€l OFI  vET  0CI

Srr LI'T e6I'l ITT Tl ¥l STl LT 6T 0¢T I€T ¢Tel ¢l S€1 LT 8T VI Tl €1 09

6I't 1T Tl ¥l ST1 9C1 8TT 0¢T 1€ €1 $el  S€T 9¢°1 LT 6T Ol o'l $¥l 9¢T OF Aﬂ
€l Yol 9Tl LTT 8TT  6C1 0¢T Tl vel ST 9¢T  LeT 8¢T e6¢1 Iv1 Tl vl S¥1 8¢ 0¢ em
€L STl 9Tl LT 6Cl 0¢l I€T <&l ve'l ST 9¢T LT 8T OV Iv1 ¢l S¥T Syl 8€T 6T m
Yor sl LT 8T 6CT 0Ol  I1€1 €1 $€1  9¢1 LT 8T 61T Oovl Ivl €1 Syl o'l 8¢l 8¢ nm
YT 9Ccl LTT 8T1 0¢T I1€T ¢l €1 ST 9¢1  LET 8T o6€1T Ol vl €T Syl 9v'1 8¢l LT w
SC1 91 8CTT 6CT 0¢T I€T Tl vl sl LT LET 8T o€l IV Tl ¥l SVT 991 8€1 9T g
¢l LTT 8CTT 6CT 1€1 cCel €1 vel 9¢l LT 8T 6¢1 OVl VI Tl ¥l OVl Ly 6¢1 §C W
9CT 8CI 6C1 0¢T 1€ ¢l ¢l ST 9¢1 8T 8¢l 6€1 Oovl I¥l eV vl 9l YT 6£1 ¢ W
LT 8C1 0€1 Il €1 €€l vl ST LET 8T o€l OV vl TVl €1 Syl Lyl L¥T 6£1 €T m
8C'l 6CI 0¢1 Il €1 €1 vl 9¢T LET 6¢1 6T OV Iv1 Tl vl Syl Lyl 8¥1 Ol CC g
8¢l 0¢1 1T Tl €1 vel  sel LT 8ET 6¢l OVL  I¥L Tl &l vl 9v'1 8yl 8¥1 Ovl IC m
6CT 1€ TEl €T €1 C€1 9¢T LT o€l ov'l I¥lL ol e’ ¥l SVT LyT 8Y'1T 6Vl Ol 0C W.
0oc'r  Cel el vel sl 9l LeT 8¢l OFT IVT VD T el vl 9¥'T YT eyl 6Vl IYT 6l m/
TCT €T vET ST 9€T LET 8ET 6€T OVI YT I T vl ST 9T 81 6v1T 0ST  IvT 81 S
el vl Sl 9¢T LT 8ET 6T Oyl IV &Vl eVl vl SY'L 9YT Ly 6v' Dl 05T ISTT Tl LI

YeT ST 9T LET 8T e6€1 Ol I¥lD €1 vl il SYT 9v1 Lyl 8YT 0ST 16T IST Tl 91

oc'T LT 8T e6¢T OFI I¥1 IVl €1 vl ST 9F T o1 Lv'T 8VT eyl 161 ¢S TST el Sl

571



oL'T 6LT ¢8T1 G681 L8T 061 ©¢C6'1 L6T <COC 90C 60C <CI'T O9I'C 1ITC LTC 9¢C 6vCc O0LT LOE Sl
081 €81 981 681 161 w61 961 10C ¢S0C OI'c <¢I'c GCI'T 6IC ¥TC 1¢€C 6£¢C TST €L'T 0I'c vl
681 881 061 €61 96T 86’1 10T 60T O0I'c ¥I'c O9I'c 0CTC €T 8TT S€T ¢€¥Cc 95T 9LT +vIe ¢l
06'l €61 91T o661 10T +0CT 90T OI'c SI'c e6lI'tc 1TT ¥TT 8TT ¢€€C 6¢£C 8YC 19T 18T 8I'c Tl
L6'T 00C ¢€0cC ©S0cC 80T OI'c <I'c LI'C 1TCT 6TT LTT 0T ¥E€C 6£¢C SyC +vST 99T 98C ¢€Ce 11
90C 80C [II'c ¢€I'c 9I'c 8I'Cc 0CTC ¥CC 8CC <TE€C 6€C 8T IvC 9¥C ¢SC 19T ¢€LT TT 6T¢c 0l
91'c 8I'C 1T¢ ¢€C¢c 6TT 8T 0€C Pv&C 8¢C e vwe Ly 16T SSC 19C 69T 18T 10€ 9¢¢ 6
6CC CEC vET 9¢T 8T O¥C e 9vC 08T ¥ET 96T 6SC ¢9C L9T €LT 18T C6C II'E 9v'E 8
YT e¥c IST ¥ST 96T 8SCT 68T €9T L9T OLT TLT SLT 8LT €8T 88T 96C LOE 9TE 6S¢ L
LT YL'C 9LC 8LT 08T 8T ¥8C L8C 06C V6T 96T 86C I0¢ SOE II't 8I'E 6CT¢ 9r'c 8LE 9
or'e cre vI'e 9rI'ec LI'e 6I'c IT¢ P¥Ce LTE 0€E€ TEe Ppee LEe 0OFe SPe TEe Toe 8L'E 90y ¢
9L'c 8L'C 6L¢ 08¢ T8E €8¢ P8E L8E 06'€ T6E vo6e S6'€ 86¢ 0¥ SOV II'v o6Iv Ce«v ¥Sv ¥
ers v’ ¢re 9re LI's 8I's 8I'S 0CS CTS €S YOS STS LTS 8CS  I€S S 6¢S OFS vSe €
6’6 86 LvVe Lve 9F6 S¥6e vhe e Ive 66 86 LE6 SE€6 €€6 6C6 Y6 916 006 €S8 T
€€°€9 90°€9 6LT9 €6C9 9TT9 009 vLI9 TTI9 IL°09 6109 98°6S v¥6eS 1685 0T8S PCLS €8°SS 65€S 0S'6v 98°6¢ 1

(4) 101BUTWOUR(] Y} JOJ WOPIIL] JO $9I39(

-

o 0CI 09 or 0¢ ¥C 0C Sl 4! 01 6 8 L 9 S I € C I

(1) JoyeIoWINN] AU} JOJ WOPAL] JO sa2130(

>.§,o~.ok,

(ponuyuo)) 'V ATdV.L

572



(panuijuod)

00T LI'T ¥CT 0T €T 8T VT o6V SST 09T €91 L9T <CL'T LLT S8T 6’1 80T 0€T [ILT &

6I't 9¢1 el LT IvT ST 81T ST 091 €91 89T TLT LLT TL 06T 661 ¢€I'c S€C GSLT 0Tl

6cT  S€T OVl vP 1 81 IST ST 09T 991 ILT LT LLT T8T L8T S6'1 +0T 8I'T 6£C 6LCT 09

8T 'l VI IST $ST  LSTT 191 991 ILT 9LT1T 6L1 €81 L8 €61 00T 60C €T vve +v8C OF qm
91 0T ST LST 19T 91 L9 <CL'1 LLT T8T1 G81 881 €61 861 ¢€0C vICT 8T 6vC 88C 0¢€ w
LT IST  SST 8ST TOT  S9T 89T €LT 8LT €8T 981 681 €61 661 90C SI'T 8T 05T 68C 60 2
8L ¢Sl 96T 6ST €91 991 691 LT 6L1 81 L8T 061 w61 00T 90T 9I'C 6¢CT 0ST 68C 8¢ mm
6V’ €51 LSTT 09T ¥9°1 L9T OLT SLT 081 681 L8T 161 661 00T LOT LI'CT 0€T 1IST 06T LT m.
0T ¥S'T 8ST 19T S9T 89T ILT O9LT I8T 98T 88T T6'T 961 [10C 80C LI'T [I€C TSCT 16T 9C m
¢S 9T 6T €91 991 691 CLl LLT T8 L8T 681 €61 L6T 0T 60T 8I'CT <¢E€T €ST 6T ST
el LST 19T v9°1 L9T OL°T €T 8LT €81 881 161 v6'1 861 +v0C O0I'C 6I'C €€C ¥SCT €6C ¥C W
ST 65T TO1 991 691 LT vL'T 081 81 681 ¢6'1 S6'1 o661 SO0C I11'C ITC veC SCCT ¥6'C €T m
LSTT 09T ¥9°1 L9T OLT €LT 9L1T 18T 981 061 €61 L6T 10T 90T €I'c ¢Cc 6T 95T 66T TC m
65T 9T 991 691 L1 SLT 8LT1T €81 L8T Tl S6'1 861 <°OT 80T VvIT €T 9¢T LST 96T 1T g.
19T v9°1 891 ILT L1 LLT 6L1 v81 681 w61 961 00T +v0CT 60C 9I'C SCCT 8T 65T L6TC O0OC m.
€97 L9T OLT €T 9LT 6LT 18T 981 161 961 861 <TOCT 90C II'C 8ICT LTT O¥CT 19T 66T 61 2
99T 691 cL'T SLT 8LT 1I8T 8T 681 €61 86T 00C ¥0C 80C €I'C 0CCT 6CC <Trc ¢9C 10¢ 8l =
691 <cL1  sL1 8.1 18T v81 981 161 961 00T ¢€0C 90T O0OI'c SI'C < 1€T wvwT 9T ¢€0¢ LI

LT ST 8L°T IS8T #8T1 L8T 681 6’1 661 ¢€0C 90T 60C ¢€I'c 8I'c vCT ¢€€CT 9T L9T 6SO0¢c Il

573



Loc 1I'c 9I'c 0CCT €SCC 6CC ¢€£€C 0Ovc 8¥¢C ¥6CT 6SC ¥9C ILC 6LTC 06C 90¢ 6C¢ 89¢ vSv Sl
¢r'c 8I'Cc CCC LTT I€T S€C 6€T 9PT €ST 09T S9C 0OLT 9LT S8CT 96T II'c vee vLE 09V VIR
Icc 6¢T 0¢C vee 8¢C TWT 9¥C €6T 09T L9T ILC LLT €8T T6CT €0t 8I't I¥e I8¢ L9V €l
0€c veT 8T e¥T LvC IST YST T9T 69C SLT 08C 68T I6C 00¢ II't 9T¢ e6¥E 68¢ SLY Tl
or'c Sy'c o6vc €SC LST 19T S9C TLT 6LTC G8CT 06C S6TC 1I0€ 60¢€ 0TE 9¢c 6SE 86E V8V I
¥e'Cc 8SC C9C 99C O0OLT vLT LLT S8CT 16C 86T <COEC LOE VI'E TCE €ce 8pye ILE OI'v 96Fv Ol
IL'C SL'T 6LTC €8T 98C 06T P¥6'C 10¢ LOE VL€ 8I't €€ 6C¢ LEE 8FE €9¢ 98¢ 9Ty TCI'S 6
€6'C  L6C 10€ ¥O'€ 80€ CI't GI'e TCe 8Te¢ S€E 6£¢€ PPE 06€ 8SE 69¢ ¥8¢ L0V 9Py CES 8
€Ce  LTE 0g'E pEe 8 Ive vpe ISE  LSE  P9E 89E  €LE  6LE  L8E  LeE Tl S€Y YLV 68S L
L9 0L'c vLe LL'e 18¢ ¥8¢ L8E P¥6'E 00V 90¥ OI'v SI'v 1Ty 8Ty 6¢v €Sy 9Ly +vI'S 66C 9
oy ovv &y 9y 0SY €Y 9SY TOv  8Yv vLVY LUy &Y 88V S6v S0¢ 6I'S I¥S 6LS 199 ¢

v

€

C

I

d

€9°¢  99°¢ 69°¢ CLS SLS  LL'S 08¢ 98¢ 16C 96'S 009 ¥09 609 919 9C9 6£9 659 ¥69 ILL

€68 668 LS8 658 T98 198 998 0L L8 6L 188 688 688 +6'8 106 <CI'6 8C6 SS6  €I0I

0S'6l ov'6l 8v'6l Lyel 96l Shel Svel cebel Iv6l Ovel 8co6l LEo6l Se6l €6l 06l ST6I 9I'61 0061 IS8
€YSC €€ST TTST T'IST 1'0ST T'6¥C 08YC 6'SYC 6'¢cvC 6'1¥C S0V 68€C 89¢T 0OVvEC TO0LC 9vC L'SIT S661 V191

(4) IOJeUTIIOUR(] Y} IO WOPIAL] JO S

o0 0cI 09 oy 0¢ e 0¢ Sl Cl (021 6 8 L 9 S ¥ € 4 1 A

(1) J0jeIOWINN] 9U) J0J WOPIAIL] JO SIS0

>.x¢mo,ow~.

