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PREFACE

In recent years the wide spread applicability of time
series analysis as a tool for medelling dynamic systems,
and forecasting the behaviour of the output of such systems
has given it a better recognition and importance,

In particular, time series analysis has a practical
application in explaining the different structures of agri=-
culture: crop production, area under different crops, yield
of different crops, prices of agricultural products, marke=-
ted productinn, cost of crop production, livestock, consum-
ption of agricultural products, income and expenditure of
rural populatien, nutritioen, etc, These type of data are
the most important source of informatioen on the characteri-
stics features of the development of agriculture and on the
changing relations ameng economic, social and natural phe-
nomena.,

In Ethiopia, the peried for which we have time series
data on agriculture is very short. We have time series da-
ta on: crop production, area under different crops and yield
of different crops for the last 6 years (1974/75-1979/80);
prices of agricultural products (retail price) for the last
20 years and cost of crop production for three years. How=-
ever, the new FAO/UNDP project:"Integrated System of Food
and Agricultural Statistics", which will be launched in Ju=-
ly 1980, will conduct agricultural surveys regurally tn de-
velop a system of statistical analysis for planners and
other users. Therefore, it is necessary to start develaping
and applying time series analysis in our agricultural pro-
blems for it is one of the important statistical methods
used for these purposes.

There are two approaches to statistical analysis of ti-
me series data. First, it is analysis of the behaviour of
singular time series in order to assess its present and po-
ssible future development. The second approach is analysis
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of interpretations between many time series variables explo-
red through the simple and multiple regression analysis.,

In principle, the main topic of this publication is uni-
variate time series methods. By univariate analysis we mean
description of the historical and future time series data in
terms of its previous values and/or in terms of mathematical
funtions of time variable t. Such methods seem to be highly
useful in agricultural analysis. The univariate approach pro-
vides the methodology for analysing of trends and measures
of periodical variation in time series with short-term (mon-
thly or quarterly) observations and for forecasting of time
series with monthly, quaterly and annual observations. Uni-
variate time series methods may be applied also to data sho-
wing changes of agricultural production, yield and area un-
der crops by region, i.e. to time series cross-section data.
The advantage of this approach is that to perform any fore=-
cast, it doeas not require supplementary data on other phe-
nomena infuencing the forecasted one,

This publication consists of three chapters. Chapter I
contains the basic information on the linear correlation and
regression between two variables and on the estimation pro-
blem necessary for explaining the topics covered in the re-
maining chapters.

In chapter II, the methods of time series decomposition
are presented. The method of seasonal adjustment may prove to
be useful for analysis of data on market and wholesale pri-
ces of agricultural goods. Analysis of actual trends of pri-
ces as well as their seasonal variation may serve as an au-
xiliary toml for the assessment of food situation at were-
da, awraja and regional level.

The different metheds of forecasting are described in
chapter III, and they may prove particularly useful in fo-
recasting crop production, yield of different crops and area
under these crops at the country and regional levels, Of cou=-
rse, in some fields of statistical analysis, regression ana-
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lysis methods, particularly multiple regression ones, are
irreplaceble. Econometric models are particularly useful
when we would like to reveal or know more precisely the re-
lationship among economic, social and natural phenomena, and
when we want to estimate the possible answer of investigated
variable on the change of other variables. The introductory
information on the multiple regression models and hypothe-
tical models for crop production and area under crops are
included in chapter III as its final part.
This publication was prepared by Dr., Stefan Giembicki,

FAO Consultant in Time Series Analysis, under FAO/UNDP Pro-
ject ETH/73/004. The author spent 9 months in Ethiopia in
1979, during which he gave series of lectures on time se-
ries analysis methods for the participants from different
institutions. He has been working in the Research Centre
of the Central Statistical Office, Poland, since 1966 ,and
has published a number of papers on time series analysis.

We hope that this putlication will be useful for the
users of agricultural statistics. Any comments that would
help us to improve the quality of our surveys and analysis
are most welcome.

Ghebre-Selassie Mebrahtu

Addis Ababa, December 1980 G TR li'
| O ey -

Headiof the Statistics Section

Planning and Programming Department



1.1.

CHAPTER I

LINEAR AcOCIATION BETWEEN TWO VARIABLES

INTRODUCTION

Bconomical and statistical analysts are very often
interested in the relationship between pairs of varia-
bles. To understand such relationships, we should dis-
tinguish between two different kinds of question which
could be asked.

1) Is there any evidence of relationship (or association)
between X and Y?

2) If we are able to specify the form of the relation-
ship between X and Y (for example a linear relation-
ship Y= a + bX) how we can estimate the parameters in
the relationship from a sample of observations?

The answer to the first question is explored through
correlation analysis. The second type of question is dealt

with . regression analysis. We confine ourselves to the

simplest case of the association between two variables X
and Y.

It should be noted, that the first question, above,
does not specify any form for the relationship between
X and Y. In particular it does not specify the direction
of causality between Y and X. This is important point,

that the correlation analysis techniques are designed to
measure the degree of association between X and Y and
they cannot be used to prove that a causal link exists
between X and Y.
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In discussing the association, we shall consider
the case in which X and Y are associated in a linear
fashion. There are morc genceral tests for association
which does not assume linearity.

THE CURRELATION COEFFICIENT

To illustrate development of a measure of assocla-
tion we shall analyse the following (hypothetical) data.
We have data on the use of fertilizers ( in kilograms
per hectare) and yields of wheat (in quintals per hec-
tare) from the random sample of 20 farmers.

Iable 1
Use of fertilizers and yield of wheat for a sample
of farms
| Use of fert- | Yield of Use of fer- | Yield of
i | ilizers wheat i | tilizers wheat
(X,) (¥,) (X, (¥,)
1 10 Bs'?t 11 2 %
2 15 16.0 12 0 8.4
5 5 1071 13 1 6.2
n 3 7.6 14 8 19.0
5 1 17,0 15 7 1%.0
6 10 18.5 16 L 8.9
o 14 26,0 172 12 1508
8 20 29.0 18 9 18.0
9 16 270 19 & 31,0
10 6 N5 20 15 22,0

As the first step in the analysis we may examine the
data visually by plotting them in a scatter diagram.
This is done in Fig. 1, where there does appear to be
some positive assoclation between the level of applied



fertilizers and yields of wheat, because for bigger
amount of fertilizers corresponds in gemeral, higher
yield of wheat.
30/ Y
20 L Yoy ol s
g — i, s
10

i n 4 '} . L) - A i
¥ 5 & e B8 10 12 T4utee 18 20 yk
Fige 1. :
Scatter diagram of data from Table 1.

We may state that points in Fig. 1 are dispersed and
that positive association between Y and X is association
between two dispersed variables. It means that each value
of Y variable corresponds not with one and -only.
one value of Y variable but also with some sub-sample of Y
variable observations. Similarly each value of Y variable
may be accompanied by a set of X variable values.

Dispersion of the statistical variable is measured as

dispersion around its mean value. In Fig. 1 a straight

line parallel to X axis intersect Y-axis at the point
20

Y = %ﬁ 21¥i = 16,2 qt/ha (e

which is arithmetic mean of wvariable Y. el

Sample variance

(1.2)




shows what is average squared distance between observa-
tions of the variable Y and its mean value calculated

on the base of a sample.

oample standard deviation

v

20
" 1 "i——rf 2
S = N?I'!{___J(Yi ~ T3 {1+%5%)
i=1

shows average dispersion of the Y variable observations
about its mean calculated for the sample of observations.

To obtain a numerical measure of the degree of

linear association we proceed as follows:

1) Calculate the arithmetic means of the variables,
(obtaining ¥ = 13.25 kg/ha and Y = 16.2. qt/ha).

2) Transform our observations to deviations from the
sample means defining x;= Xi-f;and ¥y = Xy - T s

i=1,2, ccoy 20, The new variables x; and i

may be illustrated geometrically as in Fig.Z2.

Fig.2. bcatter diagram of deviations from the sample
means (xi 3 yi),



In Pig.2 the c:lgin of the exis is point (XL, ¥ ).
The (xi » T3 ) points are distributed between the
four quadrants of the X, ¥ axes. These guadrants we
shall number I through IV,

Since x; and y. arc deviations from the (sample)
means they will take both positive and negative values
depending on the quadrant in which they occur, as will
the products X; Y3 » Inm quadrant I both x4 and ¥s
will be negative, so that the products ¥: ¥y will be
positive.In quadrant III x. and y; are positive ,

so that the products x5 yi_are pogitive.

On the other hand in quadiants IT and IV either
x; or yy will be positive (negative) when the other
is negative (positive), so that the products X: T3

will be negative in this two gquadrants.

The sign pattern of x;-¥; suggZests a numerical
measure of association. If there is a positive asso-
ciation between x and y we would expect a high propor-
tion of ( X; ¥; ) points to fall in guadrants I and

ITII, and hence a sum of prcducts x. 7. will be

positive. If there is a negative association between
X and y we would expect most of the (x; 75 ) to fall
in quadrants II and IV and hence};xi ¥ will be nega-
tive . If there is no association between x and y we
would expect to find the{x; y;)points scattered over
all four quadrants, with positive and nggative X5 V4
products tending to cancel out go that ;LX- I5 will

i
tend to be close to zero.

Howeverz;xi T is a rather crude measure of assoc-
iation because it depends not only on the strsngth of
association but on the sample size too. We may counter



this by considering not Xi s but its mean value

; 2L X, ¥ (.4
but this still leaves us with a verify problem of

interpretation because the magnitude of z_xi ¥s
depends on the units of measurement of the variables.
For example_}jxi y; = 800 andzgxi y; = 8 could actually
refer to the same variable if in the first case x is
measured in metric quintals when in the second in kilo-
grams. The problem of units of measure may be solved
if the average sum of products (1.4) is divided by the
product of bthe standard deviations of the variables,
SX and Sy « The ratio which results from these opera-
tions is called the coefficient of correlation, r
BRI

n SXSY

r (1.5

where

i =\/Z(Xi - XYW S g =\/X(Yi“- YF/N

so that
Y v

X4 zyi

™=

¥or computation the following alternative way of expre-
ssing r is convienient

ZKiY:‘L P ZXNi 2
K2 QXD e g DI
\/in - =V ZY? i

& (1.6)




The coefficient of correlation is a pure mumber(with-
out units) lying in the range ~1=r=1, taking the
values + 1 when all the points lie exactly on a stra-

ight line, the sign depending on whether the line has
a positive or negative slopes

For the negative association between x and y coefficient
of correlatiom is negative ( r<=o) for the positive

assoclation, I=0 »

For assessment, if correlation coefficient within
(=1, 1) border shows significant association special
tests were developed. However, it is not the subjjectt
of our work to present jthese: teSts. Readers interested
in the topic may find it in manuals of statistics, for
instance [1 s 4 . 1Q] o
We will confine ourselves to the statement that relia-
bility of r measure depends, among others, on the size
‘of sample. For small sample the calculated correlation
coefficient value may be influenced by chance,differing
strongly from the true correlation coefficient between
variables X and Y-

The sample correlatiOn coefficient is conceptually
simple and is easy to compute, but its interpretation
does require some care. In the first place, as has
already been mentioned, the correlation coefficient
measures the degree of linear associlation between X
and Y. Thus,if we take T as non~significant we haves
not ruled out the possibility of a strong non linear
relationship between x and y. The latter case must be
investigated by other methods, the simplest of which
is to plot the data in a scatter diagram. For example,
the reader may plot x and y where y = x2 and x = -4,



Te5e

=5y =2, =1, 1, 2, 3, 4 and calculate the correlation
between x and y. Tests for non linear association are
presented among others in L4, 10].

The second problem which has also been mentioned al-
ready is the danger involved in interpretting a strong
association as a causal relationship. A high correla-
tion between X and Y does not prove that X causes Y or
viceversa. Here we may distinguish two situations

I IL

X e« Y XF\\Z//ZY
In situation I, X and Y are causally linked and we observe
Y increasing (decreasing) because X is incregsing (decre-
asing). In situation II,X and Y are not causally linked
to each other, but both are positively linked to a third
variable Z. Thus if 2 increases, both X and Y increase
and we observe a high correlation between them. This
kind of correlation is named " spurious" correlation.
Often, when the observation on X and Y are collected over
time a good example of 4 varigble is the growth of popula-
tion,

The one important thing here is that sometime not
too much weight should be pPlaced on a significant sample
correlation coefficient in isolation, since to establish
causal linkage one may require a considerable amount of
further research.

SIMPLL REGRESSION ANALYSIS AND LEAST S UARES METHOD
We turn now to the estimation of the parameters in
a relationship between a two variables, i.e. some varia—

ble Y is a linear function of a single explanatory vari-
able X, To illustrate the estimation of a linear re-



lationship consider the data on Yield of wheat (Y) and
use of fertilizers (X), that we reported in Table 1. We
shall suppose that there may be a linear relationship.,

Yi = AR in + ei (3)

where errors ey reflect the fact that we expect discre-
pancies between adjusted function and observations Y,
because of another variables than X influence Y but are
not included into model.

we have data on the X and Y but errors e, are unob-—
servable. Parameters a and b are unknown and our object
is to estimate them from our data. The scatter diagram
for these two variables is reproduced in Fig. 3 in
which straight line labelled a + bX represents the
(unknown) true relationship,

Yﬁ'

-
¥ig.3. Data from Table 1, and a fitted straight line.

roints of this straight line determine the relation between
£ and Y variables. Our object is to draw some straight line
which is an estimate of a(a+bX) line. Denote this fitted
line as ¥ = 8 + dX (on fig 3 dotted line). Differcnces
between the observations Ys and fitted line

TR TR & (1.4



are called residuals.
The simple effective and accurate method for the estimation
of a and b parameters is method of least squares.

I'he method of least squares accomplishes two objectives:
1. The sum of the vertical deviations of the observed values
from the fitted straight line equals zero. If a vertical
lines were to be drawn, as in Fig.3, from each Y value to
the straight line, the vertical lines extending upwards
from the fitted line would exactly balance those extending
downwards. This fitted line is not the only straight line
from which the algebraic sum of the deviations equals zero;
as a matter of fact, any straight line (other than vertical)
which passes through (Y , X) point fulfils this requirement.

2. The sum of the squares of all these deviations is less than
the sum of the squared vertical deviations from any other
straight line or in other words the sum of the squares of
this deviations is minimal. This is the reason why the
method of fitting is called the method of least squares.