(panuyuo)) 'V ATAVL

574



(panu1juos)

00T <¢cr cel 6l 9¥L ¢Sl LST  L9T  SLT €81 881 v6'l 10T O0I'C [ICTC LET 09C 00¢€ v8¢

ST s e¥T 65T 66T 19T 991 6LT €81 161 961 ¢OCT 60C LI'T 6TC S¥C 89T LOE C6'E OCI

6¢'T  LYI €61 65T 69T OoLT SLT 8T Tl 661 ¥0C OI'tc LI'T STC LEC €§CT 9LCT SI't 00v 09 Aﬂ
[T 8T ¥9°T 691 ¥L'T 6LT w81 T6'1 00C 80C <CI'C 8I'C €SCC veEC SvC 19T v8C ¢€Tc 80v OF om
@' 89T vLT 6LT ¥81T 681 €61 10C 60C 9I'c 1ITC LTC €€C T €T 69C 6T cee LIy 0Of ¢
Yo' OLT  SLT 181 S8T 06’1 +6'1 €0C OI'c 8I'C TCT 8TC 6E€CT ¢€¥C ST O0LCT €6T ¢€€¢ 8I'y 6C mvm
So'1 ILT  LL'T T8T L®T 161 961 +0T ¢cI'c 6I'Cc ¥TC 6TC 9¢C S¥C 99T ILT S6'C tvEe 0Tv 8T w
LOT €LT 6L T ¥8T 881 €61 L6T 90C €I'C 0TCT STC 1€C LET 9¥C LST €LT 96T €6S¢€ 1Ty LT g
69T GSL'T 081 S8 061 661 661 LOC SI'C TTT LTC TEC 6T L¥C 65T VLT 86C LEE €V 9C W
LT LT 81 L8T Tl 96’1 10C 60C 9I'c ¥TCc 8CTC veET 0OvC 6VC 09T 9LC 66C 6£¢€ Vv ST W
eLr 6Ll ¥81T 681 w61 861 €0C [II'c 8I'C €SCTC 0¢€C 9¢CT V¢ 1SC T9CT 8LT 10¢€ Ove 9Ty ¥C m
oL'T 18T 981 I6'1T 961 10C €0C €I'Cc 0CC LTT CC&C LE€C vwT €T v9C 08C €0¢ <re 8y €T g
8L'T ¥81 681 ¥6'1 861 ¢€0C LOC SI'C €T 0¢€T ¥PveC OFCc 9vC 66C 99C T8T 6SO0¢ Pvye 0evy TC m
81T L8T T6'1 96’1 10C 60T OI'c 8I'c 6SCTCT TET LE&C VT o6vT LST 89T ¥8CT LOEC L¥E TEV 1T W.
¥81 061 S6'1 661 ¥0C 80C <CI'C 0CTC 8CC C€CT 6¢C S¥C 1T 09T [ILC L8C O0I'c 6vc Sev 0C \mw
881 €61 861 €0C LOT 1II'C 9I'C €TCT 1€T 8€T TWT 8YT ST €9T vLT 06T €I'c TSE 8v 61 <
¢6'l L6l ToT 90T II't SI'c 6l'c LT veET 1vCc 9¥C 1§T 86T 99C LLT ¢€6CT 9I't 6S¢ Ivv 81

9T 10T 90T OI'c SI't 6I'c ¢€TC 1I¢€C 8€T SYT o6¥c 66T 19T O0LC 18T 96T 0T¢ 6S¢ Svv Ll

10c 90cC I1I'c SI'c e6I'c vTT 8TT S€C e ovT $SC 65T 99T vLT 68T 10€ ¥Te €9¢ oy 9l

575



oy'c 9¥'C ¢eT 65T 9T OLC 9LC 98T 96T 90¢ <CI't 0Ctc 6C¢ Ive 85E 08¢ SI'v LLY  0T9  SI
6V'Cc 66T 19C L9T ¢€LCT 6LT V8T S6C SOE SI't  IT¢ 6Tt 8¢c 0SE 99¢ 68¢ ¥ 98y 0€9 VI
09C 99C CTLT 8LC v8T 68C S6C S0¢ GCI'c STE IgE  6£E  8ye 09¢  LLE 00v  SE€v L6y Iv9 €l
CL'C 6LC S8T 16C 96T COE LOE 8I'c 8TE LEE PvyE  ISE 19 €L e8¢ Iy Lyvy OIS <69 Tl
88°C 6T 00¢ 90¢ CTI't LI'E ¢€T¢ €€ ¢€Fe  €5¢  6S5¢ 99¢ 9L'¢ 88¢ VvOv 8Tv €9Y 9TS L9 11
80°¢ vI'€ 0CT¢ 9T¢ I¢e LEgEe Tye Tee T9¢ TLE 8LE  S8E  S6c L0V vy Lvv  8Y 9SS $69 Ol
€e'e 6L S¥E I6¢€ 96°¢ 19¢  L9E  LLE  L8E 96  €0v OI't 0Ty ey 8y TLY  80S  ILS ITL 6
L9 €L'e 8L'¢ v8¢ 68¢ S6€ 00V OI'y 0Ty O¢y 9€v ¢evv €y SOy 8y 6S0¢ TS 909 LSL 8
YI'v 0Cv STv 1€y 9¢v Ty vy LSV L9V 9LV  8Y 06v 66V CTI'S  6CS  CSS  68°C ¥S9 L0 L
g8y 06tv 96v 10 LOS CTI'S LI'S LTS LES O¥'S TS 09C O0OLS T8S 66C €9 099 9L 188 9
09 L09 CTI'9 8I'9 €9 8C9 ¢€€9 €9 T¥9 99 899 9L9 689 869 SI'L 6¢€L 9LL €8 1000 €
9T'8 1€8 9¢'8 I¥8 9¥'8 168 968 998 GL'8 ¥88 068 868 LO6 0CT6 9¢6 096 866 S90I <CTTI ¥
06'¢cl S6°cl 66°¢l YOVI 8OVI CI'Vl LIVI STV veEvl Trvl Lyyl vSYI TOvIE €Lyl 88¥I OIS v¥'SI +vO91 ¥v'Ll ¢
0S°6€ 6V'6E 8V'6E LYV6E 9V'6E 9F'6€ SP6E €V6E Iv6E OF6E 6£6E LEO6E 9E6E €€6E 0C6E STO6E LIGE 006E 168 C
8I0T +IOT OIOI 9001 TO0I TL66 1€66 6¥86 L9L6 9896 €¢€96 L9S6 T8¥6 1L£6 81C6 9668 TPI8 C66L 8LVO 1

(4) JoyRUIIIOUR(] Y} JOJ WOPIAL] JO $AITo(]

© oI 09 0o  Of 14 0T Sl cl 01 6 8 L 9 S % € C [ n

() 101RI0WNN] oY} JOJ WOPAAIL] JO ST

>i,m~.o\.

(ponuyuo)) 'V ATdV.L

576



(panuijuod)

00T LT 6¢1 8T LST ¥91 ILT €81 61 S0C [II'C 6I'C 6CC 1I¥C LST 6LC CI't 69¢ T0S &

Ier et €T 19T 691 9LT T81 6’1 6S0C O9I'c TCCc 0£cT 6£C ¢ST L9T 68C ¢ 08¢ SIS Ocl

8¥'1  8ST L9T LT T81 881 61 90T LI'CT LTT €€CT 1IvT 1IST €9T 6LT 10¢ vEe ¢€6c 6CS 09 Aﬂ
Yo'l CLT 081 881 P61 [10C LOC 8I'C 6CC 6£C ST €T 9T vLT 06T ¢€l'c 9vc SOv TS Ov ew
6L1 L81T v6'l 10T LOT ¥I'C 0OCC 1€C [1I¥C 16T LST €9T GCL'T L8C ¢€0¢€ 6STc 65¢ 8I'v LSS O m
I8 681 961 €0C 60C SI'C ITC e eFC €T 65T L9C 9LC 88C ¥0t Lot 19t 0CF 65 6C
€81 161 861 <€0C [II'c LI'C €C veC Sv'c 66T 19T 69C 8LT 06C 90t 6T €9¢ TCy 19¢ 8T m
€81 €61 00C LOCT ¢€I'C 6I'c STCT 9¢C LvVC LST €9C 1ILCT 08C ¢T6C 80t 1I¢e 6C9¢ ¥y €9¢ LT g
88’1 S6'1 €0C 60C O9I'C TTC 8TC 6£CT 6VC 65C 69T ¢€LT TC v6C 0I'c €€e L9C LTV 99C 9T W
I6'1 861 S0C <CI'c 8I'C ¥CT 0¢€C 1IvCc 1IST 19T 89C SLT €8T L6C ¢€lI't €S€¢€ 69¢ 6CF 69S SC W
¥6'T  10C 80C SI'C ICTC LTC ¢€€C ¥e ¥$SC ¥$9C 0OLC 8LCT L8C 66C SI'c 8¢ TLE TE&v LS ¥C m
L6’  v0CT II't 8I'C ¥TT 0€C 9¢€T LyT LST L9T €LT 18T 06T <TO0E 8I'c 1Ive GCLE Sy CL'S €T g
00C 80C vI'C 1ICT LTCT ¢€€C 6£C 0ST 09C OLCT 9LT ¥8C ¢€6C 6S0¢€ Tt +vre 8LE€ 8Ev 6LS CC m
Y0Cc II'c 8I'C €TC I€C LEC TFC €SC ¥$9C ¢€LC 08¢ L8C L6C 60¢ €SCE 8¥e €8¢ v €8¢ 1IC m,‘
60C O9I'c TC¢ 6CC ¢s€T Ivc 9v'Cc LST 89T LLCT v8CT 1I6C 10€ €'t 6C¢ ISe 98¢ 9v'v  L8S 0T mx
€I'c 0TT LTT €€T 6£T SPT IST T9T TLT T8T 88T 96T SOE LI'E €€e 9S¢ 06¢ ISY TS 61 S
61'C 9CC TEC 8ET PPT 0SC 99T L9T LLT L8C €6TC 10€ OI't CTTe 8E€E€ 19t S6E 9¢Y 86C 8l

¢¢c cTeT 8ET vv'c 0T 9T T9CT TLT TET T6T 86C 90¢ 9I'c 8T vre 99¢ 10¥ T9OY $09 LI

T 8EC SY'C IST LST €9C 89T 6LT 68C 66C S0€ Cl't TCE vEe 0S€  €LE 80F 69 CI'9 91

577



€9°'C SLT €8T T6T 00¢€ 80C 9I'c I€c 9v'E 6S¢ 89¢ 6L'¢C €6t Oy vevy L9Y 8I'¢C 119  O¥8 LI
SL'T ¥8T ¢€6C TO0E 0OI'c 8I'e 9T¢ Ive 66¢ 69¢ 8L'EC 68¢ €OV 0Ty ¥y LLY 6TS €CT9 €68 91
L8C 96C 6S0€ €I't IT¢ 6C¢ LEE TSE L9E 08¢ 68¢ 00v vIv CTE€v 9¢v 68v TS 9¢9 898 ¢SI
00c 60¢c 8I'c LTE €S €¥e ISE 99¢ 08¢ voe €Ov vIv 8v 9v 69v +v0¢ 9¢¢ 169 988 vI
LTe STe  vee ev'e IS¢ 6S€ 99t T8E 96¢c OI't oIy 0y vy Ov 98y 1TSS vL'S  0L9 L06 €l
9¢’e  Sv'e vSe 9e 0L 8L'E 98¢ 10V OI'v 0€v o6y OSY ¥Ov C8Y 90'C I¥'S S6C €69 €e'6 ¢l
09°c 69¢ 8L'¢ 98¢ Vvo'e WY Oy Sy OFy vSv €9v vLvy 68v LOS TES L9SC TC9 ITL o6 11
I6’c 00y 80v LI'Y STv ¢€€v Ivvy 9Sv ILv S8v v6vy 90C 0TS 6¢SC ¥9C 66'C SS9 9¢L  $00I O
€y orvy 8vv LSV S9Y €LY I8y 96 II'S 9C¢ ¢¢¢ L¥ys 196 08¢ 909 9 669 <08 9¢01 6

(4) 101RUTWOUR(] Y} JOJ WOPAIL] JO $9I39(

oy S6v ¢€0S CI'S 0TS 8TS 9¢S CSS  L9¢ I8¢ 16 €09 8I9 LE9 €99 10L 6SL S98 9TIl 8
€o°¢ vLS TS 16C 66C LO9 9I'9 1€9 LV9 T99 TL9 P89 669 6IL OVL S8L S¥8 SS6 SAAS
880 L6O 90L vI'L €L 1€L O¥L 9SL TLL L8L 86L 0I'8§ 9T8 L¥8 GL'8 GI'6 8L6 T60I SLEI 9
06 II'6 0CT6 676 8¢6 LVe SS6 <TL6 686 SOOI 9I'0I 6C0I 9¥0I L9OI L6OI 6€1l 90TI LTel 9T9l ¢
or'cl 9 ¢l S9¢l SLEl ¥8¢€l €6'€l COVI OC¥I LEPD SSPI 991 08vI 86vI I1CTSI CSSI 86°ST 6991 0081 OCTIC v
€1'9C TC9C TE9C 1v'9C 0S9C 009C 699C L8IT SO'LT €TLT SELT 6V'LT LYLT 16'LT ¥CT8C IL8C 9¥'6C €80 TCIve ¢
0S°66 6766 8Y'66 LV'66 LV'66 9766 SV66 €766 TVo66 0V66 6£66 LE6O6 9£66 ££66 0£66 ST66 LI'66 00066 0586 T
99€9  6€£€9 €I€9 L8TY9 1979 6S€T9 60¢9 LST9 9019 909 TTO9 TB6S 8T6S 6S8S VILS CT9S €0PS S'666v SOV 1

o 0cl1 09 ov 0¢ e 0C Sl cl 01 6 8 L 9 S ¥ € [4 I n

() J07RIOWINN 9Y) JOJ WOPII] JO S9IFo(J

>.§;o.@\,

(ponuyuo)) 'V ATdV.L

578



00T
8¢'1
091
08I
10°C
€0¢
90°¢
01°¢
€r'e
LT'C
Icc
9C¢
1ec
9¢C
e
6S°C
LS'T

'l
€Sl
€Ll
o'l
I1e
14 ¢
LTC
0c'e
€Ce
LTT
1ec
S
()44
'C
(44
86°C
99°C

Lyl
99°1
P81
({14
[c¢
€C'e
9T'C
6C'C
€e'C
9¢C
(¢
S¥'e
08T
Gse
19°C
L9°C
SLC

6S°1
9L'T
Y61
I1e
0€'e
€eC
gee
8¢'C
e
Sy'e
6v'C
12X
86°C
¥9°C
69°C
9L'C
¥8°C

0L'T
98’1
€0'C
0C'¢
6¢'C
Iv'c
124
Ly'e
0S¢
12X
86°C
9°C
L9C
Lt
8LC
¥8°C
6’

6L'1
S6'1
[4%¢
6C'C
Ly'¢
6v'C
(44
gse
86°C
9°C
99°C
0LC
SLT
08'C
98°C
°6'C
00°¢

88’1
€0'C
0ce
LET
66C
LST
09°¢
€9°C
99°C
0Lc
YL'C
8L'C
€8°C
88'C
¥6'C
00°¢
80°¢

¥0'C
61'C
Gee
(44
0LC
€L'C
SLC
8LC
18°C
G8'C
68°C
£€6'C
86'C
€0'¢
60°¢
Sre
€C'e

81°C
14
0s'¢
99°C
¥8'C
L8C
06C
€6'C
96'C
66'C
€0'¢
L0
cre
LT'E
€Ce
0ce
LEE

(454
Ly'e
€9C
08¢
86'C
00°¢
€0°¢
90°¢
60°¢
ere
LT'E
[
9Tt
Iee
LEE
ev'e
IS¢

Iv'C
96'C
LT
68°C
LOE
60°¢
cre
Sre
8I'¢E
e
9T’¢
0¢e
gee
or'e
or'e
(42 *
09°¢

ST
99C
(44
66'C
LT'E
0T¢
€C¢
9C’¢
6C'¢
e
9¢'¢
e
Sy'e
[E%
9¢°¢
€9°¢
ILe

¥9°C
6L'C
S6'C
cre
0ce
€e'e
9¢¢
6¢'¢t
e
or'e
0S¢
123°
6S°¢
¥9°¢
0L'¢
LL'E
8¢

08¢
96'C
cre
6C’¢
Ly'e
0c¢
€s'e
9¢'¢
6S°¢
€9'¢
L9°¢
ILe
oL’¢
18°¢
L8E
¥6'¢
10'v

[{IR3
LT'E
yee
[6°¢
0L¢
eL'e
SLE
8L'E
(422
e8¢
06'¢
v6'¢
66'¢
1%
o1y
LT'Y
SCy

(43
8Y'¢
go'¢
€8'¢
[{\%
1%
L0y
Iy
149%
8I'Y
wy
9Ty
ey
LEY
ey
(%
8SY

8L'E
S6'¢c
el'y
€y
ISy
1294
LSV
09y
A%
89'v
Ly
oLy
(4%
L8V
Y6'v
10°¢
60°¢

19'v
6LV
86V
8IS
6¢°S
s
Y
6v'S
€56
LSS
19°¢
99°¢
LS
8L'S
e8¢
€6'S
109

€99
¢8'9
80°L
I€°L
9¢'L
09°L
Y9'L
89°L
cLL
LLL
8L
88°L
S6’L
0’8
01'8
8I'8
6T'8

0clI
09
ov
0¢
6C
8¢
Lt
9¢
4
144
€
C
Ic
0c
61
81

(4) IJoyeUIIOUR(] Y} J0J WOPIAL] JO SAIT2(]

579



580 STATISTICAL TABLES

TABLE A.5 Critical Values of the Durbin—Watson Statistic

k = Number of Regressors (Excluding the Intercept)

Probability in
Lower Tail 1 2 3 4 5
Sample (Significance
Size Level=a) d, dy d dy d dy d. dy d dy
0.01 0.81 1.07 0.70 1.25 059 1.46 049 1.70 0.39 1.96
15 0.025 0.95 1.23 0.83 140 0.71 1.61 0.59 1.84 048 2.09
0.05 1.08 1.36 095 154 0.82 1.75 0.69 197 0.56 2.21
0.01 095 1.15 0.86 127 0.77 141 0.63 1.57 0.60 1.74
20 0.025 1.08 1.28 099 141 0.89 1.55 0.79 1.70 0.70 1.87
0.05 1.20 141 1.10 1.54 1.00 1.68 090 1.83 0.79 1.99
0.01 1.05 1.21 098 130 090 141 0.83 1.52 0.75 1.65
25 0.025 1.13 1.34 1.10 143 1.02 1.54 094 1.65 086 1.77
0.05 1.20 145 121 155 1.12 1.66 1.04 1.77 095 1.89
0.01 1.13 1.26 1.07 134 1.01 142 094 1.51 0.88 1.61
30 0.025 1.25 1.38 1.18 146 1.12 1.54 1.05 1.63 0.98 1.73
0.05 1.35 149 1.28 157 121 1.65 1.14 1.74 1.07 1.83
0.01 1.25 134 120 140 1.15 146 1.10 1.52 1.05 1.58
40 0.025 1.35 145 130 1.51 125 1.57 120 1.63 1.15 1.69
0.05 144 154 139 1.60 134 1.66 129 1.72 123 1.79
0.01 1.32 140 128 145 124 149 120 1.54 1.16 1.59
50 0.025 142 150 138 1.54 134 159 130 1.64 126 1.69
0.05 1.50 1.59 146 1.63 142 1.67 138 1.72 134 1.77
0.01 1.38 145 135 148 132 1.52 128 1.56 125 1.60
60 0.025 147 154 144 157 140 1.61 137 1.65 133 1.69
0.05 1.55 1.62 151 1.65 148 1.69 144 1.73 141 1.77
0.01 147 152 144 154 142 157 139 1.60 136 1.62
80 0.025 1.54 159 152 1.62 149 1.65 147 1.67 144 1.70
0.05 1.61 1.66 159 1.69 156 1.72 1.53 1.74 151 1.77
0.01 1.52 1.56 150 1.58 148 1.60 145 1.63 1.44 1.65
100 0.025 1.59 1.63 157 1.65 155 1.67 153 1.70 151 1.72
0.05 1.65 1.69 163 172 1.61 1.74 159 1.76 157 1.78

Source: Adapted from J. Durbin and G. S. Watson [1951]. Testing for serial correlation in
least squares regression II.Biometrika 38, with permission of the publisher.
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TABLE B.1 Market Yield on US Treasury Securities at 10-Year Constant
Maturity

Month Rate (%) Month Rate (%) Month Rate (%) Month Rate (%)