This requirement may be presented as follows:
B R e
D= Zet = 2(11 - Yi) = minimum

ol
D=§£:(Yi - a - bX)2 = minimum (158

The sum of squares D depends only on the adjusted values of a
and b parameters (Y and X are data). Therefore we should find
such a and b which will minimize the sum of squares of D.

from the mathematical analysis results that the necessary
conditions for the function D to be minimiged is

3D
=0 and OD =0 1.6
Da ob : :
where 2D and O D argpartial derivatives of function D with

respectato a and E, These give the 2 normal equations for a
and b, namely,



DY, =N 4 bYX,
JYLX, = a)X +Db)X (laged

solving this set of equations with respect to a and b

we find:
— 2V 2%,
s e g | T e
2 (¥x.)%
" _Z Xi = _N_l-L“
a= Y - bX g (1.9)

= T T ok K
where ¥ = - ) Y., X =g _)__xi
i= /], 2’ﬂﬂﬂ,N
additionally we see that if we divide through the first
cquation in (1.7) by N we obtain
Y- a + bX

that is, the least squares estimates are such that the estima-

ted line passes through the point of means CTy Xl

Using formulas (1.8), (1.9) we get the following relationship
between yield of wheat and use of fertilizers in our example:

- Parameters:

8= 5.5 b= 1,14
- regression equation
Y, 5 5.5 1.14%, (1.10)

- coefficient of correlation between X and Y is r=0.898.

Taking fitted function (1.10) as approximation of real
relation between Y and X we may find for every value of used
fertilizers i.e. for every value of X variable within its
range of variability, corresponding yield of wheat.
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THE TATITICAL PROPURTTES OF THa LuaST SuUaksd
ESTIMATORS

teconeomic and social phenomena are stochastic by their
nature. It means that every observation of economic or
social variable consists of two parts: 1) real parts,
l.e. level common for all observations and regular
changes of the level, 2) individual features of obser-
vations or in other words random variability around the
real part.

Regression model should include variables explaining
generation of the real part of the variable excluding
factors causing its individual (random) variability. This
individual variability is included into regression equa-

tion as unobservable random error term.

It is assumed in regression analysis that error term
should fulfil following conditions:

L(e;) = 0 i 9,25, Sl (1.10)
Ecei) - 6° - (1.11)
E(eiej)= 0 when iz j (1.929

where I is symbol of expected value (see [1], [4] 5

The first assumption is that €; are random variables
having zero means, implying that Yé are randomly dis-
tributed arocund the true relationship so that E(Yi) =
B(d + bX, + ei) = a + bX,. assumption (1.11) implies that
€; Trepresent random variables with the same variancc'52
and assumption (1.12) shows that covariances between
random variables 4y eJJi;zj are equal zero, then this
variables are independent.
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sdditional assumption is that explaining variable X
represents a set of constant values what implies that
only source of random variability in variable Y are random

errors e. .
1

The parameters a and b estimated by means of least
squares are linear, unbiased end have property of minimum
variance (compare [10] , pages 137-140). The first proper-
ty means that a and b are linear function of dependent

variable Y. This propertly has practical implication
nemely it simplifies derivation of statistical measures of
accuracy (compare [ﬂQ] y PP.T140-144), second property means
that cstimated parameter may differ from true parameter
only randomly. The last property is that out of the class
of linear unbiased estimators of .a and b, & and % have the
smallcst sampling variance. Least squares estimators have NI
udbbve properties even if some of the assumptions (1.11)-
(1.12) are not fulfiled. If we impose additional condition
Lo c5 terms, that random errors come from normally dis-
tributed random variables it is possible to develop tests
for hypothesis about statistical significance of the para-
meters and to construct, limits within whose true para-
meters should be found with a high probability (compare
oy 0] s
1.6 GOODNGise OF FIT
If assumptions about error term in regression equation
are fulfiled it can be proved (see [10] s Pol42) thah

residuals

By = Yi - Yi = Yi - a - bxi (1.43)
are unbiased estimators of the errors ey and their sample
mean equals \ZETO. Therefore it is shown (comparc[jOJ

DT150) thatgunblased eptimator of error term variance ﬁ



< 4. =

e - Y e2/(m-2) (1.14)
oquare root of de
= \/) 5/ (@-2) (1.15)

is called standard erior of estimate and is applied

as a measure showing average dispersion of the variable
around fitted function. wtandard error may be interpreted as
average error which can be commited when we take approxi-
mated relation as a true one.

after substituting a = Y-bX into (1.13) ., we get
(Y; - ¥) = p(X-X) (1.16)
e - - 1
8= 73 in ( 7)
where y; =Y -Y, x; =X; - X
taking square of éi we receive
-2 2
BTy =EhX 4 ngf (1.17)
oince by.x. = b2x2 then
. < g =
S T ik o8 S
o1 Beg ST (1.18)

Taking summation for i= 1,2,...,N we receive

EY% - Jei ngXf (1.19)

vn Bthe left-hand side we have the sum of the squared
deviations from ¥, which we may take as a measure of the
total variation in Y which is to be explained., Un the right-
hand side, the berm Zp measures the variation of residuals,
i.e. differences between fitted function and observations Y
and may be taken as variation in Y which remains unexplalned
by the estimated relationship between X and Y. It follows then

that the term bgg:xi may be taken as a measure of the variation
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in the ¥ which is explained by the fitted line.
Given the partitioning of total variance into explained
and uncxplained component we may define a measure of good-

ness of fit as
2 _ varistion explained

BL= variation to be explained
" __TbEZ 3 (1.20)
_ .
E{ Iy
. E:,E Z:Ag
. - ) @5
= E;yl I Py (1.21)
EZ 2 K‘y?
5 J4 LVg

The statistic R~ is called the coefficient of determina-
tion and when it is expressed in the form given in (1.21) it
is easy to see that its limits are zero and unity. For
example if the fit is perfect, z:é§= O and Re = 1, On the other
extreme if all variability of Y is included into residuals

82 = U, [Thus Oéﬁg«g 16

107 THE ReLaTIONGHIP BETWEEN CORRELATION sND REGRESSION
EAPRRERAENNS)

Because formula (1.8) for b parameter estimator may
be presented as Ei
B0,
b = _FJ;_EL. G2
i
and formula for coefficient of correlation between two
variables can be shown as
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]

then

D= IWJE:yi//Vﬁixf = rSy/SX (T.24)

~ Lore interesting result emerges if we consider the coeffi-

cient of determination RE, Here if we substitute for b from
(1.224J we have

| e
# PR 5og - () B
Tx, 73
) Qﬁigiﬁjiyi

Thus the coefficient of determination equals the square of

g (1.25)

the coefficient of correlation between X and Y.
R
Finally it is worth showingytheoretical differences between

the correlation and regression models.

1) The correlation model does not specify the direction of a
causal link, while the regression model distingushes betw-
een the dependent and independent variables,

2) vtatistical tests on the correlation model depend upon
both X and Y being normally distributed wvariables, whereas
in regression model the X are assumed to be a set of con-
stants and tests are based on the assumption that the
random errors are normally distributed.

At the end we would like to show calculation of the standard
error be and coefficient of determination R? for the data on
use of fertilizers and yield of wheat.

Having estimated regression equation

~

Y, = 5.5 + 1.14X,

we should calculate residuals

~
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and sum of their squares and use themfor calculation of b »
For calculation of e we need additionally E:(Y - Y)a

all calculations are shown in working Table below.

o

¥Yield Yield of | Residuals | Squared squared

of wheat - | Y. -Y.=8, | residuals diffgrsnces
wheat o Bg= B CH (Y.-Y)

(Y, )-datal * - . *

Ba'f 16.9 - 8.2 Y ot 56e
16.0 226 - 6.6 43,6 0.0
s i - 1.1 Tl Ve i

7.6 8.9 - 1.3 147 4.0
T 180 - 1.0 1.0 0.6
18.5 16.9 1 .6 2.6 535
26,0 2%.5 445 203 96 .0
29.0 2845 0.7 & 163.8
27 .0 29a 7 Had 10.9 T6G6
155 1245 Bl 102 05

7.5 28 - 0.3 0.9 7547

8 o4 > 2:9 8.4 60.8

6.2 6.6 - 0.4 1B 100.0
19.0 14.6 4.4 19.4 7B
158 g b = 0.5 QS M0 2

8.9 101 - 1.2 T4 e 5 W
1540 19.2 - 4.2 17.6 1.4
18,0 15:8 2k 4.8 el
3510 29 .4 0.6 O.4 219.0
22.0 20.% 1.9 2.9 35.6

324 4 %235 .1 i 216.9 T115.3

Y= 16.2

sccording to formula (1.2) sample variance of dependent variable
I is as follows

s; - 1115.3/19= 58.70

cample variance of error component

g = 226.9/(20-2)= 12.6

otondard error of estimation

Sg= Y12.6 = 3.6

2y
o
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Voefficient of determination

R = 4 o 2189 o .06
1115.3

or ¥~ = 0.898° = 0.806

A oabhe SR

average dispersion of the data around adjusted straight
line is 3.6 . about 81% of the total variance in the ;
yield of wheat is explained by variability in use of

fertilizers.
1.8. BIBLIOGRAPHICAL NOTE

The purpose of Chapter I was to present the basic
information on the correlation and regression methods and
on nethods of estimation which are necessary for the topics
explored in.. . Chapters II and III.

Here .we have confined ourselves to estimation lin-
ear assoclaticn measures between two variables. Some
ideas of the nonlinear relations are presented in chapter
II. Zxample of multiple regression model as well as biblio-
graphy of the subject are presented in Chapter III.

There is extensive literature on analysis of corre-
lation and regression and on problems of estimation. We
nay discern here two different approaches to the subject.

Mathematical statistics approach investigates stati-
stical relationships between variables on the buase of
sauples from statistical population. It is exploring
statistical properties of different estimators and esti-
mation methods. Representatives of this approach are
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ameng others Dreper and Smith [1] , Graybill [5] , and
Hoel [4] .

Feconometric approach is directed toward construction of
nodels explaining and predicting behaviour of econonic variables
and is looking for the estimators and estimation methods use-
ful for investigated topics,
regression models and estimation problems for economic inves-
tigations are presented among others in boouks of Johnston[ J,
hlein [6] , and Malinvaud [7] .

«pplications Books for éesk programmable calculators HP-29
[11] nd HP-67/97 [12] are included to the References as
they provide programs for single regression equations,
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Chapter II

TIME SERIES DECOMPOSITION

INTRODUCTION

ficcording to data collection method we distinguish
data describing some statistical population in one chosen
moment or period of time and data on the statistical

population in many consecutive equidistanced moments or
periods of time. The first kind of data is named cross-
section data, the second kind is called time series

data.

Below are examples of time series at different levels
of agregation:

1. Sequence of consecutive monthly reports of the same
family about monthly total expenditures.

2. Sequence of consecutive monthly reports of a factory
about production.

3. Efport of coffee from Ethiopia in 1965-1971 E.C.

4. World Production of Wheat in years 1960-1971.

It should be noticed that in some of the above
examples the time intervals for observations of time series
are one month in others one year. There are time series
with even shorter time intervals such as one week or one
day and with even longer time intervals such as two or

five years.

Time series with daily, weekly, monthly and quarterly
observations are short-term observations, time series,

with yearly or longer time intervals are long-term obser-

vationstime series.

This classification is important because the amount
of information about behaviour of examined phenomena in
time depends on 1t how detailed the time series is. Time
series with short-term observations contains bigger amount
of statistical information than time series with long-
term observations. Which kind of time series should be
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used for analysis depends on the purpose of analysis.

If we are interested only in the long-term tendency we
should use yearly data. If one wants to reveal and
estimate within year regulatrities should utilize a time
series with monthly observations. Ofcourse more labor
consuming is short-term time series analysis than long-
term one.

We distinguish time series with time interval and

momentary(time point) observations. The momentary obser-
vation is observation in the determined moment of time,

for example temperature at 12% every day. The time inte-
rval observation is sum or average of observed statistical
variables in the time interval, for example amount of
rainfall in a month, average temperature in a month, yearly
cars production etc. In principle this last classifica-
tion of time series is not very important, because these
two kinds of time series do not need different methods

of analysis.

The most important problems which can be solved by
time series methods are the following:

1. Short-term forecasting of the process, that is
estimation of the most probable state in the future
time T+1, applying forecasting methods which utilize
time series observations from the present time T
and previous times T-1, T-2,cc0

2. Decomposition of time series that is "breaking up”
the series into trend, cyclical, seasonal and
irregular (white noise) components.

'3. Control and regulation of the process, consisting
in comparing of its actual state with programmed
or planned trajectory and in correcting of devia-
tions from it.

These problems are common for different sciences and
are s@lved in different fields or real life such as
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economics, sociology, telecommunication, engineering, military,
aeronantics etc. The objective of this work are economical
application of time series analysis. Particularly, we are in-
terested in decomposition and forecasting problems and

methods applied to agricultural statisticse.

Decomposition methods are particularly available for
analysis of time series with short term observations, such as
monthly reports about retail and wholesale prices of food-
stuffs, price index of food, monthly reports on food arrivals,
monthly or quarterly data‘about delivery of fertilizers, supply
electric power for agriculture etc.

Information about motion of prices may be contaminated
with big intra-year and irregular variability. Therefore, to
reveal actual tendency of price one should estimate and remove
these contaminations.

For some variables, such as demand for fertilizers, farm
implements and electric energy the distribution of demand
over months for a year is important. hnowingviitra year varia-
bility of demand it is possible to prepare plan of supply,
transportation etc.

Big attention in the work was paid to the simplest time
series decomposition technique, i.e. fitting a trend curve to
empirical data, HOWever,'this technique is very useful for
description, in terms of simple mathematical function, the rule
of time series development. Apart from that trend adjustment
usually is a part of a more complex time series decomposition
methods and can serve as a base for a simple forecasting, part-
icularly on the bases of time series with annual observations.

2.2, BASIC DEFINITIONS OF TIME SERIES ANALYSIS

After descriptive introduction to time series analysis
we would like to give more strict statistical definitions.



Definition 1

Time series is a sequence of observations which are
ordered in time, say Xq 9 Xpy see Xpy coey Xmy the interval
between every two consecutive observations being fixed and

constant.

This definition is“classical one. More up-to-date and
more convenient definition is as follows (compare !ﬁLQ)

Definitions 2

Time series g9 Xy seey Xpy ooy Xp is the sample from
the sequence of random variables X9 X2”4XT° This sample
(that is time series) is formed in such way that each random
variable is represented by one observation of a time series.

Sequence of random variables Xq,,,,, XT is called a random or

stochastic process.