Apr-1953 2.83 Oct-1966 5.01 Apr-1980 11.47 Oct-1993 5.33
May-1953 3.05 Nov-1966 5.16 May-1980 10.18 Nov-1993 5.72
Jun-1953  3.11 Dec-1966 4.84 Jun-1980 9.78 Dec-1993 5.77
Jul-1953 293 Jan-1967 4.58 Jul-1980 10.25 Jan-1994 5.75
Aug-1953 295 Feb-1967 4.63 Aug-1980 11.10 Feb-1994 5.97
Sep-1953  2.87 Mar-1967 4.54 Sep-1980 11.51 Mar-1994 6.48
Oct-1953  2.66 Apr-1967 4.59 Oct-1980 11.75 Apr-1994 6.97
Nov-1953  2.68 May-1967 4.85 Nov-1980 12.68 May-1994 7.18
Dec-1953  2.59 Jun-1967 5.02 Dec-1980 12.84 Jun-1994 7.10
Jan-1954 248  Jul-1967 5.16 Jan-1981 12.57 Jul-1994  7.30
Feb-1954 247 Aug-1967 5.28 Feb-1981 13.19 Aug-1994 7.24
Mar-1954 237 Sep-1967 530 Mar-1981 13.12 Sep-1994 7.46
Apr-1954 229 Oct-1967 5.48 Apr-1981 13.68 Oct-1994 7.74
May-1954 2.37 Nov-1967 5.75 May-1981 14.10 Nov-1994 7.96
Jun-1954  2.38 Dec-1967 5.70 Jun-1981 13.47 Dec-1994 7.81
Jul-1954 230  Jan-1968 5.53  Jul-1981 14.28 Jan-1995 7.78
Aug-1954 236 Feb-1968 5.56 Aug-1981 14.94 Feb-1995 7.47
Sep-1954 238 Mar-1968 5.74 Sep-1981 15.32 Mar-1995 7.20
Oct-1954 243  Apr-1968 564  Oct-1981 15.15 Apr-1995 7.06
Nov-1954 248 May-1968 5.87 Nov-1981 13.39 May-1995 6.63
Dec-1954 251 Jun-1968 5.72 Dec-1981 13.72 Jun-1995 6.17
Jan-1955  2.61 Jul-1968 550 Jan-1982 14.59 Jul-1995 6.28
Feb-1955 2.65 Aug-1968 542 Feb-1982 1443 Aug-1995 6.49
Mar-1955 2.68 Sep-1968 5.46 Mar-1982 13.86 Sep-1995 6.20
Apr-1955 275 Oct-1968 5.58 Apr-1982 13.87 Oct-1995 6.04
May-1955 2.76 Nov-1968 5.70 May-1982 13.62 Nov-1995 5.93
Jun-1955  2.78 Dec-1968 6.03  Jun-1982 14.30 Dec-1995 5.71
Jul-1955 290 Jan-1969 6.04 Jul-1982 13.95 Jan-1996 5.65
Aug-1955 297 Feb-1969 6.19 Aug-1982 13.06 Feb-1996 5.81
Sep-1955 297 Mar-1969 6.30 Sep-1982 12.34 Mar-1996 6.27
Oct-1955 2.88 Apr-1969 6.17 Oct-1982 1091 Apr-1996 6.51
Nov-1955 2.89 May-1969 6.32 Nov-1982 10.55 May-1996 6.74
Dec-1955 2.96 Jun-1969 6.57 Dec-1982 10.54 Jun-1996 6.91
Jan-1956 290 Jul-1969 6.72 Jan-1983 10.46 Jul-1996 6.87
Feb-1956  2.84 Aug-1969 6.69 Feb-1983 10.72 Aug-1996 6.64
Mar-1956  2.96  Sep-1969 7.16 Mar-1983 10.51 Sep-1996 6.83
Apr-1956  3.18 Oct-1969 7.10 Apr-1983 10.40 Oct-1996 6.53
May-1956 3.07 Nov-1969 7.14 May-1983 10.38 Nov-1996 6.20
Jun-1956  3.00 Dec-1969 7.65 Jun-1983 10.85 Dec-1996 6.30

(continued )
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TABLE B.1 (Continued)

Month Rate (%) Month Rate (%) Month Rate (%) Month Rate (%)

Jul-1956 3.11 Jan-1970 7.79  Jul-1983 11.38 Jan-1997 6.58
Aug-1956 3.33 Feb-1970 7.24 Aug-1983 11.85 Feb-1997 6.42
Sep-1956  3.38 Mar-1970 7.07 Sep-1983 11.65 Mar-1997 6.69
Oct-1956 334 Apr-1970 7.39  Oct-1983 11.54 Apr-1997 6.89
Nov-1956 3.49 May-1970 791 Nov-1983 11.69 May-1997 6.71
Dec-1956  3.59 Jun-1970 7.84 Dec-1983 11.83 Jun-1997 6.49
Jan-1957  3.46  Jul-1970 7.46 Jan-1984 11.67 Jul-1997 6.22
Feb-1957 3.34 Aug-1970 7.53 Feb-1984 11.84 Aug-1997 6.30
Mar-1957 3.41 Sep-1970 7.39 Mar-1984 12.32 Sep-1997 6.21
Apr-1957 348 Oct-1970 7.33  Apr-1984 12.63 Oct-1997 6.03
May-1957 3.60 Nov-1970 6.84 May-1984 13.41 Nov-1997 5.88
Jun-1957  3.80 Dec-1970 6.39 Jun-1984 13.56 Dec-1997 5.81
Jul-1957 393 Jan-1971 6.24 Jul-1984 13.36 Jan-1998 5.54
Aug-1957 3.93 Feb-1971 6.11 Aug-1984 12.72 Feb-1998 5.57
Sep-1957 392 Mar-1971 5.70  Sep-1984 12.52 Mar-1998 5.65
Oct-1957 397 Apr-1971 5.83 Oct-1984 12.16 Apr-1998 5.64
Nov-1957 3.72 May-1971 6.39 Nov-1984 11.57 May-1998 5.65
Dec-1957 321 Jun-1971 6.52 Dec-1984 11.50 Jun-1998 5.50
Jan-1958  3.09 Jul-1971 6.73 Jan-1985 11.38 Jul-1998 5.46
Feb-1958 3.05 Aug-1971 6.58 Feb-1985 11.51 Aug-1998 5.34
Mar-1958 298 Sep-1971 6.14 Mar-1985 11.86 Sep-1998 4.81
Apr-1958  2.88 Oct-1971 593 Apr-1985 11.43 Oct-1998 4.53
May-1958 292 Nov-1971 5.81 May-1985 10.85 Nov-1998 4.83
Jun-1958 297 Dec-1971 593 Jun-1985 10.16 Dec-1998 4.65
Jul-1958 320 Jan-1972 595 Jul-1985 10.31 Jan-1999 4.72
Aug-1958 3.54 Feb-1972 6.08 Aug-1985 10.33 Feb-1999 5.00
Sep-1958  3.76 Mar-1972 6.07 Sep-1985 10.37 Mar-1999 5.23
Oct-1958 3.80 Apr-1972 6.19 Oct-1985 10.24 Apr-1999 5.18
Nov-1958 3.74 May-1972 6.13 Nov-1985 9.78 May-1999 5.54
Dec-1958 3.86 Jun-1972 6.11 Dec-1985 9.26 Jun-1999 5.90
Jan-1959  4.02  Jul-1972 6.11 Jan-1986 9.19 Jul-1999 5.79
Feb-1959 396 Aug-1972 6.21 Feb-1986 8.70 Aug-1999 5.94
Mar-1959 3.99 Sep-1972 6.55 Mar-1986 7.78 Sep-1999 5.92
Apr-1959  4.12  Oct-1972 6.48 Apr-1986 7.30 Oct-1999 6.11
May-1959 4.31 Nov-1972 6.28 May-1986 7.71 Nov-1999 6.03
Jun-1959 434 Dec-1972 636 Jun-1986 7.80 Dec-1999 6.28
Jul-1959 440 Jan-1973 6.46 Jul-1986 7.30 Jan-2000 6.66
Aug-1959 443 Feb-1973 6.64 Aug-1986 7.17 Feb-2000 6.52
Sep-1959  4.68 Mar-1973 6.71 Sep-1986 7.45 Mar-2000 6.26
Oct-1959 453 Apr-1973 6.67 Oct-1986 7.43  Apr-2000 5.99
Nov-1959 4.53 May-1973 6.85 Nov-1986 7.25 May-2000 6.44
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TABLE B.1 (Confinued)

Month Rate (%) Month Rate (%) Month Rate (%) Month Rate (%)

Dec-1959 4.69 Jun-1973 690 Dec-1986 7.11 Jun-2000 6.10
Jan-1960 472 Jul-1973  7.13 Jan-1987 7.08  Jul-2000  6.05
Feb-1960 449 Aug-1973 7.40 Feb-1987 7.25 Aug-2000 5.83
Mar-1960 4.25 Sep-1973 7.09 Mar-1987 7.25 Sep-2000 5.80
Apr-1960 428 Oct-1973  6.79 Apr-1987 8.02 Oct-2000 5.74
May-1960 4.35 Nov-1973 6.73 May-1987 8.61 Nov-2000 5.72
Jun-1960  4.15 Dec-1973 6.74 Jun-1987 8.40 Dec-2000 5.24
Jul-1960 390 Jan-1974 699 Jul-1987 8.45 Jan-2001 5.16
Aug-1960 3.80 Feb-1974 696 Aug-1987 8.76 Feb-2001 5.10
Sep-1960  3.80 Mar-1974 7.21 Sep-1987 9.42 Mar-2001 4.89
Oct-1960 3.89 Apr-1974 7.51 Oct-1987 952 Apr-2001 5.14
Nov-1960 393 May-1974 7.58 Nov-1987 8.86 May-2001 5.39
Dec-1960 3.84 Jun-1974 7.54 Dec-1987 8.99 Jun-2001 5.28
Jan-1961  3.84 Jul-1974 7.81 Jan-1988 8.67 Jul-2001 5.24
Feb-1961 3.78 Aug-1974 8.04 Feb-1988 8.21 Aug-2001 4.97
Mar-1961 3.74 Sep-1974 8.04 Mar-1988 8.37 Sep-2001 4.73
Apr-1961 378 Oct-1974 790 Apr-1988 8.72  Oct-2001  4.57
May-1961 3.71 Nov-1974 7.68 May-1988 9.09 Nov-2001 4.65
Jun-1961  3.88 Dec-1974 7.43 Jun-1988 8.92 Dec-2001 5.09
Jul-1961 392 Jan-1975 7.50 Jul-1988 9.06 Jan-2002 5.04
Aug-1961 4.04 Feb-1975 739 Aug-1988 9.26 Feb-2002 491
Sep-1961 398 Mar-1975 7.73 Sep-1988 898 Mar-2002 5.28
Oct-1961 392 Apr-1975 8.23 Oct-1988 8.80 Apr-2002 5.21
Nov-1961 3.94 May-1975 8.06 Nov-1988 8.96 May-2002 5.16
Dec-1961 4.06 Jun-1975 7.86 Dec-1988 9.11 Jun-2002 4.93
Jan-1962  4.08 Jul-1975 8.06 Jan-1989 9.09  Jul-2002  4.65
Feb-1962 4.04 Aug-1975 8.40 Feb-1989 9.17 Aug-2002 4.26
Mar-1962 393  Sep-1975 8.43 Mar-1989 9.36 Sep-2002 3.87
Apr-1962  3.84 Oct-1975 8.14 Apr-1989 9.18 Oct-2002 3.94
May-1962 3.87 Nov-1975 8.05 May-1989 8.86 Nov-2002 4.05
Jun-1962 391 Dec-1975 8.00 Jun-1989 8.28 Dec-2002 4.03
Jul-1962 4.01 Jan-1976 7.74 Jul-1989 8.02 Jan-2003 4.05
Aug-1962 398 Feb-1976 7.79 Aug-1989 8.11 Feb-2003 3.90
Sep-1962 398 Mar-1976 7.73  Sep-1989 8.19 Mar-2003 3.81
Oct-1962 393  Apr-1976  7.56 Oct-1989 8.01 Apr-2003 3.96
Nov-1962 3.92 May-1976 790 Nov-1989 7.87 May-2003 3.57
Dec-1962 3.86 Jun-1976 7.86 Dec-1989 7.84 Jun-2003 3.33
Jan-1963  3.83  Jul-1976 7.83 Jan-1990 8.21  Jul-2003 3.98
Feb-1963 392 Aug-1976 7.77 Feb-1990 847 Aug-2003 4.45
Mar-1963 393  Sep-1976 7.59 Mar-1990 8.59 Sep-2003 4.27
Apr-1963 397 Oct-1976 7.41 Apr-1990 8.79  Oct-2003  4.29