If we will reflect upon this definition we see that it
is not ao far from reality. ILet us notice that each observa-
tion of a time series is the realization of infinite number
of potential possibilities. In time t, this infinite number
of possibilities is represented by random variable Xpe

For example production of Teff in Ethiopia in 1978479
(1971E.C.) resulted from thousands of reasons and conditions
which caused this production to be about 10 million gquintals.
Essential for understanding stochastic character of Teff
production is that before harvest there were infinite number

of possibilities and only one realization of this possibilities
occurred (we may say it was sampled by the nature) after
harvest. This realization is a time series observation. This
stochastic character of time series is the reason that we can
not predict an observation of time series exactly. Thus,the
theory of probability and statistics can be applied when dealing
with time series analysis.
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Fach random variable Xt and in consequence each obser-
vation of time series consists of the two parts: a real or
rather regular and white noise which is a random upredic-
table part of the process.

Thus 1
X = Xt + ey G250
The distribution of ey is usually assumed to be normal
with
E(et) = 9 (22
and 62
_ if i=0
E(et et+i)_
0 if i#0 (2=5)

How to estimate the regular part of the process (2.71) and
its irregular part or in other words white noise, having
only one observation from each random variable constituting
the random process? Solution of this problem is one of the
main tasks of time series methods.

Time series with short-term observations (weekly,
monthly or quarterly) consisting of sufficient number of years,
contain information about development of this phenomena in the
long perlod of time and about regular variations within yearly
perlods,;fFlrst kind of information that is information about
direction and speed of changes in long period is called
trend, second kind of information, that is information about
intra year regular variations is called seasonal, or more
general, periodical variations. This two kinds of variations

constitute regular part of time series (or more general of
the random process) variability. This regular changes are
disturbed by irregular (random) variations, which in the

theory of random (stochastic) processes is called white noise.

We are going to use for it traditional terms:
irregular term or irregular variations.

Time series with long-term observations (yearly or longer)
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contains only information about trend-cycle and
irregular variations from year to year.

2.5+ METHODS OF TIME SERIES PRESENTATION

Time series can be presented in the numerical or
graphical form. Numerical presentation is very simple.
Single time series usual  is presented in the form of

[
sequence of data.

Set of time series should be presented in the
form of table. For example production of Teff, Yield
of Teff and Area under Teff in 1967-1971 E.C. can be
presented as in Table 1.

Table 1

PRODUCTICN, YIELD OF TEFF AND AREA UNDER TEFF

Production | Yield Area
Years| (in th.qu) | (in gt ) | (th. hectares)
1967 8264 6.9 1189
1968 9730 6.9 1403
1969 9812 ZeH 1311
1970 10009 78 1279
1971 10601 TaS 1365

Such arrangement of interrelated data gives possibility
to make first visual evaluation of this data.

Time series with monthly or quarterly observations may
be presented in the form of table with months arranged as
Tows or as columns. Example of such method of presentation
is given in Table 2. Such arrangement of data enables to
reveal intra-year variation and trend.



27

1
]

Table 2

ELECTRICITY SALES FOR AGRICULTURE
IN 1973 - 1977

Quarters
X 7 I11% IV
1973 134 115 91 144
194 04 1 26h 97 299
1975 394 191 86 150
1976 168 140 95 219
1977 + 219 ¥ 486. | 951 195

“Years

Sometime more informative about over-time ¥ehaviour of time
series may prove graphical presentation. ZExample of
graphical presentation is given in Fig. 1

)CL . :
A0 !
4 J ;
2004 e :
: \%\»/4
/x ,\ / )
- / : {
T \-. / \\/ 1 |
100 4 Y ;
i
»' : ;
. 3 N i . 4 i 5 1 . g L L 1 .
0 73 7Y 73 76 17 .

Fige 1. Electricity sales for agriculture

In 1973-197%

The horizontal line known as "t axis" represent time: years
and months within years. The vertical line is destinated
for the observations of time series. The point at which
the two axes intersect is zero for both of them and is
referred as zero point or origin. For monthly or quart-

erly data it is necessary to divide time scale for years
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and months (quarters). From the technical point of view it
is important to choose proper proportion for a curve diagram.
If time axis is exaggerated diagram can give an impression
of unimportant fluctuations of examined phenomena. When
vertical scale is exaggerated the diagram can give an .
impression of tremendous fluctuations. Problem of proper
scale choice is very important when we want to compare an
over-time behaviour of a few related time series. It is
recommended to use the same scale for all sets of data
presented in the same units. For example if we want to com-
pare area under different cereals in Ethiopia, we may use
the same vertical and horizontal scales for all diagrams or
to present them within common t and X axis. But sometinme
the magnltudbs of compared data are so heteroagegneous that
agégie Eo not glve p0581b111ty to assess if rates of their
changes are 51mllur or not. Such situation is presented in

Fig.2. whereﬁfollow1ng sequences of numbers were plotted

t I 2 3 & 2
X1 5 6 Pad Beb. MO
X2 30 56 HA5.2 5.8 622

each of the same rate of growth equal 20%. In Fig.? the same
numbers after logarithmic transformation were plotted.

Pig.”. Plok of 6riginal data Fige.3. Plot of logarithmica-
ally transformed data from
Fig.2



The ability of the usual type of chart to give a satis-
factory visual impression of absolute change but not of
ratio of change is brought out by the exanple below which
‘we repeat after Croxton and Cowden [5] .

Table 3
An arithmetic (A), geometric (G) progression and
progression with non constant ratio of increase (NC)
(&) Arithmetic [|(@ Geometric NC
| Year Y |Amount Y |Percent Y Amount Percent
| (Xvalue)| value| of value| of value| of bo 20
increasg increase increase increase
1971 0 128 50
1972 200 200 192 50 80 B0 60.0
1973 400 200 288 50 160 80 100.0
1974 600 200 432 50 300 140 875
1975 800 200 648 50 990 250 8%<5
1976 1000 200 972 50 1080 530 96 .4
1977 1200 200 1458 50 1730 650 60,2
1978 1400 200 2187 50 512500 770 44,5
In Table 3 three kinds of changes are presented. The case

A represents a constant amount of increase of 200 units per
This or any other arithimetic progression (constant

year.

amount of increase or decrease) will be depicted by a
straight line when plotted on the arithmetic grid. This case

is

shown

in Fig. 4 by straight line A.

Curve

G is the

result of plotting a series of figures for the G set of
data from Table %. QObservations of this time series show
This curve bends upward more and

increase of 50% each year.

more sharply as time passes.
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Fig.4 Arithmetic progression (A) Fig.5 Geometric progression

geonetric progression (G) and (G) and progression with
curve with non-constant ratio non-constant ratio of in-
of increase (NC). crease NC plotted on semi-

logarithnic grid.

A series showing a constant ratio of increase or dec-—
rease is known as a geometric progression, and any geometric
progression will yield a curved line when plotted on ari-
thuetic grid. An increasing geometric progression (trend)
is represented by a curve line which slopes upward and is
concave upward; a decreasing geometric progression is
represented by a curve which slopes downward and is concave
%Pward. A serious difficulty in interpreting such curves,
however, lies in the fact that the eye cannot discern whether
or not a particular curved line does or does not represent a
constant ratio of change. Curve NC depicts a NC set of data
from Table % which is neither an arithmetic progression nor
geonetric. Aan eye cannot notice this fact because the curve
bends upward. Therefore it is not possible for the reader of
an arithnetic chart to be sure whether a curved line
represents a constant ratio of increase, a ratio of increase
which is diminishing or a ratio of increase which is
accelerating. Any series of figures that increase more rap-
idly than an arithmetic progression (for exanple 10, 12, 15,
24, 30) slopes upward and is concave upward when is plotted
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on arithmetic gridj; any series of figures that decreases

less rapidly than an arithmetic progression (for example
100, 91, 83, 76, 70, 65) slopes downward and is concave

upward when shown on arithmetic coordinates.

Therefore we may conclude that graphic comparisons
in respect to ratios of changes will be facilitated if we
can employ a kind of grid which will make a constant ratio
of increase or decrease appeared as a straight line.

It can be done in two ways. We can make a diagram of
ratios of X values instead of their absolute (arithmetic)
values. Such diagram has an excellent diagnostic property
because constant rate of change (increase or decrease)
gives a straight line parallel to a t-axis, linearly
accelerating ratio of increase gives a straight line sloped
up, linearly diminishing ratio of increase given a straight
line sloped down, etc. Similar result we will receive if
for diagnosis purpose we use instead of ratios logarithms
of Xt values and draw them against the background of t
values, because logarithms of constant geometrically
progressive numbers have constant first differences and
therefore their diagram gives a straight line.

Table 4

A geonetric progression and logarithms
of the geometric progression

§ Logarithm | Anount of
year Yy of increase of
(X value) | value | ¥y value logarithm
1971 128 | 2.10721
1972 192 2.283%30 0.17609
1973 288 2.45939 0.17609
974 423 | 2.63548 0.17609
1975 648 | T2.81157 0.17609
1976 972 2098766 0.17609
1977 1458 S 16975 0.17609
1978 2187 | 3.3%984 0.17609




In Table 4 the geometrically progressed data from Table 3
ar¢c shown again and with it are given the logarithms of

the numbers and their first differences (signed as amount
of increase of logarithms). Examnination of this logarithuas
reveals that they Orm an arithmetic progression; therefore,
if this logarithms are plotted on an arithmetic grid a
straight line will result, as may be seen in Fig. 5(line G).
Method consisting in plotting of logarithms instead of
original values of Xt series involves the additional step

of looking up logarithms before the data can be plotted.

However, instead of plotting the logarithms of the obser-
vations we may use a grid which is designed with a loga-
rithnic vertical scale as in Fig.6. Semilogarithmic grid
can be bought or can be prepared.r..::. .". It can easily
be done because it merely involves spacing the vertical
scale values in proportion to the differencies of their
logarithmg. For exauple the senilogarithmic scale
presented in Fig.6 was prepared by sPacihg vertical scale
in prcportions between logarithms of consecutive natural
numbers from 1 to 64, This sequence of numbers may be re-
placed by any other for exanmple 15, 30, 45..., 0r Q.5, 105
1¢5sc0y because semilogarithmic scale is proportional to the
differences of logarithms of numbers, and this differences
depend only on the ratio of numbers not their magnitudes.
Therefore, the same difference of logarithms stands between
100 and 200 and 0.5 and 1.0 because this two pairs of
nuabers has the same ratio 1:2. Great advantage of the semi-
logarithnic scale is that we can compare ratios of changes of
phenomenas of different scales (magnitudes) as it was shown
perlier if Fig.2 and 3.



Fig.6. Semilogatithmic scale for numbers with ratios
aS 1:2:3=|00:6L“.‘

2.4. METHODS OF TREND ESTIMATIOM

2.4.1. General problems of trend estimation

There are three important reasons for attempting
to estimate the trend. The first reason is to in-
vestigate the deviations from the trend. These
deviations (residuals) can consist of seasonal and
irregular variations. Sometimes when time series in-
cludes sufficiently long period of time, this time
series of deviations includes information about
cyclical variations. If time series is not very long,
covering only part of a cycle it is analysed as part
of the trend.

Second reason is that we want to study the trend
itself in order to compare one trend with other, to
analyse changes of ftrend in connection with different
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fuctors influencing it and to forccast future vilue of
trend. . T

Thuese rceasons cause that in mony methods of Tas.
decomposition estimution of u trend is a first stage
of decomposition procedure.

The purpose¢ for which mensurcements are mude puartly
determines the methods adopted. If the object is
solely to isolate trend and cycles it scems reasonable
to suppose thut the choosen trend line should pass
through the cycles in such way s wpproximately to 2llow
(. bulancing between the positive or negative phiascs of
gach cycle. when our tuask is not isolating trend and
cycle but only to follow the cycle, trend and cyclical
vorictions should be considered jointly. When the
object is to make comparisons, generalizations or fore-
casts, the curve should be expressed by o moathemncticaol
formula. By meons of such a formula one can, for in-
stance sy that at a given time series shows o certnin
ratio or certain cmount of growth per annum or per menth
ond that if this tendency continues, the trend will
reach o certain value at some specified time in the
future. Fitting a trend by a mathemotical formulsn docs
not, however, remove the subjective element from trend
fitting. The statistician can vary the behaviour of
the curve by selection of the type of formula he employs
or the years to which he fits the curve.

A mathematical equation allows .us not only to draw
the trend of a time series but also provides in the
trend equations, & consise definition of that trend.

If the trend itself to be studied or to be extended is
beyond the observed data it is particularly desirable
to desceribe it by an objectively determinced cquation.
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2olte2. Fitting a straight line

The simplest type of curve is the straight line,
which is described by an equation of the type.

Py o= &% bk (2.4)

in which P, are the points of the straight line cores-
ponding to the values of time t. Variable t is called
time variable and denotes nominal units of time, for
example years: 1967, 1968,... or, more often, numbered
units of time for example O, 1, 2,..., T where numbers
are given as numbers of consccutive observations of time
series. Because straight line (2.4) is adjusted to time
series data, Xps We should rewrite this equation using
symbols of time scries observations, but it should be
kept in mind that because of irregular and periodical
variations straight line do not pass through the time
series observations. Differences between true observations
and trend will be called residuals.

Therefore, relations between t.s. observations and trend
line Py should be presented as follos:

. = Py ey (285 )
where rt — residuals.

For time series with yearly observations this residuals
are simple irregular variation which according to our
convention we denote with €. Then for such time series
for which straight line is true, trend line can be

Presented as follows:

e = a4 bE + ey (2.6)

parameters a and b are parameters of unknown trend line
of the random process.



Larameters of trend line adjusted to the sequence of

~
t.5. observations we will denote as & ~nd b and trend value

Loa
caleculated with this porometers as ﬁt. We use symbols 3

ud b because cstimated parameters are only approximation

to the true porameters. Therefore, approximation of the

unknowvn true trend is trend line described by the follow-
ing equation:
. length

Values oy b and X depends on many things such as

of t.s8. tuken to the annlysis, applied e¢stimation proccdurc
vte. otruight line can be adjusted to the set of data

presented on the diagrom by hand. It is the simplest esti-
mnrtion procedure.
Hor t = U equation (2.7) beconmes

X =14 (2.8)

0
doen purameter 2 is the initial value of linear trend (when
t=0). It 18 a fixed point &t which trend line intersect
Parancter b defines relation between t variable

¥, — OX18.
abgolute

i t
:nd trend linc xte

trend value is proportional to the corresponding value of
t plus parameter a, that means that b can be calculated

This relation is such that

(frem the dicgram of trend line adjusted by hend) as

follows:
o TR (2.9)

Thcen parwcter b determines the "speed" of a straipght

lines change.



¥ig.7. A straight line adjusted by hand

to the dispersion of time series obser-
vation.
Value of b is the same for any t, for example (¥ig.7):
t= 10,%,4 =3, a=1, then b=(3-1)/10=0.2.

raraneteor b defines the slope of the straight line or in
ther words the mngle between trend line and t - axes. If

~

o
b= 1 it meons that §t = 8 % fo TFf % = O, it = 4 (constant).