(continued )
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TABLE B.1 (Continued)

Month Rate (%) Month Rate (%) Month Rate (%) Month Rate (%)

May-1963 3.93 Nov-1976 7.29 May-1990 8.76 Nov-2003 4.30
Jun-1963 399 Dec-1976 6.87 Jun-1990 8.48 Dec-2003 4.27
Jul-1963 4.02 Jan-1977 721 Jul-1990 847 Jan-2004 4.15
Aug-1963 4.00 Feb-1977 7.39 Aug-1990 8.75 Feb-2004 4.08
Sep-1963  4.08 Mar-1977 7.46  Sep-1990 8.89 Mar-2004 3.83
Ocl-1963  4.11 Apr-1977 7.37 Oct-1990 8.72  Apr-2004 4.35
Nov-1963 4.12 May-1977 7.46 Nov-1990 8.39 May-2004 4.72
Dec-1963 4.13  Jun-1977 7.28 Dec-1990 8.08 Jun-2004 4.73
Jan-1964  4.17 Jul-1977 733 Jan-1991 8.09 Jul-2004  4.50
Feb-1964 4.15 Aug-1977 7.40 Feb-1991 7.85 Aug-2004 4.28
Mar-1964 422 Sep-1977 7.34 Mar-1991 8.11 Sep-2004 4.13
Apr-1964 423  Oct-1977 7.52 Apr-1991 8.04 Oct-2004 4.10
May-1964 420 Nov-1977 7.58 May-1991 8.07 Nov-2004 4.19
Jun-1964 417 Dec-1977 7.69 Jun-1991 8.28 Dec-2004 4.23
Jul-1964  4.19 Jan-1978 796 Jul-1991 827 Jan-2005 4.22
Aug-1964 4.19 Feb-1978 8.03 Aug-1991 7.90 Feb-2005 4.17
Sep-1964 420 Mar-1978 8.04 Sep-1991 7.65 Mar-2005 4.50
Oct-1964  4.19 Apr-1978 8.15 Oct-1991 7.53 Apr-2005 4.34
Nov-1964 4.15 May-1978 835 Nov-1991 7.42 May-2005 4.14
Dec-1964 4.18 Jun-1978 8.46 Dec-1991 7.09 Jun-2005 4.00
Jan-1965  4.19 Jul-1978 8.64 Jan-1992 7.03 Jul-2005 4.18
Feb-1965 421 Aug-1978 8.41 Feb-1992 7.34 Aug-2005 4.26
Mar-1965 4.21 Sep-1978 8.42 Mar-1992 7.54 Sep-2005 4.20
Apr-1965 420 Oct-1978 8.64 Apr-1992 7.48 Oct-2005 4.46
May-1965 4.21 Nov-1978 8.81 May-1992 7.39 Nov-2005 4.54
Jun-1965 421 Dec-1978 9.01 Jun-1992 7.26 Dec-2005 4.47
Jul-1965 420 Jan-1979 9.10 Jul-1992 6.84 Jan-2006 4.42
Aug-1965 425 Feb-1979 9.10 Aug-1992 6.59 Feb-2006 4.57
Sep-1965 429 Mar-1979 9.12  Sep-1992 6.42 Mar-2006 4.72
Oct-1965 435 Apr-1979 9.18 Oct-1992 6.59 Apr-2006 4.99
Nov-1965 4.45 May-1979 9.25 Nov-1992 6.87 May-2006 5.11
Dec-1965 4.62 Jun-1979 891 Dec-1992 6.77 Jun-2006 5.11
Jan-1966  4.61 Jul-1979 895 Jan-1993 6.60 Jul-2006  5.09
Feb-1966  4.83 Aug-1979 9.03 Feb-1993 6.26 Aug-2006 4.88
Mar-1966 4.87 Sep-1979 933 Mar-1993 598 Sep-2006 4.72
Apr-1966 475 Oct-1979 1030 Apr-1993 597 Oct-2006 4.73
May-1966 4.78 Nov-1979 10.65 May-1993 6.04 Nov-2006 4.60
Jun-1966  4.81 Dec-1979 10.39 Jun-1993 596 Dec-2006 4.56
Jul-1966 5.02 Jan-1980 10.80 Jul-1993 5.81 Jan-2007 4.76
Aug-1966 5.22 Feb-1980 12.41 Aug-1993 5.68 Feb-2007 4.72
Sep-1966  5.18 Mar-1980 12.75 Sep-1993 5.36
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TABLE B.2 Pharmaceutical Product Sales

Sales (In Sales (In Sales (In Sales (In
Week Thousands) Week Thousands) Week Thousands) Week Thousands)

1 10618.1 31 10334.5 61 10538.2 91 10375.4
2 10537.9 32 10480.1 62 10286.2 92 10123.4
3 10209.3 33 10387.6 63 10171.3 93 10462.7
4 10553.0 34 10202.6 64 10393.1 94 10205.5
5 9934.9 35 10219.3 65 10162.3 95 10522.7
6 10534.5 36 10382.7 66 10164.5 96 10253.2
7 10196.5 37 10820.5 67 10327.0 97 10428.7
8 10511.8 38 10358.7 68 10365.1 98 10615.8
9 10089.6 39 10494.6 69 10755.9 99 10417.3
10 10371.2 40 10497.6 70 10463.6 100 10445.4
11 10239.4 41 10431.5 71 10080.5 101 10690.6
12 10472.4 42 10447.8 72 10479.6 102 10271.8
13 10827.2 43 10684.4 73 9980.9 103 10524.8
14 10640.8 44 10176.5 74 10039.2 104 9815.0
15 10517.8 45 10616.0 75 10246.1 105 10398.5
16 10154.2 46 10627.7 76 10368.0 106 10553.1
17 9969.2 47 10684.0 77 10446.3 107 10655.8
18 10260.4 48 10246.7 78 10535.3 108 10199.1
19 10737.0 49 10265.0 79 10786.9 109 10416.6
20 10430.0 50 10090.4 80 9975.8 110 10391.3
21 10689.0 51 9881.1 81 10160.9 111 10210.1
22 10430.4 52 10449.7 82 10422.1 112 10352.5
23 10002.4 53 10276.3 83 10757.2 113 10423.8
24 10135.7 54 10175.2 84 10463.8 114 10519.3
25 10096.2 55 10212.5 85 10307.0 115 10596.7
26 10288.7 56 10395.5 86 10134.7 116 10650.0
27 10289.1 57 10545.9 87 10207.7 117 10741.6
28 10589.9 58 10635.7 88 10488.0 118 10246.0
29 10551.9 59 10265.2 &9 10262.3 119 10354.4
30 10208.3 60 10551.6 90 10785.9 120 10155.4
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TABLE B.3 Chemical Process Viscosity

Time Time Time Time

Period Reading Period Reading Period Reading Period Reading
1 86.7418 26 87.2397 51 85.5722 76 84.7052
2 85.3195 27 87.5219 52 83.7935 77 83.8168
3 84.7355 28 86.4992 53 84.3706 78 82.4171
4 85.1113 29 85.6050 54 83.3762 79 83.0420
5 85.1487 30 86.8293 55 84.9975 80 83.6993
6 84.4775 31 84.5004 56 84.3495 81 82.2033
7 84.6827 32 84.1844 57 85.3395 82 82.1413
8 84.6757 33 85.4563 58 86.0503 83 81.7961
9 86.3169 34 86.1511 59 84.8839 84 82.3241
10 88.0006 35 86.4142 60 85.4176 85 81.5316
11 86.2597 36 86.0498 61 84.2309 86 81.7280
12 85.8286 37 86.6642 62 83.5761 87 82.5375
13 83.7500 38 84.7289 63 84.1343 88 82.3877
14 84.4628 39 85.9523 64 82.6974 89 82.4159
15 84.6476 40 86.8473 65 83.5454 90 82.2102
16 84.5751 41 88.4250 66 86.4714 91 82.7673
17 82.2473 42 89.6481 67 86.2143 92 83.1234
18 83.3774 43 87.8566 68 87.0215 93 83.2203
19 83.5385 44 88.4997 69 86.6504 94 84.4510
20 85.1620 45 87.0622 70 85.7082 95 84.9145
21 83.7881 46 85.1973 71 86.1504 96 85.7609
22 84.0421 47 85.0767 72 85.8032 97 85.2302
23 84.1023 48 84.4362 73 85.6197 98 86.7312
24 84.8495 49 84.2112 74 84.2339 99 87.0048
25 87.6416 50 85.9952 75 83.5737 100 85.0572
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TABLE B.4 US Production of Blue and Gorgonzola Cheeses

Year Production (103 1b) Year Production (103 Ib)
1950 7,657 1974 28,262
1951 5,451 1975 28,506
1952 10,883 1976 33,885
1953 9,554 1977 34,776
1954 9,519 1978 35,347
1955 10,047 1979 34,628
1956 10,663 1980 33,043
1957 10,864 1981 30,214
1958 11,447 1982 31,013
1959 12,710 1983 31,496
1960 15,169 1984 34,115
1961 16,205 1985 33,433
1962 14,507 1986 34,198
1963 15,400 1987 35,863
1964 16,800 1988 37,789
1965 19,000 1989 34,561
1966 20,198 1990 36,434
1967 18,573 1991 34,371
1968 19,375 1992 33,307
1969 21,032 1993 33,295
1970 23,250 1994 36,514
1971 25,219 1995 36,593
1972 28,549 1996 38,311
1973 29,759 1997 42,773

Source: http://www.nass.usda.gov/QuickStats/.
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TABLE B.9 International Sunspot Numbers