2eltede a4 lenst squaores method

The straight line can be adjusted to the time
series more exoctly using analytical method. adjusting
of o straight line mceons mercly estimation of a and b
prrameters.

oimple and exact method of the parameters ustima-
tion in the case when relation between variables is
lincar is least squares method.
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The least squares criterion applied to the fitting
of a straight line trend to time series can be expressed
as follows (see chapter I, section 1.3):

e —
D= ) 82 = N P . ¢ /2= winimum /2.10/
/B¢ Lol B »

where &t is expressed by /2.7/.

Taking into consideration that %; stands for a straight

line, the formula /2.10/ can be rewritten to the form:
o

/xt - - bt/2 = minimum F2ALS

= rf’_l

D

Parameters a and b can be found from the following equa-

tions:

2D _
=a O and % = B T 2el2f

=5 and 0D are partial derivates of function D
N “ob

where

with respect to a and b . This gives the set of so called

normal equations /see chapter I, section 1.3, formula 15
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Solving this set of equations with respect to & and b

we find
R =
\\ Y \f‘ Xt‘\!:} it
v Kl - Tamt. e
A.d.’__..l' t N
B S = 72,037
5, w 2 3 . oy
I
N
g ® % =b P& 7y

where x is the arithmetic average of Xy

e+

- the arithmetic average of t .

We can transform t variable in such way that formula /2.13/
will be simplified. When instead of t =1, 2, 3,..., T, we
use variable t° = t - I, parameter b is calculated as

follows.

b B et £o. 354

A

hecause + 7 = @



Formula (2.15) gives the scme estimation of parameter b as
gstimation on the base of formula (2,15), but s simplery

Below are given examples of the t variable transformed.

T E="1,2:54,5 (P= odd numbecr)

FLTE gt =B, AL O, 340
2) t= 1,2,%,4,5,6 (T= even number)

EuiB B ah® mrB Bl o 0Ty BBy 1.5, 86
3) t= 1967, 1968, 1969, 79?0, 1971

Te 1969 Hle =2, =1, 0,70, 2

Excrcise 1.

Using least squares method adjust a straight line trend to
the data on the Area under Teff in Ethiopia in 1967 - 1971E,C,

Working Table

DATA ‘ X Residuals
X g A e Ll iiiiguiiﬁz? 7T % |
@ rvations) !
1189 11-2 | 4 |-2378 1263 P4
| 1403 2 L 1 | =1403 1286 117
| 1311 z 1+ 0 0 0 1309 2

1279 4 7 1 | 1279 1332 ~-53%

1365 s'l o | 4’ | 295D 1354 11

Z}ct= Zt"g: X t'= zxt = %

{ 6547 10 288 6544

e : B . = - |
b =28 2008

a = 1309 - 22,8 + 3= 1240.6
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fgquation of a straight line:
§t= 1240.6+22.8
average increase of area under teff per annum in 1967-1971x,C.
was 22.8 th, hectares.
2.44. GUODNLoS UF FIT UF aDJUsTED TReND
Goodness of fit of adjusted trend is measured by means
of the stuandard error of adjustment

, 5, =\ (x, - %,)%/(1-2) (2.16)

which shows average dispersion of the time series obscrva-
tions around the trend line or in other words average dis-

persion of residuals.

The number by which sum of squares i8S divided in
(2.16) formula, T-2 is called a number of degrees of
freedom. The reason for which we should subtract from
T just 2 needs a complex mathematical explanation. Here
we explain only that degrees of freedom are equal to the
number of observations minus number of estimated parameters
in fitted model.
Coefficient of determination R2 is the relative measure
determining what part of the total time series variance is
explained by a fitted trend or more general by a model
fitted tou time series (compare Chapter I, section 1..69
2e4.5. EXPONsNTIAL TREND
In the t.s. analysis extensive use is made of trends

showing relative variations of the consecutive trend
values as constant. It means that ratio of the every two
consecutive trend values is the same: Xt/xt_1=f3 L
B> it means that trend expressed in the absolute value
is inecreasing.F or decreasing trend should be}3<i



Analytical trend with constant relative variations

adjusted to the empirical time series looks like follows:
x, =i’ e (2.23)

where Qand B are parameters, et residual term. Ity to be
kept in mind that residual term.et for the time series with
annual observations includes irregular variations, for time
series with monthly or quarterly observations it can include
both periodical and irregular variations.

The diagram of it we can present as a trend line pass-
ing throught the dispersion of t.s. observations:

Fig.8. Increasing geometric Fig.9. Decreasing geometric
progression, /3>4 progression,ﬁ<;1

It follows from the mathematical rule that logarithms of

the number composing a geometric progression, form the
arithmetic progression, diagram of which is a straight

line. This rule shows that adjustment of a trend line to the
time series whose observations tend to form a geometrical
progression can be easily performed after logarithmic trans-
formation of time series observations. After such trans-
formation we only need to adjust a straight line to the
logarithms.



aAfter logarithmic traonsformation equation (2.23%)
becomes an equation of straight line

log x, = logQ+ t logf+ log e, (2.24)
when we substitute log U= a, log R=b
wnd loge = gt we receive
o s ' F 25
log x, = a + bt +e (2.25)

Yhe struight line adjusted to logarithms of observations
con be presented as follows:

log it =4 + bt (2.26)

brom the gbove equation fellows that origincl geometric
orogressive trend Xy is the set of antylogarithms of the
stroisat line points caleculated on the base of (2.26)

raremeters a and b can be estimated by means of the
least squares method. It means that the method of least
squures will now satisfy condition that the sum of squared
differences between the logarithms of the time series obscer-
vations and logarithms of the corresponding trend valucs
shall be a minimum. Parameters a and b are calculated using
the same formulas as for o straight line, only instezd of
original X values their logurithms are employed.

In equaticn (2.23) constant 3 can be presented as
(1+4 ) and X can be substituted by X, Then equation can
be prescented as follows:
x, = %y (1+a)%e, (2.27)
FPorometer %O is the value of trend for t= 0. Parameter p=
(1 +1) is called o coefficient of growth, is the rate of

grcwth. sguation of estimated trend line is

t :
Xt = XOL,I = q) (\2‘:28)



Equation (2.27) is important in statistics, part-
cularly in economical statistics because geometric prog-
ression or in other words trend with a constant rate of
growth very often gives a good approximation to the deve-
lopment of the real economical and social processes. It
should be mentioned that the usual practice in the planning,
designing, formulation of development programs etc., is to
present anticipated changesas.qpercentage of the state from
the past.

2.4,6 Average rate of growth
Rate of growth is sometimes applied as a measure of

average growth when we want to characterise shortly the

development of examined phenomena from time O to time T.
According to formula (2.28) amount in time O is X, in time

T is Xpe Average rate of growth between T and O units of

time may be calculated on the bases of the transformed for-
mula (2.28),i.e.

i R )T: XT/XO
(1 + q) = X%, (2.29)

o T e
A = XT/XO [

Formulad29)is geometric average of relative number
XT/XO

Exercise 2

we want to calculate average rate of growth of the
value of coffee exported from Ethiopia from 1961 to 1976.
Value of exported coffee in 1961 was X,= 93.6 mln. /G
Birr, in 1976 Xq = 324 6mln. Eth. Birr.

XTﬁfo = 5.468

1+ A= \[3.468 = 1.0864

a = 1.0864 - 1= 0.0864
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Coefficient of growth of exported coffee was 108.64%, the
rate of growth was 8.64%.

¥From (2.29) follows that formula for the average rate
of growth does not take into consideration values from in—
Termediate years between O and T years. Value 4is adjusted
to data in such way that starting from X, it exactly re-
produces X value. Yor example we can calculate the succes—
31ve theoretical values of exported coffee, going out from
tiie . 95.6 and applying the calculated rate of growth

= 8.64%, as follows:

X, = x . 1.0864=9%.6-1, 0864 = 04 7
x,= xq. 1.0864=x_.1. 0864° = 93.6.1.08642<110.4
R 1.0864=x0,1.08645 = 120.0

.
¥
-

L= 22,6+ 086§ = 93,6°3.468= 324,6
Therefore the average rate of growth should be applied
cnd interpreted very carefully particularly when comparing
rite of growth of several phenomenas with similar ratios
cT/ but with different trajectorics of the development.

fxanple 1
We want to compare rate of growth of the following two
process:
t O . 2 5
A 100 200 200 200
B 100 50 50 200

For both of them ratio x /x = 2 and rate of growth is

g= 2 = 1= 0.26, As one can see trajectories from the X, to
Xy V alues are for 4 and B quite different, but their evalua-
ticn on the base of lS the same.
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Then we come to the conclusion that every application
of as a measure of the average rate of growth should be
preceded by the analysis of intermediate data.

bExercise 3

Adjust exponential curve to data on the area under
Vetch in Ethiopia in 1967-1971 E.C., compare it with
result of a straight line fitting from Section 4.3 using
e and R° measures.

wWworking Table

Data e2=
2] a 5 a2 = o
X, tt' | logx, |t'log x | t'" | X, (xt—xg X, X (xt—x)
29 1| -2 | 1.4624 | -2.9248 4 |29 0 -16 256
32 | 2]-111.5051|-1.5051 | 1 |35] 9 AIg 169
50 2|1 0]l1.6990| 0 o | 43| 49 5 25
s | a4l 1l1.7328 | 1.7325 | 1 |s2| 4 9 g1 |
58 51 2] 1.7634 | 3.5268 4 {631 25 15 169
223% 8.1623 | 0.8293 | 10 87 700

St log x, = 0.8295 , 2t' =10 ¢

3= 0.8293/10 = 0.0829
Mean of’}og Xy = 8.1623/5= 1.6325
Q=X - bt = 1.6325 - 0.0829 x 3=
= 1.3838
Adjusted trend function:
At = 1.3838 + 0.0829t (2.30)

X
Theoretical (calculated on the base of fitted function) values
are following:



x, = antilog (1.3838+0.0829)= 101°4i67229

x, = antilog (1.3838+0.0829-2) = 10 é5296= 35
x5 = entilog (1.3838+0.0829-3) =10 ° 525_ 43
- antilog (1.38384+0.0829+4) = 1017 2%, 52
X, = antilog (1.3838+0.0829.5) = 101-7983_ &3

L(x, - x,)° = 87
€  -87/3-29 % = \B9 = 5.3

Average dispersion of t.s. observations around exponential
trend line is 5.3%9

1
g = T_szt - 223/5 = 44,6
J gL - X5 <900
2 = . - r =
(x,) = 700/4 = 175 8(x.) = \f75 = 13.2
Average dispersion about mean value is 13.2.
R - 1-87/700 - 0,876

S

Conclusion

Exponential trend explains 87.6% of the total t.s.
variability measured by means of t.s. variance. We can com-
pare goodnes of fit measures for exponential trend with
measures for the straight line adjusted to the same t.S.,i.ec.

BCm 1 - 17,3 29798 =1 - ©.099 = 0,901
Then straight line trend includes about 90% of the total
tes. variability measured by means of the t.s., variance.

The conclusion is that the straight line trend better fits
to the considered time series.
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2dotte?e Miscellaneous analytical trend models

Parabolic power and logarithmic trends

Curves of the parabolic/ power)and logarithmic
type

X, & atb (251}

x
t

are not generally applicable to time series, as the

Ml

a+blogt (2.32)

time variable can not in strict logic, be raised to any
power or logarithmed. However their use may be just-
ified on empirical grounds, if they hapen to describe

a given trend accurately. The shape of power and loga~
rithmic curves are shown in Fig.10. and 11.

/ :
F
IJ/
b
\\
R
KB
o
Fig.10. () parabola with Fig.11. Logarithmic curve

paraneter b= 0,(B) para-
bola with b=0.
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On logarithmic scale parabolic curve becomes g gtraight
line (Fig.12)

log X

e=————h

A s —og-t

i

Piga12s parabblic curves (u) and (B) plotted on the
logarithmic scale are transformed to a straight lines.

Faramneters of the functions (2.31) and (2.32) may be
estimated by least squares method. The power function
(2.37) should be transformed to linear by means of loga-
rithmic transformation

log x_ = log a + b log % (2.32)

or 1n x . =1lna+blnt (2.33)

Parameters log a and b can be calculated by means of (2.13)
and (2.14) formulas respectively only instead of X, and t
we should use logxt and log t.

from (2.%31) (2.32) and (2.33) follows that

a= 10198 or g = B
L log x W Y Ic 4
Xy = 10 2o i Xt = g 7]

wstimation of the (2.32) function is straight forward.
Poremeters a and b are calculated on the base (2.13) and
(2.174) formulas only log t (lnt) is used in place of
variable t.
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Lompertz curve
L
x,= ab ! e (2.34)
T NS .
has sometimes been considered as expressing the low
¢f growth of a human population. This last curve has two

ngymptotes (upper and lower).

ansymptote is a value to which a curve tends us it approaches

the infinity.

This curve represents the kind of dying or fading
growth. It is applied to the approximation of the changes
of processes whose development trajectory consists of three
stages: 1) initial slow growth, 2) fast increase 3) increase
with diminishing rate of growth.

P-rameters a, b and ¢ cannot be estimated by means a such
straipht forward method as least squares. lethods of
cstimation are prescnted in EE,Zil o

Polyncmial trend

The simplest analytical trend is a straight line adju-
sted to the original or logarithmically transformed data.
such trend approximates the changes with constant in-
crements of absolute values of observations or their loga-
rithms (constent relative changes). A straight line is
called polynomial of the first degree.

If @ straight line does not fit the data we try a
curve of higher degree than first, for example

second degree polynomizl (parabola)

K= Bk bR+ s (2435)
or third degree (cubic)
¥, = &t bk 4 ct2 + dt5 (2.36)

for practical purposes no curves beyond the third

degree arc used, as curves of higher degrees have too many
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beids (ioe, changes in direction from positive to negative
)r vice versa) to be consistent with our definition of

trend as a broaod and gradual, smooth, longterm movement

over the whole period considered, such as persistent growth
or persistent decline. Moreover high degree polynomiclseven
though they show the best measures of the goodnes of fit,

con give very bad trend extrapolations,because estimated
trend is toc sensitive to the irregular changes of data.

second degree polynomial trend should be interpreted as

trund with decreasing or increasing its first difierences

but constant secund differences. Third degree polynomial
trend show its third differences as constant. Hquations
(2.35) aond (2.36) contain respectively threc or four para-
mneters. Least squares formulas for this parameters presented
in the usual way are very cumplicated. For their presentation
is applied matrix notation. It is possible to calculate

thew using more sophisticated desk calculatcrs@@j J?7H

g or
special computer programs for polyncmial approximation or for
regression analysis (comparaFBJ), vometimes polynoniel
appreximation is included to the special coumputer programs
f.r tine series decomposition.

Poclynomials such cs
(2.%35) and (2.36) can be adjusted to the logarithmic trans-
furmations of t.s. observations. It means that we fit
exponential curve of the second or third degree to the ori-
ginal data. For example

o
log Xy = gt 4+ bt o+ 2t e

g (2.37)
neans that

2
T L e, (2,38

wherea; b', ¢ and abc are parameters a'= log &, b'=log b
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and c'=s log ¢, e, - irregular term of time series.
bguation (2.38) describes exponential growth with constant
scveond ratios of estimated trend Xto

It means that

of 2t+71
Qqq = Xt/xtwﬂ = be

92t'= 91t A1t+1 = ¢ (constant)

l.¢. constant second differences of log Xy show that second
rativs of original x, are constant.

2e4.8,

-
velection of the curve to represent trend

There is no single general rule for the choice of trend
curve. From the definition of the notion of trend

it follows that the curve shold be as simple as
possible. sometimes, if there are structural changes
during the period considered it is necessary to
break up that period into parts, Jf'lttj.:mT separate

trend llnLS to uach part.

If it is impossible to determine the appropriate

curve by subjective inspection we may use some objec—

tive tests based on the relations Between © andﬁig'“-"

By arranging the natural values of t in an arith-
metic series we get a series of corresponding
successive values of Xy whose differences are called
first differencies

Z_x = Xt - X
second differencieg

AZ"ZJX" 29

third differencies Z]x and so on.

t-1
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If the first differencies are approximately constant
the trend is expresscd by a straight line, if the
gseccnd differencies are constant the trend can be

expressed by a second degree polynomial and so on.

vimilar tests may be applied to differences not between
the notural value of Xy but between their logarithms cr
their reciprocals.

If the first differences of the logarithms are
approximately censtant the trend of the t.s. will be
expressed by an expunential curve (i.ec. it will be
poussible to fit a straight line to the logarithms) if
the second differences of the logarithms are constant it
will be possible to fit a second degree polynomial to
the logarithms and so nn.
1f the first differences of the logarithms are declining
by cpproximately constant percentage the trend will be
wXpressed by a Gompertz curve.

Zol4s9. The method c¢f nmoving averages

Une alternative to fitting a single high order
polynomial to the whole t.s. is to fit lower-order
pulynowials to sections of t.s. This might be done by
dividing the t.s. pp into & number of sub-pericds to
which lower-order polynonials were fitted by least
squares. his has the disadvantage that there may be no
cbvious criterion for splitting t.s. into sub-periods
and thaet there would be problems with the discontinuities
in noving from one sub-period to another.

One alternative, which avoids both problems by not
specifying scparate sub-periods is the method ¢f moving

AP e

aVerages.
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The simplest applicativn of this technique may be described
15 follcws. ouppose we have a total of T equally spaced
vbservaticns on time series X4 and choose a subperiod of
length r (r<<T), we then tzke the first r observaticons
md calculate the arithmetic mean

1 T
+ 2
foving computed this value, we move on by dropping the

tirst cbscervation and introducing the (r + 1) th. We then

eTil ute r o+ 1
/I

i s Xt
“rw we nove cn dropping the second observation and bring-
ing in the (r+2) th observation computing

r+2

t/x 2 PO
=3 ¢
Lf the length of our sub-period is an even number the first
vbservation in our new series is located half way betwecen
the (r/2+1) and (r/2+2) th observations in the original
sceries and so on. This is only a ninor prublem, since by
Goking the average of successive peirs of averesges we nay
centre thew on the original cobservations. If r is an odd
nuuber, say r=2m+1, than no problen arises, since the
first observation in the new series will be located at the
Swile point in time as the (n+1)th observation in the ori-
ginal series. Let us dencvte the new series by Xt; =
CRAB+T) 5 CBLEAR e n ey (Trf2 ],

The averaging process tends to eliminate pericd to

pvrivd fluctuations and produces a nuch smuother series than
tic vriginal cbservations. Then we can describe the result
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of the averaging as smoothing of t.s. It is to be noted

that the method of moving averages has a descriptive rather
than an analytical value; it does not determine the rule of

variation of the varisble Xt as a function of tine.

oince the straight line estimated by least squares
passes through the mean point (x,T)of the dispersicn of
the data and each moving average value is located in the
nean point of each r subset of t.s. observations we can
¢cenclude thut' simple averaging is equivalent to fitting a
linear trend by least squares to successive blocks of o
¢boervations and only using a medium points of this lines as
estinated trend value,

It is possible to fit quadratic or higher-order poly-
nouials instead of straight line. Instead of simple
(arithuetic) average of consecutive r observations we use
in this last case weighted averages whose welghts follow
frow the higher degree polynomials adjusted to subpericds
of r observations. Weighted m.av. so0 called wpencer's
15— term average can be shown as a set of weights by
which cunsecutive t,s, obscrvations should be multiplied,
1eSe

X = =0.009,_4,~0.019x -0.016x

o +0.009x

t-12 t-11

+0.231x

t-13

t_,]O+O.,’]/+4Xt_9+0.,209}c

+0.114x +0.066x

+0,066x% £-8

+0.009x%

t=7

+0.,209x £-3

t-6 t=5 t—L

t_g—Q,O’I‘th_,I—O.OO‘BXt

VI‘CLGI‘G t: 15, 16, © 0oy T

-0.016x

wuch noving average can reproduce up to cubic (third degree)
polyncinial trend, but has the disadvantage that don't remcve
exactly the seasonal variability.
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such moving averages are applied in combination with simple
moving averages in iterative methods of time series decon-—
pusition (compare secticn 2,5).

Une question which remains to be answered is how the
value of r (the length of noving average) is to be chosen.
The rule is the longer is the moving average the smoother
the resulting series will be, so that moving average should
be long encugh to eliminate periodical fluctuations in the
t.s. However r observations are lost, since there are no
values of the smoothed series correspunding to the first r/2
nd last r/2 cbservations in the original series. The rule,
which is often applied is that one should use the shortest
Loving average which enables sumoothing of the periodical
variatione.
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xample 2
1) Cnlculate 4 term noving average of the X, te8. and
centralize it on t= 3,4,5,6,...,2) Calculate 5 tern

LWWVAING average X5, Xyrees OB the ssme t.s. X

t
Table 5
Timne series "Addis abeba Teff arrivals
(in quintals) 1976-1978"
Centered 4-terw noving average and 5-term
noving average
! 4-tern moving | Centered | 5-tern
| Timne series: | average: 4-tern noving
P Xt i moving average:
| averages
F1“J 162 .6 = = =
H .._L.__,._..u__ = = =
L".?—‘ 175,5 — = - |
i 1675 : .
L 169.% 169.3
i C 1?1,0_
4 148,11 169.1 168.8
b I 167.1 , :
5 1 476.8 161.5 | 161.5 |
S 1559 : , ‘
|6 1 1597 | 458,5 | 4185.% 4
! 157.1
oo =
Pl 139.0 157:8 162.0
7 7
i 158.4 !
8 152 .8 160.9 162 .8
o o e - ’l 65 ; 5 PR '_
G 181.9 159.2 e 1
p— 1249
10 180.4 150 .1 146 .8
—_— 145"5 = =
17 1044 F = & =
12 114, 5 = = =
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Centered moving averages column 4 were calculated as averages
of every twc consecutive noncentered moving averages (fron
column 3). slternative method of calculation is presented

belcw in Table.

vwirking Table

Cnlculation of 4-term centered moving averages (part
of tine series from Table 5 )

Centered

r&ime Sunm of oun of
| ceries 4consecutive | pairs from| n.average
Xy t.s.0bserva~ | cclumn 2 (Colun3):8
l tions <k
L B e 2 _ 5 4
| 162.6
i‘-..._.. P o e Y S .k
. - e
|_175.5
?“ . 669.9
183-7 . 1354.0 169.3
: 684 .1
L J48.1 - 13524 169.1
668 . %
176 .8 1291.9 461, 5
- 62%.6
%_ﬂ59-7 1251.9 15645
f 628.3%
! 139.0 |
: i
.
|_152.8




2e5e CuABUNAL VaRIATION AND okacsONAL ADJUSTMENT
2.5.T. Yefinition
The seasonal variation is composed of regular,
repeated changes around trend line. It arises fren the o
chonging seasons and from the rhytm of human activity

connected with seasons.

In practice the above definition of seasonal
variation is extended to include all repetitive varis-
ticns not only produced by seasons but also of orgonl—

zational, administrative and legislative nature.

The strict seasonal variaticns are very strong
in the countries of the temperate climate zone, i.c.
in the countries with a strongly differenciated
seasuns of the year, with frosty and snowy winters and
rather warnm sunmers. Strongly influenced by climatic
conditivns are: house and industrial building, trans—
port ond all industries working on the oper area, such
as sconme kinds of mining. There are soune industries
strictly connected with supplying of the seasonal row
naterials. 4an example of extrenely seasonal industry
is production of sugar which is perforried in the
course of three months, in the time of so called sugear

campaign.

Strong seasonality cccurs in tine series of
external and internal trade. There arc some comaicditics
which are purchased and sold in the constant sub-periocds
of the year (seasonal fruits and vegetables, clothes,
ete. )

There are some phenonena for which seasonal
fluctuations indirectly follow from the seasons of the

year. Yor example traffic of passangers by alnost
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all means of transport is connected with seasons of the
year. There are seasonal peaks in the tourist traffic etc.

As it was mentioned above fluctuations in statistical
data follow from organization of the production and social
life and from legislative regulations. For instance
different payments which people have to bring (house rents,
telephone, taxes) are not-equally distributed in time.
Usually majority of the payments are accomplished in the
last days of the payment period.

In soiie countries with planned economy industrial
production is distributed unequally. If a factory has to
implement an annual plan which is divided on quarter sub-
plans and if this factory has to settle account from each
quarter subplan it is self —understanding that all delays
from the first and second months are made up in the last
month of the quarter.

VUf course it does not mean that unrythmical production
is a constant attribute of the centrally planned econony.
such so called pursuit of the plan is characteristic for the
underdeveloped economics and is caused by the weekness of

the infrastructure (transport) and uneffective organization,

It seems that problem of seasonality in Lthiopian time
series with short-term observations is more complicated
than that for the countries from temperate climate zone.

The seasons of year in kthiopia are not very strongly diff-
erenciated. Of course rainy season can cause some trou-
bles with transport and can give rise to demand for some
kind of clothes. Supply and demand for different agri-
cultural commodities varies according to periods of year and
S0 on. It seems that in t.s. of developing countries there
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is & sﬁrmng irregular variability. Oometimes randon
variability is so big that seasonal pattern is completely
dominated by it and in conseqguence seasonality is diff-

icult to reveal and estimate.

2.5.2. Reasons for seasonal variation estimation

In some situations the seasonal variation may be a
serious nuisance requiring special statistical attention.,
Yor example an economic policy maker who is trying to
determine the underlying nmovement in a t.s. may find
that on quarter to quarter basis the longer term trend
or cyclical movements are completely dominated by the

seasonal variation (unreadable).

In such a case it may be desirable to seasonally adjust
the t.s., that is to eliminate the seasonality fron
t.8., in order to emphasize the longer run components.

another reason for seasonal variation estimation is
analysis of the seasonal pattern for planning and fore-
casting purpose. Knowledge about the structure of
seasonal variations is very important for the proper
supplying in seasonal goods, fuel and energy and for
proper organization of the transportation service and
security. In many situations knowledge or possibility
te forecast of seasonal ups and downs enables to avoid
big losses.

2.5.3 Kinds of the t.s. components connections

Time series may be concerned as the sum of trend,

seasonality and irregular term, i.e.
X=0+4 +1I (2.39)
or as the product of factors

Xe= T Sm x I (2.40)
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The former model is the sum of mutually independent com-
ponents and is called t.s. additive model. From (2.39)
it is evident that trend, seasonality and irregular vari-
ations are generated independently each other. 4s the
seasonality is dctermined as repeated up and down varia-
bility around the trend it is assumed that yearly sum of

the seasovnal deviations from trend equals zero.

In the second model trend is corrected by seasonal
end irregular factors. This model is called a multiplica-

five t.s. model.

seasonal components from this model can be presented as

S, = (1+b) (2.41)

bm can be negative or positive, m neans that both S, and
bm cre measures of seasonality connected with subperioeds
of year, i.e. with nonths in t.s. with monthly observations,
with quarters ip t.s. with quarterly observations and s¢ on.
Then taking into consideration (2.41), model (2.40) can be
presented as follows

X = P11 + bm) 3 B (2.42)

and
o o bm) o (2.43)

where }:bm = 0 for each year,
Tbﬂ1 is seasonal variation presented in the way
alternative to (2.40), as a time series of absolute sea-
svnal deviations from trend.

Tbm are partly determined by trend, partly by sea-
sonality of t.s. Therefore, our conclusion is that sea-
sonality in the model (2.40) is not independent from trend.

In practice models with interdependent trend, seaso-
nality and irregular terms seemg to be closer to the real
egcononic and social life than additive models because it



seeis to be more justified that size of seasonal and irre-
gulor variations varies according to the changes of t.s.
observations level.

how we are going to explain the simplest methed of t.s.
deconpositicn. we assume that we are dealing with t.s. with
ronthly observations.

2.5.4. Lime scries decompesition by means of step-by-step

nethod multiplicative model)

To estimate seasonal moverients in nenthly data we
should deternine the rotics of these data te the corres-
puonding values of the centered 12 month noving average
cuinputed beforehand or tuv the trend values calculated on
the base of analytical function adjusted to the t.s. 4s
result we receive t.s. of ratios

1 = rf‘f e T (9] M = )
R, = X/T =T x 8, x 2P = 5, X I x D (244

wheere D 18 contanmination introduced to the ﬁm ratios
because estimated trend (T) usually is not quite adequate

te the time series data.

when simple mathematical function or moving avergge is
cpplied for estination of trend often there are sovme
parts of tine series for which estimated trend do not
pass exactly through dispersion of data. bimple nathe-
natical funetion or noving average nay prove not scn-

. 8itive enough to reproduce all fluactuations of the time
series. It is not drawback of that trend estinates since
accurding to our definition trend is an image of long
tern general direction of developnent. Therefore, fluc-
tuations defined as geod and bad years could be intcrpre-
ted as random deviations from the trend lasting few



mnoenth or even total years. Looking from this point of view
D stunds omeng others for this long run random deviations

frem trende.

drom (2.44) is evident that for calculation of 5 cue-

fficients we should elininate IxD factor. To¢ receive nacnthly
coefficients (Sm), ratios R, should be averaged separately
for each subperiod (nonth) m sinply by calculating arith-
aetic acan for each nonthly subset ¢f ratios.