DATA SETS FOR EXERCISES

Sunspot Sunspot Sunspot Sunspot Sunspot

Year Number Year Number Year Number Year Number Year Number
1700 51 1761 86 1622 4.1 1883 63.8 1944 9.7
1701 11.1 1762 613 1623 1.9 1884 63.6 1945 333
1702 16.1 1763 452 1824 8.6 1885 52.3 1946 92.7
1703 23.1 1764 36.5 1825 16.7 1886 255 1947 151.7
1704  36.1 1765 21 1826  36.4 1887 132 1948 1364
1705 58.1 1766 11.5 1827 497 1888 6.9 1949 13438
1706 29.1 1767 379 1828 643 1889 64 1950 84
1707 20.1 1768 69.9 1829 67.1 1890 7.2 1951 69.5
1708 10.1 1769 106.2 1830 71 1891 357 1952 31.6
1709 8.1 1770 1009 1831 479 1892 73.1 1953 14
1710 3.1 1771  81.7 1832 27.6 1893 85.2 1954 4.5
1711 0.1 1772 66.6 1833 8.6 1894  78.1 1955 38.1
1712 0.1 1773 349 J834 13.3 1895 64.1 1956 141 .8
1713 2.1 1774  30.7 1835 57 1896 419 1957 190.3
1714 11.1 1775 7.1 1836 121.6 1897 263 1958 184.9
1715 27.1 1776 199 1837 1384 1898  26.8 1959 159.1
1716  47.1 1777 92.6 1838 103.3 1899 122 1960 1124
1717  63.1 1778 154.5 1839 85.8 1900 9.6 1961 54
1718  60.1 1779 126 1840 64.7 1901 2.8 1962 37.7
1719 39.1 1780 84.9 1841 36.8 1902 5.1 1963 28
1720  28.1 1781 68.2 1842 243 1903 24.5 1964 10.3
1721 26.1 1782 386 1843 10.8 1904 42.1 1965 152
1722 22,1 1783 229 1844 15.1 1905 63.6 1966 47.1
1723 11.1 1784 103 1845 40.2 1906 539 1967 93.8
1724 21.1 1785 242 1846 61.6 1907 62.1 1966 106
1725 40.1 1786 83 1847 98.6 1908 486 1969 105.6
1726 78.1 1787 132.1 1848 124.8 1909 44 1970 104.6
1727 122.1 1788 131 1849  96.4 1910 18.7 1971 66.7
1728 103.1 1789 118.2 1850 66.7 1911 5.8 1972 69
1729  73.1 1790 90 1851 64.6 1912 3.7 1973 38.1
1730 47.1 1791 66.7 1852 542 1913 1.5 1974 34.6
1731 35.1 1792  60.1 1853 39.1 1914 9.7 1975 15.6
1732 11.1 1793 47 1854 20.7 1915 475 1976 12.7
1733 51 1794 41.1 1855 6.8 1916 572 1977 27.6
1734 16.1 1795 214 1856 44 1917 104 1978 92.6
1735 341 1796 16.1 1857 22.8 1918 80.7 1979 155.5
1736 70.1 1797 6.5 1858 549 1919 63.7 1980 154.7
1737 81.1 1798 42 1859 939 1920 37.7 1981 140.6
1738 111.1 1799 6.9 1860 959 1921 26.2 1982 116
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TABLE B.9 (Conftinued)

Sunspot Sunspot Sunspot Sunspot Sunspot
Year Number Year Number Year Number Year Number Year Number

1739 101.1 1800 14.6 1861 773 1922 143 1983  66.7
1740  73.1 1801 34.1 1862 59.2 1923 59 1984 46

1741  40.1 1802 45.1 1863 44.1 1924 168 1985 18

1742 20.1 1803 432 1864 47.1 1925 444 1986 135
1743 16.1 1804 47.6 1865 30.6 1926 64 1987 293
1744 5.1 1805 423 1866 164 1927 69.1 1988 100.3
1745  11.1 1606 28.2 1867 74 1928 779 1989 157.7
1746 221 1807 10.2 1868  37.7 1929 65 1990 142.7
1747  40.1 1808 82 1869 74.1 1930 358 1991 1458
1748  60.1 1809 26 1870 139.1 1931 21.3 1992 944
1749 81 1810 0.1 1871 111.3 1932  11.2 1993  54.7
1750  83.5 1811 1.5 1872 101.7 1933 5.8 1994 30

1751  47.8 1812 51 1873 663 1934 8.8 1995 17.6
1752 479 1813 123 1874 448 1935 362 1996 8.7
1753 30.8 1814 14 1875 17.1 1936  79.8 1997 21.6
1754 123 1815 355 1876  11.4 1937 1145 1998 644
1755 97 1816 459 1877 125 1938 109.7 1999 934
1756 103 1817 41.1 1878 35 1939 889 2000 119.7
1757 325 1818 30.2 1879 6.1 1940 679 2001 111.1
1758 4777 1819 24 1880 324 1941 47.6 2002 104.1
1759 541 1620 15.7 188l 544 1942 30.7 2003  63.8
1760 63 1821 6.7 1882 59.8 1943 16.4 2004 405

Source: http://sidc.oma.be/html/sunspot.html (yearly sunspot number).


http://sidc.oma.be/html/sunspot.html

TABLE B.10 United Kingdom Airline Miles Flown

Month Miles (In Millions) Month Miles (In Millions)
Jan-1964 7.269 Jul-1967 12.222
Feb-1964 6.775 Aug-1967 12.246
Mar-1964 7.819 Sep-1967 13.281
Apr-1964 8.371 Oct-1967 10.366
May-1964 9.069 Nov-1967 8.730
Jun-1964 10.248 Dec-1967 9.614
Jul-1964 11.030 Jan-1968 8.639
Aug-1964 10.882 Feb-1968 8.772
Sep-1964 10.333 Mar-1968 10.894
Oct-1964 9.109 Apr-1968 10.455
Nov-1964 7.685 May-1968 11.179
Dec-1964 7.682 Jun-1968 10.588
Jan-1965 8.350 Jul-1968 10.794
Feb-1965 7.829 Aug-1968 12.770
Mar-1965 8.829 Sep-1968 13.812
Apr-1965 9.948 Oct-1968 10.857
May-1965 10.638 Nov-1968 9.290
Jun-1965 11.253 Dec-1968 10.925
Jul-1965 11.424 Jan-1969 9.491
Aug-1965 11.391 Feb-1969 8.919
Sep-1965 10.665 Mar-1969 11.607
Oct-1965 9.396 Apr-1969 8.852
Nov-1965 7.775 May-1969 12.537
Dec-1965 7.933 Jun-1969 14.759
Jan-1966 8.186 Jul-1969 13.667
Feb-1966 7.444 Aug-1969 13.731
Mar-1966 8.484 Sep-1969 15.110
Apr-1966 9.864 Oct-1969 12.185
May-1966 10.252 Nov-1969 10.645
Jun-1966 12.282 Dec-1969 12.161
Jul-1966 11.637 Jan-1970 10.840
Aug-1966 11.577 Feb-1970 10.436
Sep-1966 12.417 Mar-1970 13.589
Oct-1966 9.637 Apr-1970 13.402
Nov-1966 8.094 May-1970 13.103
Dec-1966 9.280 Jun-1970 14.933
Jan-1967 8.334 Jul-1970 14.147
Feb-1967 7.899 Aug-1970 14.057
Mar-1967 9.994 Sep-1970 16.234
Apr-1967 10.078 Oct-1970 12.389
May-1967 10.801 Nov-1970 11.594
Jun-1967 12.953 Dec-1970 12.772

Source: Adapted from Montgomery, Johnson, and Gardner (1990), with permission of the
publisher.
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TABLE B.11 Champagne Sales

Sales Sales Sales
(In Thousands (In Thousands (In Thousands
Month of Bottles) Month Bottles) Month Bottles)
Jan-1962 2.851 Sep-1964 3.528 May-1967 4.968

Feb-1962 2.672 Oct-1964 5.211 Jun-1967 4.677
Mar-1962 2.755 Nov-1964 7.614 Jul-1967 3.523
Apr-1962 2.721 Dec-1964 9.254 Aug-1967 1.821
May-1962 2.946 Jan-1965 5.375 Sep-1967 5.222
Jun-1962 3.036 Feb-1965 3.088 Oct-1967 6.873
Jul-1962 2.282 Mar-1965 3.718 Nov-1967 10.803
Aug-1962 2212 Apr-1965 4.514 Dec-1967 13.916
Sep-1962 2.922 May-1965 4.520 Jan-1968 2.639
Oct-1962 4.301 Jun-1965 4.539 Feb-1968 2.899
Nov-1962 5.764 Jul-1965 3.663 Mar-1968 3.370
Dec-1962 7.132 Aug-1965 1.643 Apr-1968 3.740
Jan-1963 2.541 Sep-1965 4.739 May-1968 2.927
Feb-1963 2.475 Oct-1965 5.428 Jun-1968 3.986
Mar-1963 3.031 Nov-1965 8.314 Jul-1968 4.217
Apr-1963 3.266 Dec-1965 10.651 Aug-1968 1.738
May-1963 3.776 Jan-1966 3.633 Sep-1968 5.221
Jun-1963 3.230 Feb-1966 4.292 Oct-1968 6.424
Jul-1963 3.028 Mar-1966 4.154 Nov-1968 9.842
Aug-1963 1.759 Apr-1966 4.121 Dec-1968 13.076
Sep-1963 3.595 May-1966 4.647 Jan-1969 3.934
Oct-1963 4.474 Jun-1966 4.753 Feb-1969 3.162
Nov-1963 6.838 Jul-1966 3.965 Mar-1969 4.286
Dec-1963 8.357 Aug-1966 1.723 Apr-1969 4.676
Jan-1964 3.113 Sep-1966 5.048 May-1969 5.010
Feb-1964 3.006 Oct-1966 6.922 Jun-1969 4.874
Mar-1964 4.047 Nov-1966 9.858 Jul-1969 4.633
Apr-1964 3.523 Dec-1966 11.331 Aug-1969 1.659
May-1964 3.937 Jan-1967 4.016 Sep-1969 5.951
Jun-1964 3.986 Feb-1967 3.957 Oct-1969 6.981
Jul-1964 3.260 Mar-1967 4.510 Nov-1969 9.851
Aug-1964 1.573 Apr-1967 4.276 Dec-1969 12.670
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TABLE B.12 Chemical Process Yield, with Operating Temperature
(Uncontrolled)

Hour Yield (%) Temperature (°F) Hour Yield (%) Temperature (°F)

1 89.0 153 26 99.4 152
2 90.5 152 27 99.6 153
3 91.5 153 28 99.8 153
4 93.2 153 29 98.8 154
5 93.9 154 30 99.9 154
6 94.6 151 31 98.2 153
7 94.7 153 32 98.7 153
8 93.5 152 33 97.5 154
9 91.2 151 34 97.9 152
10 89.3 150 35 98.3 152
11 85.6 150 36 98.8 151
12 80.3 149 37 99.1 150
13 75.9 149 38 99.2 149
14 75.3 147 39 98.6 148
15 78.3 146 40 95.3 147
16 89.1 143 41 94.2 146
17 88.3 148 42 91.3 148
18 89.2 151 43 90.6 145
19 90.1 152 44 91.2 143
20 94.3 153 45 88.3 145
21 97.7 154 46 84.1 150
22 98.6 152 47 86.5 147
23 98.7 153 48 88.2 150
24 98.9 152 49 89.5 151
25 99.2 152 50 89.5 152
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TABLE B.13 US Production of Ice Cream and Frozen Yogurt

Ice Cream  Frozen Yogurt Ice Cream  Frozen Yogurt

Year (103 gal) (103 gal) Year  (10° gal) (103 gal)
1950 554,351 - 1975 836,552 -
1951 568,849 - 1976 818,241 -
1952 592,705 - 1977 809,849 -
1953 605,051 - 1978 815,360 -
1954 596,821 - 1979 811,079 -
1955 628,525 - 1980 829,798 -
1956 641,333 - 1981 832,450 -
1957 650,583 - 1982 852,072 -
1958 657,175 - 1983 881,543 -
1959 698,931 - 1984 894,468 -
1960 697,552 - 1985 901,449 -
1961 697,151 - 1986 923,597 -
1962 704,428 - 1987 928,356 -
1963 717,597 - 1988 882,079 -
1964 738,743 - 1989 831,159 82,454
1965 757,000 - 1990 823,610 117,577
1966 751,159 - 1991 862,638 147,137
1967 745,409 - 1992 866,110 134,067
1968 773,207 - 1993 866,248 149,933
1969 765,501 - 1994 876,097 150,565
1970 761,732 - 1995 862,232 152,097
1971 765,843 - 1996 878,572 114,168
1972 767,750 - 1997 913,770 92,167
1973 773,674 - 1998 937,485 87,777
1974 781,971 - 2000 979,645 94,478