The averages (sometime expressed in percentages)
vbtained are called Preliminary beasonal Indexes and rep-
resent SmD = 5&, The average of the seascnal indexes 5n
would equal to one (or 100%). It is among vthers because
of the D' component inclusion that average of the prelimi-

nary seascnal indexes do not satisfy this cendition.

Therefore, to adjust preliminary seasonal indexes to

zive cverage 1 (or 100%) we should calculate arithmetic mean
1

«rf the um 12

- i : :
r1 o il = I 2.;‘/“;‘
5 ZP S, D { 5)
r="1
't ddvide cach dé into B
Il | T = 3% YR (R - c3
8 m/b 5.0 /D 8 (2.46)

Tu recelve seasovnal indexes Su whose average equals
1(ur 100%)
additive model
If we consider sgeasonal movenents to be independent of
the treand wmovenents i.e. as an additive conmponent rather

Gl as a nultiplicative factor, we may construct seasonal
iadices by coumputing the differences between original



aunthly data and the corresponding values of the 12— nonth
noving average or trend values calculated on the base of

Tunction adjusted to the t.s. data, i.e.

~
P = ‘ —_— = . -_— = [ =
Roj X = D= (7 + b +2) SB=d 4 L4 D (2.47)

whiere j= 1, 24 --sy N = nuubers of consecutive years.
To eliminate irregular couponent and part of the contanin-
2ticn D we should average out of the differcnces X - T for

cach ucnth separately over a number of years

;
B =3 . Ryy for @ = 1, 2,000y 12 (2.48)
4

Values A% are preliuinary seasonal conponents.

Each AA is conposed of true nonthly seascnal conponent
A and residual contamination 0'.
11

seasovnal components A » as up and down deviations fron
trend, should fulfil condition

12
S 4 =0 (2.49)
=

Do estinate & Heasures satisfying ebove condition we should
calculate average value of the prelininary seasonal con-—

puncnts AL and subtract it from each ﬁé value

-
i S . (2.50)
&, W gL 44 (2.51)

sensunal deviations Am (absolute values) can be presented
in the form of seasonal coefficients (relative ucasures)
by calculation ratios of the seasunal deviation Am to
curresponding trend value from the exanined year ond by
additiorn of 1 to each ratio, i.e.

Smj =1 + Am/ij (2:52)
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From (2.52) follows that for each year we get one set
of twelve seasonal coefficients Smj « Bach Srj shows what
parts of the trend value from year j, month m, represents

seasonal deviation Am
axercisg 3
Lstinate trend and multiplicative seasonal factors for

the tiue series with quarterly observations "Volune of
exports of pulses in metric tons in 1973 - 1978"
#pply as approximation of a trend

Te A simple mathematical function

2. lloving average

Table 6

Volune of exports of poulses in metric tons in 197%-1978

yuarters Totals
£ 1T b IV for years

1973 34.7 | 41.3 ] 29.1| 36.5 141.6
19741 53.2 | 24.4 | 23.7| 25.3 126.6

Years

19751 31.5 1 1.8 | 1884867 98.8
o] 1271 32.9 119,97 28 .2 90.9
1997| 27.4 | 24.9 | 18.3| 15.0 85.6
TP G 5.8 Ja01 820 20w

source: wuarterly Bulletin]?4} , dJune 1979

The choice of trend was done for straight line,
exponential, power and logarithmic curves. e get.the
fellowing coefficient of deteﬁminationsi(RZ):

straight line 0.6%4
eXponential 0.603%
logarithnic 0.506

power 0.408
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The best fitting is a straight line from which thé following

equation was estimated

x, = 40,37 = 1.34t. (2.53)
""-'. Ca

t

If we are forced to perform,calculations by hand or
only with simple (unprogrammable) calculator we can apply
simplified approach which requires for less computational
work, Instead of fitting curve to the original time series
data, we can adjust trend line to the annual averages of
the time series observations using as time variable corres-
ponding averages of original time variable t. We should
receive parameters not much different from these resultting
from employment of full set of data. e receive following
equation of a straight line

Ry = 39.7 - 1.28¢% (2.54)

straight line trends resulting from both (2.53) and (2.54)
equations are shown as columns 3 and 4 in working Table 1.
oluplified estimation procedure is shown in Working Table
2 where logarithmic curve is adjusted to time series of

annual averages.



Working Table 1

1]

68 =

{ Time Linear Linear Ratios | Centred | Ratios
4 series | trend trend x, /X 4eterm | x. /%
J 2~ ~ t t 541 7
1 bl X, M. av
equ.2.53) (equ.2.54] . L Tt
1-. 24,7 39.0 38.4 0.8897
2 41.3 377 377 1.0955
3¢ 29.7 36.4 559 0.7995 27«7 | OSP¢IS
4., 2645 350 3.6 1.0429 37.9 0.963%1
9, D92 59ef 9%9uD 1.5786 99.2 | he?d
6 24 .4 s YRS Ae 0 0.7554 351 0.7372
7 eNag 510 %0.7 0.7645 29,0 0.8172
8 25% 5 29.7 29,5 0.8519 27.2 0.9301
9 515 28.5 28.2 11137 27 5 1.1455
10 31.8 27..0.% 26.9 e 178 25«8 1.2326
11 18.8 25.6 25.6 0. 7344 23.0 0.8174
12 1647 24,3 24 .4 00,6872 294 0. 7804
13 o 290 2%5.710 0.7696 271.6 0.8194
14 52.9 29.6 2748 Te52%% 22.2 1.4820
45l 19,7 o 2203 20.5 | 0.9409| 24.0 | 0.7958
16 271 o 18.9 19.3% 19217 24,2 0,8760
T/ 27 4 17.6 18.0 1.5568 2947 1.18671
18 24.9 1645 16.7 T«5276 22 e 1. 8206
19 A8 14,9 154 1.2282 19.1 0.9581
20 150 1%2.6 14,1 1.7029 14.2 105635
21 ol 12.2 12.8 0.7459 10.0 0.9100
22 Hel 10.9 11:5 0.3486 6.9 0.5507
23 5.0 9.6 10.2 0.3125
24 8.0 8.2 8.9 0.9756
TOTAL| 567.4 | 567.7 568.9 - = =
Working Table 2
X 8
(time geries (Avergges % ol A B I
of the avera- |of t log T; | (logts)™ | X logty
ges for years) | variable) -
4.4 2.5 0.5979 | 0.715853 14.09
21,6 6% 0.8129 | 0.6608 25.69
24,7 105 1,02712 1.0428 25.22
¥ 2E T 14,5 1. 16714 1., 5488 2696
214 T 1.2672 1.6058 2 s
6,0 225> 15522 1.8284 8,11
141,.8 s 00 6.07128 6. 6449 126,59




Logarithmic function:
Xt =a + log t + et
T@rameters a and b are calculated on the base of formulas

(2.13) and (2.14)
141.8 # 6,0128

,]26559 o 6
b = = = ~25.05
6.6449 - (6.0128)

d= (141.8:6) - (-25.05)x(6.0128:6)= 48.7
Equation of logarithmic curve:
Xt = 4857 - 25005 log t (2055)

For calculation of seascnal coefficients trend cal-
culated on the base of formula (2.53) was applied. This trend
is shown in VYorking Table 1 as column 3% and in column 5 are
presented ratios of original observations and corresponding
trend values:

R = T /T = /X, . (2.56)

In the Working Table 3 the same ratios are arranged by
quarters.

YVorking Table 3

Years __Quarters
I Ll LIY IV

1975 0.8897 | 1.0955| 0.7995 | 1.0429
1974 1.5786 | 0.7554 | 0.7645 | 0.8519
1975 11131 | 11778 | 0.7344 | 0.6872
1976 00,7696 | 1.5231 | 0.9409 | 1.1217
1977 T1.5568 | 152806 “1.2282 | 171029

1978 0.,7459 | 0,3486 | 0.3125 | 0.9756
Average

(S&) 11090 | 1.0713 | 0.7967 | 0.9637

Sy, = 2-.9409
= 3.9409:4 = 0,9852

n
|



Averaging columns of Working Table 3 we received Preliminary
Seasonal Coefficients. These preliminary coefficient after
adjustment to total 4.000 (average 1.000) constitute Final
Seasonal Coefficients Sp e Adjustment is done by dividing

each preliminary coefficient B into their average S', i.e.

84 = 1,1090 : 0,9852 = 1.1257
8, = 1.0713 : 0.9852 = 1.0874
83 = 0.7968 : 0.9852 = 0.8088
8, = 0.9637 : 0.9852 = 0.9782
TOTAL " - 4,000

The same procedure was applied for estimation of constant
seasonal coefficients in the case of trend approximated by
4-term centred moving average. Moving average and ratios
original to moving average are shown as columns 6 and 7

in Working Table 1. The same ratios arranged by quarters
are shown in Working Table 4.

Working Table 4

Quarterly ratios xt/it,

Quarters
SR - TTT ]
1973 T - - 07715 10.9651
1974 | 1.5114 | 0.7372 [ 0.8172 0.930"
1975 | 1.1455 | 1.2326 | 0.8174 |0.7804
1976 | 0.8194 | 1.4820 [0.7958 |0.8760
1977 | 1.1861 | 1.1216 }0.9581 |1.0563
1978 | 0.9100 | 0.5507 L 4
Average | 1.1145 | 1.0248 |0.8320 [0.9212
(55)
5t = 3.8925
8 = 0.9731




vl

Quarterly Final Seasonal Coefficient$ are calculated as
follows:

54 = 1.1145/0.9731 = 1.1453
Sy = 1.0248/0.9731 = 1.0531
85 = 0.8320/0.9731 = 0.8550
Sy = 0.9212/0.9731 = 0.9467

T0TAL 4,000

Seasonally adjusted series and goodness of fit
Seasonally adjusted time series is series with

gliminated seasonality. Adjustment is performed in order
to emphasize the longer run components and to give possi-
bility to follow and interpret irregular deviations from

trend.

To eliminate seasonality from time series with multi-
plicative connections of the trend and seasonality we
should simply divide original observations by seasonal
coefficients.

Time series with removed seasonality are presented in
columns 1 and 4 of Table> . It is seen that calculated
above two sets of seasonal coefficients produced similar
seasonally adjusted seriese.

A

Seasonally adjusted series X contains trend and

irregular term:

x*= X/8 = TSI/T = T (2.57)
Since irregulars in multiplicative model are determined as
coefficients
subtraction of the trend from seasonally adjusted series
(2.57) may be shown as estimation of irregular deviations
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1l
I

from trend
T - T = (1 + i)-T = Ti-g, (2.58)

These irregular deviations for the cases of the straight
line trend and moving averages are presented in columns

2 and 5 in Working Table 5 and their squares are shown in
columns 3 and 6. Sums of squared irregular deviations (E:@i)
are applied for calculation of standard errozs of the
adjusted time series models.

se = |y e/ - 1) (2-59)

where T -~ k stands for degrees of freedom, k is the number

of time series parameters. For the model with straight line
trend k=6 (2 parameters for straight line trend and 4 para-
meters for seasonality). For the model with moving average
k=5 (1 parameter for moving average and 4 parameters for
seasonal coefficients).



Vorking Table 5

Seasonally

75

adjusted time series "Volume of exports of

pulses in metric tons in 1973 - 1978" and estimation of

1ts irregular component

e

”hb qtralgbt 1line trend

Moving average

Scasondllj | Residual Squarred Seasonally| Residual Squarred
adjusted | component| irregular| adjusted component | irregular
208 ~8.2 67.2 30,3 - -
38.0 Oe? 0.1 $9ud = T
36,0 -0.4 Qe2 34.0 -3.7 15577
573 23 B 38.6 Gis 7 O
47.3% 1546 185.0 46.5 M .5 1277
22.4 -9.9 98.0 o 9.9 96.0
A =17 2 244 =D 1.7
2529 -5.0 T4 .4 26.7 -0.5 0.3
28,0 -0e3 0.1 29%5 0.0 0.0
2l 2uid 4.8 50,2 4.4 19.4
e P ~2o 9.8 22.0 -1.0 150
174 ~7e2 5128 176 -5.8 T4
15.7 ~ Y 553 15.5 6.1 372
50.% Ba7 i 07 e 9.0 81.0
25.6 B 10.9 S -1.7 28]
21 2.8 7.8 22.4 -1.8 D
24,3 S 44.9 2% .S 0.8 (5% =
22.9 66 4%.6 2560 Tod )
22.6 7o'l 599 27 .4 2u? 2t
e T 22 15.8 teb 2:6

871 =451 16.8 iy -2.7 Gobt
e =P et ; 54.8 5.6 -%.3 109
5.7 =5:9 i 34.8 ) = =
8,2 0.0 ' 0.0 B - -
64,2 =47 840 .4 56541 4267
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Seasonally adjusted series (columns 1 and 4 in Working
Table 5)were calculated by dividing original t.s. obser-
vations into estimated seasonal coefficients. Therefore,
seasonally adjusted series contains trend and irregular
term:

o o0 7 T 7 (2.60)

Substructing from X* series estimated trend (moving
average) we received estimation of irregular deviations
from trend (columns 2 and 5).

A

p igad A o T(1+i,) ~B= T4Ti B = a2 E1)

t ¢
which are the base for calculation of standard errors of
the adjusted time series models

1) Goodness of fit for the time series model with the
straight line trend is as follows:

i) Standard error

s, = \BR0.E/18 = \46.7 = 6.8
Standard deviation and variance of t. Se_
8(x) = 10.9 8°(x) = 118.9 Y (X, -X)7= 2854
ii) Determination coefficient

2

R~ = 1-840.4/2854 = 0.706



sbout 70 % of the total time series variance is explained

by adjusted trend and seasonal coefficients.
2) Goodness of fit for the time series model with moving
average trend is as follows:
i) Standard error
8= \#26.7/15 = \28.F = 5.3
Standard deviation and variance of t.s. (without
first and last two observations)

8(x)= 10.6  8°(x) = 112.7  Y(x, - %)= 2254

ii) Determination coefficient

RS = 1 = 426/2054 = 0.811

ibout 81 9% of the total time series variance is explained

by adjusted moving average and seasonal coefficients.

2.5.5. Changes (shifts) in seasonal pattern

So far we were dealing with constant seasonality
i.e. seasonal variation was estimated as one set of
monthly or quarterly seasonal seasonal coefficients or
deviations from trend, which served as a measure of
seasonal variation for all examined period. But in the
real life seasonality undergo to changes, such as changes
of seasonal amplitudes i.e. size of deviations from trend
or/and shifts of seasonal peaks from one to another month.
Changes of seasonal amplitudes are shown in Fig.13 shift
of seasonal peak is shown in Fig.14. These two kinds of
changes may occur jointly.

Fig.13. Seasonality with increasing amplitudes



Fig.14. veasonality with shifted seasonal peaks.

Changes of the structure of seasonality may be abrupt,
irregular or progressive (regular).

The reason for abrupt change may be war, change of
organization or legislative regulations. This kind of change
consists in the shift or even in the reversing of the sea-

sonal ups and downs.

The best what can be done when we are dealing with
such t.s. is to analyse each part (before and after change)
separately.

seasonality with irregular changes of seasonal
pattern, i.e. random shifts of seasonal peaks and/or random
changes of amplitudes of seasonal deviations from trend,
should be regarded as seasonality with constant pattern.
However, in the case when irregular disturbances are very
strong is difficult to separate seasonality from irregular
term,

So called evalutionary changing seasonal structure, i.e.

progressively increasing (decreasing) seasonal amplitudes
and/or gradually shifting seasonal peaks is an example of
regular changes. This kind of change is characteristic for
devecloping economies. The reason for such changes are in-
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vestments, technical innovations, improvement in manage-
ment and organization of economy, production and social
1ife.

The simplest case of the changing seasonality are seasonal
deviations from trend, increasing (decreasing) proportion-
ally to the increase (decrease) of a trend. wuch deviations
can be presented as constant seasonal coefficients in mul-
tiplicative t.s. model. It means that if we want to
present multiplicative t.s. with constant seasonal coeffi-
cient by means of additive model we will receive additive
relations with seasonal deviations from trend increasing
(decreasing) proportionally to the increase (decrease) of

Al

the trend.

On the other hand if the true constant additive devia-
tions from trend are presented by means of multiplicative
model, i.e. as coefficients correcting trend, we receive
time series of changing seasonal coefficilents.

Very often seasonality changes independently from trend or
it only partly depends on the trend. It means that after
estimation of trend, we should estimate nmonthly (quarterly)
seasonal coefficients or deviations as simple functions of
time. For each month (quarter) we have got separate function
which enables to calculate seasonal coefficient (deviation)
for each year. We can extrapolate measure of seasonality
beyond the range of time series, for instance one year ghead.

2.5.,6. ptep-by-step method for changing seasonality

application of step-by-step approach for estimation
changing seasonality is shown in exercise below.
xercise 4

Istimate seasonal variation for "iugar production in
Ethiopia in 1972-1978",



apply additive model. Choouse between constant and
changing seasonality.

Table 7

Susar Production in mthiopia (in 100 kg)

Years ' Quarters Potal |
B Wi 11 SIT . T 3 |
1972 |443.4 | 357.6 | 4.0 401.8 | 1,206.

1975 |551.1 | 377.4 | 2.1 530.4 - '

o N
o
o =
o o
C: ' O

1575 |540.9 | 454 | 14.3 | 349,0
1976 [542.0 | 327.0 | 14.9 563.9 |
1977 |463.2 | 396.4 | 17.6 | 369.4 |
1978.511.8 | 536.9 | 30.5 | 493.4

E
|
‘
| g7n [351.7 | 438.5 | 31.4 | 386.7 ]
¥
)
|

M
4=
~J
o o

N =N =N =N AN =N 2N
Mo Mo
E s
) NG
] o

U1
~J
N
)

T

wource: guarterly Bulletin, tconomic Rescarch and
Planning Division, Addis Ababa.
working Table 1
Adjustment of a straight line trend to the annual
averages

" AVEeIrages _{calculated
_“_ii?i? jﬂxj tj tj -t {trend Xj
1972 | 301.% 2.5 =12 | 289.7
1973 | 310.3 6.5| - 8 300.0 i
1974 | 302.1 10.5} - 4 }  #10.2 |
| 1975 | 312.3 [1a.5] 0 | 3205 |
| 1976-] 312.86 | 18.5 4 | 330.7 !
| 1977 | 3117|2250 8 | w0 |
L2978 1. 39%.2 128.5] g 1 J.p 1
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The straight line adjusted to data from column 2 of Working
Table 1, using time variable t. (column 3) is as follows

X = 283.3+2.56 £ (2.63)
Determination coefficient R2 = 0.468

To calculate trend values corresponding to original time
series observations one should apply equation

Xt = 28%.3 + 2.56% (2.64)
where t is time variable fron Working Table 2.

Working Table 2
Trend adjusted to the quarterly data, and differences x-%

Original t.s | Trend Differences
t X, it x-X
T 4454 285.9 Tt
2 35%7.6 288 .4 68.2
3 4,0 291.0 -287.0
L 401.8 29%:5 108,35
5 55T 296.1 2550
6 377 4 299.0 78 4
£ Sal 301.2 -299.1
8 3504 30%.8 26.6
9 359.7 206 .4 45.3
10 438.5 208.9 129.6
™ 514 .5 -280.1
12 286.7 314,71 72.6
15 540.9 516.56 224.3
14 545 .4 19,2 26.2
15 14.3 321.8 -307.5
16 549.0 324.3 24,7
i) 542.0 326.9 2131
18 %27.0 329 .4 - 2.4
19 14,9 5320 = i
20 563.9 254.6 29.3
ral g 463.2 557471 12641 i
22 1 396.4 339.7 56,7 ‘
BS 17.6 342.3 =-524.7
1 24 269.4 2448 24..6
23 | 511.8 U7 4 164 .4
26 536.9 349.9 187.0
27 5005 352n5 “322-:0
et 493 .4 3 | 138.3
Buiatl 89727 8975.4] - 1.0




aorking Table 3
Differences arranged by quarters

Additive model
Years - differenqps

AR P I 1 11T v
1972 157.5| 69.2 | -287.0 | 108.%
1995 255:0| 78.4 | =299 26.6
1974 45.31129.6 | -280.1 | 72.6
1975 224.3| 26.2 | -307.5 | 24.7
1976 2150 |= B4 | =371 | 29,3
1977 126.1| 56.7 | -324.% | 24.6

1978 | 164.4 1187.0 | =322.0 | 138.3

ATith.

cverage | 166.8| 77.8| -305.4 | 60.6

A

olnce total of preliminary additive deviations

from trend is
& = 2G.2=0
o}

we can taeke values Aﬁ as estimates of final constant

svasonal deviations, i.e.

= 166.85 4y = 77.8; Ay = =305.4; 4, = 60.6

hﬂ 3 4
we have found linear functions for each of the four sub-
sets of differences from working Table 3. These functions
ore¢ the base for calculation of the preliminary seasonal
coefficients and preliminary seasonal deviations. They are
shown below:

Yor the first quarter

A%t: T70:7 = 0% B o= 0,07
for the second quarter
’ o
Aét= 52.4 + 6.4t B = 0,05
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For the third quarter o
! = = i L) —
Az 2778 6.9t R 074
For the fourth quarter
2
At ® BheB + 1.5% R = ¢.005

where € = 1, 2, %, 4, 5, 6y 7
Fer prejecting (forecasting) scasonal deviations one
yeur chead t = 8 should be substituted to the adjusted
functions.
The prelininary changing seascnal devictions calculated
ol the base adjusted functions ure shown in working Table 4.
working Table 4

relivminary scasonal components h;t
o

e e e e
TRy e S Totals
SEPI  AL IS D
1972 1 169,7 | 58.8 | —284.7 | 56.0 | -0.2
1973 | 168.7 | 65.2 | -291.6 | 57.5 i 042

| 1974 | 167.7 | 71.6 1| -298.5 [ 59.0 | =0.2

| 1975 { 166.7 | 78.0 | -305.4 | 60.5 SR
1976 | 165.7 sa,ai ~312,3 1 62,0 | -0.2
1977 | 164.7 | 90.81 -319,2 | 63.5 | -0.2 |

1978 | 163.7_|_97.2| -326.1| 65.0 | -0.2

wince tetal of preliminary scasonal deviations is nearly
zere, for each year, we can take them as the good appro-
xinetion of the final seasonal deviations, i.e.

e | =

"k Yot
oeasonally adjusted original series and estiunated
irrcgular tern are shown in working Table 5.
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wWorking Table 5

[ i

Additive changing seasonality | additive constant-seasonality
beasonally Irregular | squarred | Seasonally | Irregular | Squared
adjusted tern irregulars | adjusted term irregular

T8 t.s
275."7 -12.2 148.8 276.6 -9.3 86 .4
298.8 10.4 108.:2 279.8 -8.6 4.0
288.7 - 2.3 5.3 309.4 18.4 55845
345.8 52:3 27555 341.2 47.7 2275.3
362 .4 66.3 4395.7 364,35 68.2 4651.2
2.2 1352 174.2 299.6 0.6 O.4
2957 - 75 BE.d 507.5 6.3 39.7
22 ~30.9 954.8 269.8 -34,0 1156.0
184.0 | 122 .4 14981.8 184 .9 ~1217.5 14762 .3
266.9 58,0 3364 ,0 360.7 51.8 26835.2
329.9 184 338.6 5568 255 640.0
L 2l ) 1%.6 185.0 326.1 12.0 T44,0
574 .2 Bt Z51 7.8 374 .1 N3 3306.3
267 4 -51.8 2683.2 267.6 -51.6 2662.6
%'19.7 - 247 4.4 219.7 = Z2a 4.4
288.5 ~-35.8 128715 288 .4 -35.9 1288.8
376.3 49.4 24404 IYDes 48.3 2552.9
242 .6 -86.8 7534 .2 249.2 -80.2 6432.0
o g - 4.8 2% () 520,.% =-11.7 136.8
301.9 -32.7 1069.3 30%.5 -28.7 B2%.7
29845 -38.6 1490.0 296 .4 -40.7 16565
505.6 -34.71 1162.8 518.6 -21.71 445, 2
556.8 - 5.5 50.3 323.0 “1Fed 37245
%05.9 -38.9 151%.2 308.8 -36.0 1296.0
348,71 0.7 .5 345.0 - 2.4 5«8
439.7 89.8 8064 .0 459.1 109.2 11924 .6
556.6 4.1 168 335.9 -16.6 27552
428 .4 75.3 2372.9 432.8 7.7 6037.3
8974.1 0.7 63451.6 8974 .1 B 65851 .4

Sunmery results:

i) Totals of the seasonally adjusted series for both
changing and constant seasonality are 8974.1.

ii) Variance of the original series: 36334 E:(X —x) =1,017,352.
iii) Total of the squared irregular term

- for changing seasonality: 63,451.6
- for constant seasonality: 65,8517.4
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iv) Number of degrecs of freedon
-~ for model with changing seasonality: 28-10="18
(2 trend parancters 4x2 seasconal parwacters),
- for model with constant seasonality: 28-6=22
(2 trend parameters +4 seasonal parameters).

v) otandard eriors

- for changing seasonality wodel

5, = B3,451.6/18 = 35257 = 59.4
- for constant seasonality
By = ‘uégfé§3f4?é2 = |2993.2 = 54.7

vi) UVeterminstion coefficients
— for changing additive seasonality

B2 - 0,938

for constant scasonality
R = 0.935

Gonclusicn

Model with the straight line trend and constant additive
seagunality explains about 93 % of the t.s. variance while
codel with the same trend and changing additive seasonality
explains abuut 94 % of the t.s. variance.

2.5.7. Seporation of the business cycle component

Tine series decomposition methods were originated
around the end of XIX th century and were results of
works attempting to separate from tiuwe series business
cycle indicators.

BEig advance in deconposition methods was done at the

beginning of the XXth century when was developed and
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generalized the procedure of trend estimation by means
of sinple and weighted moving averages. bame cconomist
tried 4o isolate and predict changes of business cycle.
To do it they had to estimate and renove trend and
seasonal variation. In France a committee was appoin-
ted which in 1911 presented a report dealing with the
reasons and causes of economic crisis of 1907. It in-
troduced the idea of so called leading and coincidental
business cycle indicators and attempted to separate the
trend from the cycle so that the movenent of the latter
could be followed. 4t the same time the method was
elaborated upon in the UbA, and the idea of constructing
so called barometers of business activitywas developed.
Barometers of business activity cinsisted of the set of
leading and coincidental indicators and method of trend
and seasonal factors separation from the time series.

The process of decomposition was refined by F.R.
Macaulay [15] who in 1930 introduced the ratio-to-moving-
averages method, variations of which are the most widely
used today. It consists of three basic steps: first, the
calculation of the preliminary seasonal factors, which are
the ratios of the original observations to a 12 month moving
averages, then through averaging the seasonal factors we
obtain 12 monthly (or 4 quarterly) seasonal indices; secondly,
the trend is calculated for each point and thirdly, the trend
is divided into the nmoving averaged data with the result of
obtaining the cyclical factors. That is, assumming a nulti-
plicative relationship (an additive model will behave in a
similer way), whose seasonal pattern is of 12- period dura-
tion, we have:

X= TeCed3-I (2.65)



wherc T is the trend component,

C is the cyclical component

S is the scasonal couaponent

I is the random (irregular) component
Ihe first step consists of

M = 7¢ (2.66)

where 1 is a 12- tern aoving average of X which eliminates
the scasonality aad a great deal of irregular variability,
Next, dividing original t.s. into aoving average I we get
prelivinery seasonal coefficicnts

o' = X/M = TCsI/TC = sI (2.67)

Tarough averaging (2.67) we eliminate the irregularity,
80 the reuuining can be considered as the seasonal indices:

12
= = ,] \\,' tr ! g 2
L)J- 1? :_» - ui'j kg c6b)
1="1 :

R P PR
N is the number of years.
Btep two is
T="P (t) (2.69)
where'P is function (a straight line, exponential, loga-
rithuie and so on) fitted to the original data by the least
squares uaethod.
Finally, in step threc we divide (2.69) by (2.66) to
obtain C, an estinate of the cyclical element
C = PC/T (2.70)
The cyclical fluctuations are long term fluctuations

iith random period and cmplitude, i.e. the length of the
cycles and distance from the peak to the bottom vary randoaly.
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For the analysis of the present state of the cycle, o I -
for the analysis if at present tine cycle is in its way
down, up or is changing its direction, we should apply

estinated seascnal factors and predicted trend value.

Dividing actual t.s. observations by corresponding
seasonal coefficients and forecasted trend we - get . data
about actual state of cyclical fluctuation i.e.

X/Ts = CI (2.71)

Infornation about the cyclical movement is contaminated
by irregular varistion. Usually it is possible to assess
the direction of the cyclical changes even in the presence
of the irregular disturbances.

sometimes, seasconally adjusted data, i.s. data containing

the trend, cycle and irregular variation is presented in-

stead of cycle - irregular data. Such data show both trend
and cyclical changes.