Source: USDA—National Agricultural Statistics Service.
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TABLE B.14 Atmospheric CO, Concentrations at Mauna Loa
Observatory

Average CO, Average CO,

Year Concentration (ppmv) Year Concentration (ppmv)
1959 316.00 1982 341.09
1960 316.91 1983 342.75
1961 317.63 1984 344.44
1962 318.46 1985 345.86
1963 319.02 1986 347.14
1964 319.52 1987 348.99
1965 320.09 1988 351.44
1966 321.34 1989 352.94
1967 322.13 1990 354.19
1968 323.11 1991 355.62
1969 324.60 1992 356.36
1970 325.65 1993 357.10
1971 326.32 1994 358.86
1972 327.52 1995 360.90
1973 329.61 1996 362.58
1974 330.29 1997 363.84
1975 331.16 1998 366.58
1976 332.18 1999 368.30
1977 333.88 2000 369.47
1978 335.52 2001 371.03
1979 336.89 2002 373.07
1980 338.67 2003 375.61
1981 339.95

Source: Adapted from C. D. Keeling, T. P. Whorft, and the Carbon Dioxide Research Group
(2004); Scripps Institution of Oceanography (SIO), University of California, La Jolla,
California USA 92093-0444, with permission of the publisher.
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TABLE B.15 US National Violent Crime Rate

Year Violent Crime Rate (per 100,000 Inhabitants)
1984 539.9
1985 558.1
1986 620.1
1987 612.5
1988 640.6
1989 666.9
1990 729.6
1991 758.2
1992 757.7
1993 747.1
1994 713.6
1995 684.5
1996 636.6
1997 611.0
1998 567.6
1999 523.0
2000 506.5
20014 504.5
2002 494 4
2003 475.8
2004 463.2
2005 469.2

Source: http://www.census.gov/compendia/statab/hist_stats.html.
“The murder and nonnegligent homicides that occurred as a result of the events
of September 11, 2001 are not included in the rate for the year 2001.


http://www.census.gov/compendia/statab/hist_stats.html
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TABLE B.16 US Gross Domestic Product

Year GDP, Current Dollars (Billions) ~ GDP, Real (1996) Dollars (Billions)

1976 1823.9 4311.7
1977 2031.4 4511.8
1978 22959 4760.6
1979 2566.4 4912.1
1980 2795.6 4900.9
1981 3131.3 5021.0
1982 3259.2 4919.3
1983 3534.9 5132.3
1984 3932.7 5505.2
1985 4213.0 5717.1
1986 44529 5912.4
1987 4742.5 6113.3
1988 5108.3 6368.4
1989 5489.1 6591.8
1990 5803.2 6707.9
1991 5986.2 6676.4
1992 6318.9 6880.0
1993 6642.3 7062.6
1994 7054.3 7347.7
1995 7400.5 7543.8
1996 7813.2 7813.2
1997 8318.4 8159.5
1998 8781.5 8508.9
1999 9274.3 8859.0
2000 9824.6 91914
2001 10,082.2 9214.5
2002 10,446.2 9439.9

Source: http://www.census.gov/compendia/statab/hist_stats.html.


http://www.census.gov/compendia/statab/hist_stats.html
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TABLE B.17 Total Annual US Energy Consumption

Year BTUs (Billions) Year BTUs (Billions)
1949 31,981,503 1978 79,986,371
1950 34,615,768 1979 80,903,214
1951 36,974,030 1980 78,280,238
1952 36,747,825 1981 76,342,955
1953 37,664,468 1982 73,286,151
1954 36,639,382 1983 73,145,527
1955 40,207,971 1984 76,792,960
1956 41,754,252 1985 76,579,965
1957 41,787,186 1986 76,825,812
1958 41,645,028 1987 79,223,446
1959 43,465,722 1988 82,869,321
1960 45,086,870 1989 84,999,308
1961 45,739,017 1990 84,729,945
1962 47,827,707 1991 84,667,227
1963 49,646,160 1992 86,014,860
1964 51,817,177 1993 87,652,195
1965 54,017,221 1994 89,291,713
1966 57,016,544 1995 91,199,841
1967 58,908,107 1996 94,225,791
1968 62,419,392 1997 94,800,047
1969 65,620,879 1998 95,200,433
1970 67,844,161 1999 96,836,647
1971 69,288,965 2000 98,976,371
1972 72,704,267 2001 96,497,865
1973 75,708,364 2002 97,966,872
1974 73,990,880 2003 98,273,323
1975 71,999,191 2004 100,414,461
1976 76,012,373 2005 99,894,296
1977 77,999,554

Source: Annual Energy Review—Energy Overview 1949-2005, US Department of Energy—

Energy information Center, http://www.eia.doe.gov/aer/overview.html.


http://www.eia.doe.gov/aer/overview.html

610 DATA SETS FOR EXERCISES

TABLE B.18 Annual US Coal Production

Coal Production Coal Production

Year (103 Short Tons) Year (103 Short Tons)
1949 480,570 1978 670,164
1950 560,386 1979 781,134
1951 576,335 1980 829,700
1952 507,424 1981 823,775
1953 488,239 1982 838,112
1954 420,789 1983 782,091
1955 490,838 1984 895,921
1956 529,774 1985 883,638
1957 518,042 1986 890,315
1958 431,617 1987 918,762
1959 432,677 1988 950,265
1960 434,329 1969 980,729
1961 420,423 1990 1,029,076
1962 439,043 1991 995,984
1963 477,195 1992 997,545
1964 504,182 1993 945,424
1965 526,954 1994 1,033,504
1966 546,822 1995 1,032,974
1967 564,882 1996 1,063,856
1968 556,706 1997 1,089,932
1969 570,978 1998 1,117,535
1970 612,661 1999 1,100,431
1971 560,919 2000 1,073,612
1972 602,492 2001 1,127,689
1973 598,568 2002 1,094,283
1974 610,023 2003 1,071,753
1975 654,641 2004 1,112,099
1976 684,913 2005 1,133,253
1977 697,205

Source: Annual Energy Review—Coal Overview 1949-2005, US Department of Energy—
Energy Information Center.
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TABLE B.19 Arizona Drowning Rate, Children 1-4 Years Old

Drowning Rate per 100,000 Drowning Rate per 100,000

Year Children 1-4 Years Old Year Children 1-4 Years Old
1970 19.9 1988 9.2

1971 16.1 1989 11.9

1972 19.5 1990 5.8

1973 19.8 1991 8.5

1974 21.3 1992 7.1

1975 15.0 1993 7.9

1976 15.5 1994 8.0

1977 16.4 1995 9.9

1978 18.2 1996 8.5

1979 15.3 1997 9.1

1980 15.6 1998 9.7

1981 19.5 1999 6.2

1982 14.0 2000 7.2

1983 13.1 2001 8.7

1984 10.5 2002 5.8

1985 11.5 2003 5.7

1986 12.9 2004 52

1987 8.4

Source: http://www.azdhs.gov/plan/report/im/dd/drown96/01dro96.htm.


http://www.azdhs.gov/plan/report/im/dd/drown96/01dro96.htm
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TABLE B.20 US Internal Revenue Tax Refunds

Amount Refunded National Population
Fiscal Year (Millions Dollars) (Thousands)
1987 96,969 242,289
1988 94,480 244,499
1989 93,613 246,819
1990 99,656 249,464
1991 104,380 252,153
1992 113,108 255,030
1993 93,580 257,783
1994 96,980 260,327
1995 108,035 262,803
1996 132,710 265,229
1997 142,599 267,784
1998 153,828 270,248
1999 185,282 272,691
2000 195,751 282,193
2001 252,787 285,108
2002 257,644 287,985
2003 296,064 290,850
2004 270,893 293,657
2005 255,439 296,410
2006 263,501 299,103

Source: US Department of Energy—Internal Revenue Service, SOI Tax Stats—Individual
Time Series Statistical Tables, http://www.irs.gov/taxstats/indtaxstats/article/O,,id=
96679,00.html.


http://www.irs.gov/taxstats/indtaxstats/article/O,,id=96679,00.html
http://www.irs.gov/taxstats/indtaxstats/article/O,,id=96679,00.html
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TABLE B.21 Arizona Average Retail Price of Residential Electricity
(Cents per kWh)

Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

2001 6.99 7.13 74 8.09 941 9.04 884 8.84 8.81 895 7.17 7.26
2002 7.01 7.17 7.46 7.69 937 897 8.65 8.78 8.79 8.99 7.37 7.46
2003 7.06 7.57 7.59 7.82 9.52 9.09 8.78 8.74 8.7 8.83 7.21 7.55
2004 7.27 749 7.61 8.05 926 9.1 888 8.87 8.96 8.79 8.05 7.86
2005 7.75 7.99 8.19 8.67 9.6 941 93 928 93 923 8.12 7.88
2006 8.05 8.21 8.38 8.9210.1910.05 99 9.88 9.89 9.88 8.74 8.56
2007 8.33 8.46 8.8 9.1910.2 9.9610.37 10.33 10.17 10.16 9.08 8.89
2008 8.85 9.02 9.38 10.02 11.03 11.06 10.95 10.86 10.63 10.46 9.55 9.61
2009 9.51 9.82 9.9310.6511.3311.27 11.3 11.29 11.17 10.97 9.86 9.7
2010 9.57 9.84 9.9810.24 11.75 11.74 11.78 11.59 11.52 10.96 10.14 10
2011 9.84 9.9310.2510.97 11.77 11.77 11.85 11.67 11.53 11.08 10.31 9.98
2012 10.01 10.26 10.44 11.17 11.88 11.9 11.86 11.83 11.66 11.36 10.73 10.41
2013 10.25 10.7 10.87 11.74 12.17 12.18 12.51 12.33 12.22 12.02 11.06 11.01
20141092 11.23 11.32 11.97 - - - - - - - -

Source: http://www.eia.gov/electricity/data.cfmitsales.

TABLE B.22 Denmark Crude Oil Production (In Thousands of Tons)

Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

2001 1372 1439 1499 1399 1340 1018 1121 1411 1560 1492 1578 1709
2002 1627 1457 1536 1560 1575 1431 1567 1267 1421 1619 1531 1592
2003 1617 1445 1598 1464 1482 1514 1406 1520 1560 1578 1574 1550
2004 1560 1335 1626 1645 1685 1617 1715 1471 1607 1726 1543 1731
2005 1577 1536 1632 1605 1568 1541 1518 1591 1459 1536 1485 1470
2006 1459 1351 1471 1330 1518 1377 1547 1364 1086 1456 1429 1450
2007 1266 1194 1290 1256 1290 1258 1240 1340 1159 1382 1264 1231
2008 1255 1024 1242 1101 1275 1138 1268 1141 1085 1196 1155 1156
2009 1201 1067 1140 1110 1081 1066 1112 1061 1129 1051 925 959
2010 1095 937 1014 1116 1061 906 1110 710 1014 1080 1009 1106
2011 987 791 964 925 1090 872 937 906 861 859 930 818
2012 826 830 854 867 866 860 853 820 724 824 819 838
2013 787 752 808 764 756 682 741 679 635 720 687 671
2014 675 637 691 659 - - - - - - - -

Source: http://www.ens.dk/en/info/facts-figures/energy-statistics-indicators-energy-
efficiency/monthly-statistics.


http://www.eia.gov/electricity/data.cfm#sales
http://www.ens.dk/en/info/facts-figures/energy-statistics-indicators-energy-efficiency/monthly-statistics
http://www.ens.dk/en/info/facts-figures/energy-statistics-indicators-energy-efficiency/monthly-statistics
http://www.ens.dk/en/info/facts-figures/energy-statistics-indicators-energy-efficiency/monthly-statistics
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TABLE B.24
(Langleys)

DATA SETS FOR EXERCISES

Mean Daily Solar Radiation in Zion Canyon, Utah

617

Year

Jan Feb Mar

Apr

May Jun

Jul

Aug Sep Oct

Nov

Dec

2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014

212
166
184
220
176
214
213
242
246
232
205

229
216
272
263
270
240
282
294
321
333
265

453
385
310
396
415
423
440
389
425
457
401

503
508
477
466
569
487
546
533
560
506
479

619
529
572
590
542
593
672
584
713
541
549

615
549
583
634
647
586
703
703
733
645
642

573
579
508
542
569
638
665
597
550
494

535
474
509
511
499
617
595
625
517
463

464
443
431
432
459
523
570
488
485
412

262
302
291
316
333
367
322
371
367
320

184
208
224
211
233
208
283
244
248
241
207

178
175
170
177
179
157
196
153
214
158
180

Source:

http://www.raws.dri.edu/cgi-bin/rawMAIN.pl?utZIOC.


http://www.raws.dri.edu/cgi-bin/rawMAIN.pl?utZIOC

618 DATA SETS FOR EXERCISES

TABLE B.25 US Motor Vehicle Traffic Fatalities

Registered ~ Vehicle

Resident Licensed Motor Miles Annual
Population Drivers Vehicles Traveled Unemployment

Year Fatalities (Thousands) (Thousands) (Thousands) (Billions) Rate (%)
1966 50,894 196,560 100,998 95,703 926 3.8
1967 50,724 198,712 103,172 98,859 964 3.8
1968 52,725 200,706 105,410 102,987 1016 3.6
1969 53,543 202,677 108,306 107,412 1062 3.5
1970 52,627 205,052 111,543 111,242 1110 49
1971 52,542 207,661 114,426 116,330 1179 5.9
1972 54,589 209,896 118,414 122,557 1260 5.6
1973 54,052 211,909 121,546 130,025 1313 49
1974 45,196 213,854 125,427 134,900 1281 5.6
1975 44,525 215,973 129,791 126,153 1328 8.5
1976 45,523 218,035 134,036 130,793 1402 7.7
1977 47,878 220,239 138,121 134,514 1467 7.1
1978 50,331 222,585 140,844 140,374 1545 6.1
1979 51,093 225,055 143,284 144,317 1529 5.8
1980 51,091 227,225 145,295 146,845 1527 7.1
1981 49,301 229,466 147,075 149,330 1555 7.6
1982 43,945 231,664 150,234 151,148 1595 9.7
1983 42,589 233,792 154,389 153,830 1653 9.6
1984 44,257 235,825 155,424 158,900 1720 7.5
1985 43,825 237,924 156,868 166,047 1775 7.2
1986 46,087 240,133 159,486 168,545 1835 7
1987 46,390 242,289 161,816 172,750 1921 6.2
1988 47,087 244,499 162,854 177,455 2026 5.5
1989 45,582 246,819 165,554 181,165 2096 5.3
1990 44,599 249,464 167,015 184,275 2144 5.6
1991 41,508 252,153 168,995 186,370 2172 6.8
1992 39,250 255,030 173,125 184,938 2247 7.5
1993 40,150 257,783 173,149 188,350 2296 6.9
1994 40,716 260,327 175,403 192,497 2358 6.1
1995 41,817 262,803 176,628 197,065 2423 5.6
1996 42,065 265,229 179,539 201,631 2484 5.4
1997 42,013 267,784 182,709 203,568 2552 4.9
1998 41,501 270,248 184,861 208,076 2628 4.5
1999 41,717 272,691 187,170 212,685 2690 4.2
2000 41,945 282,162 190,625 217,028 2747 4
2001 42,196 284,969 191,276 221,230 2796 4.7
2002 43,005 287,625 194,602 225,685 2856 5.8
2003 42,884 290,108 196,166 230,633 2890 6

2004 42,836 292,805 198,889 237,949 2965 55
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TABLE B.25 (Contionued)

Registered  Vehicle

Resident Licensed Motor Miles Annual
Population Drivers Vehicles Traveled Unemployment
Year Fatalities (Thousands) (Thousands) (Thousands) (Billions) Rate (%)
2005 43,510 295,517 200,549 245,628 2989 5.1
2006 42,708 298,380 202,810 251,415 3014 4.6
2007 41,259 301,231 205,742 257,472 3031 4.6
2008 37,423 304,094 208,321 259,360 2977 5.8
2009 33,883 306,772 209,618 258,958 2957 9.3
2010 32,999 309,326 210,115 257,312 2967 9.6
2011 32,479 311,588 211,875 265,043 2950 8.9
2012 33,561 313,914 211,815 265,647 2969 8.1

Sources: http://www-fars.nhtsa.dot.gov/Main/index.aspx, http://www.bls.gov/data/.


http://www-fars.nhtsa.dot.gov/Main/index.aspx
http://www.bls.gov/data/
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APPENDIX C

INTRODUCTION TO R

Throughout the book, we often refer to commercial statistical software
packages such as JMP and Minitab when discussing the examples. These
software packages indeed provide an effective option particularly for the
undergraduate level students and novice statisticians with their pull-down
menus and various built-in statistical functions and routines. However there
is also a growing community of practitioners and academicians who prefer
to use R, an extremely powerful and freely available statistical software
package that can be downloaded from http://www.r-project.org/. According
to this webpage,

R is an integrated suite of software facilities for data manipulation, calcu-
lation and graphical display. It includes

* an effective data handling and storage facility,

* a suite of operators for calculations on arrays, in particular matrices,

* a large, coherent, integrated collection of intermediate tools for data
analysis,

* graphical facilities for data analysis and display either on-screen or
on hardcopy, and

Introduction to Time Series Analysis and Forecasting, Second Edition.
Douglas C. Montgomery, Cheryl L. Jennings and Murat Kulahci.
© 2015 John Wiley & Sons, Inc. Published 2015 by John Wiley & Sons, Inc.
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628 INTRODUCTION TO R

* a well-developed, simple and effective programming language which
includes conditionals, loops, user-defined recursive functions and input
and output facilities.

The term “environment” is intended to characterize it as a fully planned and
coherent system, rather than an incremental accretion of very specific and
inflexible tools, as is frequently the case with other data analysis software.

R, like S, is designed around a true computer language, and it allows users to
add additional functionality by defining new functions. Much of the system
is itself written in the R dialect of S, which makes it easy for users to follow
the algorithmic choices made. For computationally-intensive tasks, C, C++
and Fortran code can be linked and called at run time. Advanced users can
write C code to manipulate R objects directly.

Many users think of R as a statistics system. We prefer to think of it of an
environment within which statistical techniques are implemented. R can be
extended (easily) via packages. There are about eight packages supplied
with the R distribution and many more are available through the CRAN
Sfamily of Internet sites covering a very wide range of modern statistics.

In this second edition of our book, we decided to provide the R-code for
most of the examples at the end of the chapters. The codes are generated
with the novice R user in mind and we therefore tried to keep them simple
and easy to understand, sometimes without taking full advantage of more
sophisticated options available in R. We nonetheless believe that they offer
readers the possibility to immediately apply the techniques covered in the
chapters with the data provided at the end of the book or with their own
data. This after all we believe is the best way to learn time series analysis
and forecasting.

BASIC CONCEPTS INR

R can be downloaded from the R project webpage mentioned above.
Although there are some generic built-in functions such as mean() to calcu-
late the sample mean or Im() to fit a linear model, R provides the flexibility
of writing your own functions as in C++ or Matlab. In fact one of the main
advantages of R is its ever-growing user community, who openly shares
the new functions they wrote in terms of “packages.” Each new package
has to be installed and loaded from “Packages” option in order to be able
to use its contents. We provide the basic commands in R below.
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Data entry can be done manually using c() function such as
> temp<-c(75.5,76.3,72.4,75.7,78.6)
Now the vector temp contains 5 elements that can displayed using

> temp
[1] 75.5 76.3 72.4 75.7 78.6

or

> print (temp)
[1] 75.5 76.3 72.4 75.7 78.6

However for large data sets, importing the data from an ASCII file,
for example, a .txt file, is preferred. If, for example, each entry of temp
represents the average temperature on a weekday and is stored in a file
named temperature.txt, the data can then be imported to R using read.table()
function as

> temp<-read.table("temperature.txt", header=TRUE, Sep="")

This command will assign the contents of temperature.txt file into the
data frame “temp.” It assumes that the first row of the file contains the
names of the individual variables in the file, for example, in this case
“Day” and “Temperature” and the data are space delimited. Also note that
the command further assumes that the file is in the working directory,
which can be changed using the File option. Otherwise the full directory
has to be specified, for example, if the file is in C:/Rcoding directory,

read.table ("C:/Rcoding/temperature.txt",6 header=T, sep=",")
Now we have

> temp
Day Temperature

1 1 75.5
2 2 76.3
3 3 72.4
4 4 75.7
5 5 78.6
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We can access each column of the temp matrix by one of the two
commands

> tempS$Temperature

[1] 75.5 76.3 72.4 75.7 78.6
> temp [, 2]

[1] 75.5 76.3 72.4 75.7 78.6

Now that the data are imported, we can start using built-in function such
as the sample mean and the log transform of the temperature by

> mean (tempS$Temperature)

[1] 75.7

> log(tempSTemperature)

[1] 4.324133 4.334673 4.282206 4.326778 4.364372

One can also write user-defined functions to analyze the data. As we
mentioned earlier, for most basic statistical functions there already exists
packages containing the functions that would serve the desired purpose.
Some basic examples of functions are provided in the R-code of the
examples.

As indicated in the R project’s webpage: “One of R’s strengths is the
ease with which well-designed publication-quality plots can be produced,
including mathematical symbols and formulae where needed. Great care
has been taken over the defaults for the minor design choices in graphics,
but the user retains full control.” In order to show the flexibility of plotting
options in R, in the examples we provide the code for different plots for
time series data and residual analysis with various options to make the
plots look very similar to the ones generated by the commercial software
packages used in the chapters.

Exporting the output or new data can be done through write.table()
function. In order to create, for example, a new data frame by appending
to the original data frame the log transform of the temperature and export
the new data frame into a .txt file, the following commands can be used

> temp.new<-cbind(temp, log(temp$Temperature) )

\

temp.new
Day Temperature log(temp$Temperature)

1 1 75.5 4.324133
2 2 76.3 4.334673
3 3 72 .4 4.282206
4 4 75.7 4.326778
5 5 78.6 4.364372
> write.table(temp.new," C:/Rcoding/Temperaturenew.txt")
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