2.5.8. Computer programs for the t.s. decomposition

Presented cbove the ratio-to-moving-averages method

is the basis for computerized method of the t.s. decomposi-

tion known as the Census II Method, which has been deve-
loped in UdA and now is used all over the world.

This method (see publications [ 4, 14, 20] differs from
Macaulay's original method in that (a) it uses improved
noving averages in order to compute the seasonal factors
and the trend-cycle curves (b) it replaces the values
lost in the beginning and the end of the series because
of the umoving averages by calculated values, (e) i%
replaces extreme (outlying) observations by some assessed
values, (d) it takes into account trading day variation ,
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(¢) moust iuportant, it isolates each component vae at
& biwe, by first calculating crude estinantes which are

further re¢fined.

This refinmcnt process consists of (a) the
¢stination of the trend-cycle by necans of 12-nonths
HeaVe and by the calculation seasovnal facturs on the
base of ratios tu m.average, (b) elinination of the
gcasonel variation from original t.s., (c) the e¢stima-
tiun of improuved trend-cycle eoumponent by wcans of
weirhted m.av., such as 13-term Spencor's m.av.,

(d) calculation of the final seasonal factors,

starting from the ratios to weighted woving average
(peint ¢ above).

winplified version of the Census II nethod was vrog-
ranued in the Computer Centre of the Central otatis-
tical Uffice. This progran is adapted for the t.s. with
montihly observations, no longer than 12 years.

The output ¢f the CSO ccuputer projiran:

i) Preliminary seasonal factor
ii) asdjusted secasonal factors (to give tutal of
12 for each year).
iii) ERate of growth of the 12-nonths noving
average (trend-cycle).
iv) oceasonally adjusted series.
v) weasonally adjusted series swocthed by
S-months d.ave

6o ALCLTCATIUN OF Tri TIME SekIly DECUMPOSITION RusULDS

TU BTalIoTICAL alalYSIS

2.6.7. snslysis of scasonally adjusted tine series

seascnal fluctuations very often nake iupossible

tu assess present direction of the chenges in analysed

phencmena. To make successive time series obscervations

couparable one has to remove seasonal variation from them,
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For the elimination of seasonality from actual data
one should use seasonal coefficients or seasonal
deviations extrapolated for the actual year.

If changing seasonal variation is approximated by
set of functions

8;5 =P 1055 o)) (2.72)
where i denots month (or quarters), i.e.
A= Fy By apmy A0 B T 20 sasy &)
J= stands for consecutive years, j= Uy g wwmyriialy EHED
extrapolated (projected) seascnality is calculated as

S =Q1i ) (2.73)

If seasonality is assumed to be constant then set of
constant seascnal coefficients (deviations) should be
applied for the present year.

Removing of seasonzlity is done simply by dividing original
data into seasonal coefficients or by subtracting seasonal
deviations.

There are mary time series for which observation of the
actuael trends is very important. Mor example trends of retail
and wholesale prices of agricultural goods may inform about
changes of their supply (reserves). Hast increase of prices
may indicate shortage of comnodity in a country or in a
region. Changing prices of seeds during sowing tine nay
indicate changes of farmers Preferences for crops. On the
other hand actual market prices of crops are important
factor influencing farmers decision sbout area allocated for
these crops. From the point of view of economic policy-
uaker trends of stock reserves for food and trends of

actual prices for food commoditiss on international markets
are very important.
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The seasonally adjusted data gives only first rough
impression of possible change and should be stimulus for
further statistical and econoumic analysis which would 1n-
dicate if observed changes are permanent tendency or only
temporary random fluctuation.

Anotherhdvantage of actual scasonally adjusted data analysis
is that it can show how effective are measures taken by
econecmic nanager to avoid unfavourable situation.

I' ¥y
Lt -

e Eea = R e t
Fig.15. PFood Retail Price Index for addis ababa.
Uriginzal data.

A
Xy

PRESENT YLAR +
Fig.16. Food Retail Price Index for sddis sAbaba.
¥-3-3¢~ seasonally adjusted data
trend.
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Fig.16. shows original data for Food Retall Price
Index for aAddis Ababa, in the previous and present years.
we, cannot assess if a big increase of the price index in
nonths august-septenber of the present year should be re-
garded as result of seasonality or as result of general

increasing trend.

i .17 shows the trend and data after removing seasonal
veriotion. This diagram confirms that we are dealing with

real inerease of the price index.

Tne conparison of estinated trend with original seasonally
adljusted data enables cne to assess whether the development
of the exanined process is consistent with the forecasted

Trend.

st present,possibilities for making seasonal adjustment
on the data for prices of food are rather limited. Data on
prices of major grains were collected by Food and Nutrition
ourcilliance frugramme?ﬁelief and Hehabilitation Commision
(cunpare EEjj ) since 1977. These data are ccllected monthly
from aluwost all the wgriculturally inmportant weredas of the
country. However these time series are too short tc estinasb
seasonality and to perform seasonal adjustment. It should
be be¢rne in mind that for nany regions and crcps prices show
big irreguler fluctuations due to big fluectuaticns in pPEO-
ductlion, insufficient transport facilities for transport-

iny, grains to deficit areas ete.

If rendom fluctuations are bigger than seasonal this
nekes the estimation of the latter impossible. However even
for time series with irregular variability predoninated by
scasvnality the wuininal period for estimation of regular

variations is four or five years. o far such long tine series
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are available for prices of pulses, oilseeds and meat.

Price Index for Food #for Addis Ababa, Addis Ababa Whole-
sale Price Indices for Exported Food Commodities and for
Imported Food Commodities are also available (see [2%]),

It seems that development of agricultural price statistics
system is necessary for improvement of economic planning
and management. This development should be directed to
extension of data collection by commodities and regions)
and its final stage should be establishment of computerized
system of price statistics consisting of data base and
methods of statistical analysis including analysis of season-
ality, trends and seasonally adjusted series.

26.2. Application in the short-term planning

Suppose we have estimated trend and monthly season-
al coefficients of fertiligers supply for agriculture.
Having fixed the total amount of the fertilizers supply
foreseen for the next year we have to prepare detailed
plan of the fertilizers supply in each month of the forth-
coming year. In other words we should assess how total
annual supply of fertilizers should be destributed over the
months of ‘the year to meet demand from state farms, cooper-
atives and farmers.

Our task could be easily solved if we have got data
about the demand in each month of the next year from all
users of fertilizers. But if such data are not available
or not reliable we should apply statistical method.

The distribution of demand can be estimated on the
basis of the forecasted (extrapolated one year ahead) trend
and seasonality. Trend determines the development of the
process within examined year. Seasonal coefficients (or
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deviations) determine the distribution over the months of

yoar,.

If we apply multiplicative t.s. model, the product
of extrapolated trend end corresponding seasonal factor,
Lot
274)

L i 8

w2 e N+i

where N is the number of the last time series observation,

T4+1

i is the month of the year i=s 1424806412,

determines the value for the month i of the year for each
plan is prepared.

Having calculated forecasted values for all nonths of the
year, percentage distribution over the nmonths of the
examined year could be calculated as follows

. : 12
aie (owes/ 2 Fpy) 100 (2.75)

1=

Example 3 (fictitious data)

Suppose we have the following trend function fitted to time
series with monthly observations covering period fron
1974 to 1978

Tk 115.3 + 0.75% L2e'78)
whepe € = T1385eesy B0

Il

Extrapolated one year ahend (for 1979) trend is calculated
on the ground of equation (2.76) with t= 61, 62, «.., 72

(for example Tgq = 161:05) 5



Ba Extrapolated monthly seasonal coefficients are
calculated on the base of functions adjusted to
the subsets of ratios original/trend, arranged by

months. If for example function
Sy = 0.9365 + 0.0051% LRa )
1,243,%4,5

was fitted to ratios from Januaries, coefficient for

{

January of the next year shouvld be calculated on the
bases of function (2.77) with t=6, i.e. Tyq=
009565+0905O6 = 0996‘7/] L]

In this manner seasonal coefficients for the remaining months
should be calculated. If instead of changing (moving) season-
ality we received a set of constant seasonal coefficients
they should be applied as a set of extrapolated scasonal
coefficients.

Suppose that on the base of 2 set of functions adjusted to
the monthly subsets of data (one function for month ), we

received following extrapolated values of the preliminary

geasonal coeffiqients:

Slg = 0.9671 (January 1979)
Sé6 = 0.9765 (February 1979)
8% = 0.9985 (March)

heg = 1.0221 (4April)

8Lg = 1.0332 (May)
Sgg = 1.0185 (June)
She = 1.0385 (July)
S&g = 1.0452 (August)
1. = 1.0060 (October)



81ig = 0.9965

Bigs = U004
12
. Ez: 1lg = 12.1287, §'= 1.0107
i="1
To adjust coefficients 516 to the total ﬂ2 each of
them was divided into their average S' = 1. 0107.

Values of trend and adjustcd seasonal coefficients are
shown in Table 8. Products of trend and seasonal coeffici-
ents are shown in the column 4 of the Table. Share of
product in the total of products indicates which part of
the total forecasted value for 1979 year determines values
from this particular month, This shares are presented in
the column 5.
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Values of trend, seasonal coefficients, percentage
distribution of the total value for 1979 over the
months (dN+i) and cumulative distribution (DI).

i ) {Trend rSeasnga; : Froduct D@stribu~ ngmulam

“%81Eh§(! for coefficients | (trend- tion | tive

e 3 1’1979 for 1979 seasonal) dN+i dls?rl-

| t | (in %) bution

! I /64 [ﬂ61,05 0.9569 154 .11 7077 Bee 77

| /62 | 161.8 0.9662 156.3% 7.89 15.66
/63 | 162.55 0.9879 160.58 8.10 23.76
A/64% | 163,30 1.0113 165.15 8.33 32.09
1/65 | 16405 1.022% 167 .71 8.46 40.55
J/66 | 164,80 1.0077 166.07 8.38 43,93
J/67 | 165.55 1.0275 170.10 8.58 57 .51
4/68 | 166.30 1,034 174..97 8.67 66.18

| 8/69 | 167.05 1,020% 170 o L4 8.60 74,78
/70 | 167.80 0.9953 167.071 8.42 £3.30
/71 | 168.55! 0.9860 166.19 8.38 91.58
D/72 }169.30! 0.9849 166,74 8,42 100.00

j TOTAL §%982.1 | 12.0004 1962.4 110000 % A

Cumulative distribution (column 6)

4
DI : jzﬂ" dN+i

i=1

shows how many percent of the total yearly plan should be

done to the end of the month I. For example D9

= 74.78 shows

hat to the end cf September should be iuplemented 74.78%

of the total plan for 1979 year.
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2+’ BIBLIOGRAPHICAL NOTE

Due to the fast development of time series analysis
in the last fifty years there is a very extensive
literature on the decomposition approaches and tech-

niques.

The purpose of this biblographical note is to provide
supplementary literature on the theory and more sophis-
ticated methods of time series decomposition. Readers
wishing to go through systematic, detailed and ex¥ensive
course of general problems of analysis and decomposition
methods should study classical manuals of statistics
such as Croxton and COWden's[_ij or Yule and Kendall's
[22] . Kendall's classical book [12] is addressed to more
advanced readers.

There isvYextensive literature on particular methods
of decomposition for instance Burman [2],Durbin [6] ,
Durbin and Murphy [7] , Harrison [10] , Rosenblat [17] .

Widely applied computerized Census Method II is
presented among others by Shiskin et al. [20], Cleveland
and Tiao [4] , Mekridakis [14 ] and by O0EcD [18].

Review of contemporary time series analysis problems
contain books of Chatfield [5] , Brillinger [1] and
paper of Makridahis 64] s« Methods of business cycle
analysis are presented among others by Shiskin [ﬁ9] s Moore
[15] y Moore and Shiskin [16] °

hecording to autor's knowledge there is no im-
portant literature on the application of time series
analysis to agricultural surveys.
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Chapter IITI

FORECABSTING METHODS

%.1. INTRODUCTION

The main topics of Chapter III is statistical fore-
casting. We distinguish two classes of forecasting tech-
nigques.

4 class of forecasting procedures where forecasts of
a given variasble are based only on the current and past
values of this variable will be calledwmivariate or

projection methods (compare ] ¥,
Another class of forecasting is based on attempt to

explain the behaviour of forecasted variable by means of
econometric model, i.e. through variation in a number of
independent (explanatory) variables. The basical concepts

of this approach are presented in section 3.5 of the prusent
chapter.

In the last twenty years fast development of proe
gection methods took place. Recent advances in methods of
determination of current time series value in terms of
its past observations and in terms of its past randonm
(residual) deviations resulted in that some univariate
forecasting methods are competitive with predicting on
the base of big econometric models, being simultancously
easier to utilize and update and in general less complex
and checaper to develop.

Of course this does not imply that econometric models
could be substituted by univariate ones. As it will be
shown in Section 3.5 econometric models are irreplaceable
in respect to simulation of the future situation, i.e.

= 100 =
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when several alternatives must be checked and their effect
estimated and used for planning purposes.

There are three kinds of predicticn techniques within
projection approach. The first kind, the eldest, is based on
time series decomposition and consists in projection into
future estimated trend and seascvnality. The second kind of

prediction techniques called exponential smothing models consi-

der predicted time series value as weighted average of its
current and past observations. Weights of this average usually
discard past values at exponential rate. The third kind of
prediction, the most complex one is the autoregressive-Moving
average oScheme, which assumes that a given value of a time
series can be adequately described in terms of previous values
of the series itself and/or previous error terms.

The development and wide application of highly sophistic-

ated forecasting methods was facilitated by electronic con-
puter techniques,

Time series methods of forecasting may prove very useful for
prediction in agriculture particularly for one year ahead
forecasts of area pnder crops and agricultural production. There
is a big demand fur methods of forecasting able to deal with
highly irregular variables and not calling fopr big amount of
supplementary statistical data. It mesns that some of the un-

ivariate prediction models could be successfully applied to
this kind of variahles.

We would like to show that methods presented in this chapter
may prove useful for prediction at the country level as well

as at regional level. Then special attention was paid for
adaptation of time series forecasting methods to get along with
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time series-cross section data showing simultaneously changes
of investigated phenomena in time and its differentiation by
regions. It should be stressed that forecasting is not merely
performance of algorithms. The significant part of forecast-
ing procedure is conceptual work consisting in the choice of
the method and/or model and selection of a period of past
data the best for the forecast purpose.

Une possible criterion for the selection of the model and
period of historical data is goodness of fit measured by means
of standard error S and coefficient of determination R?
(compare Chapter 1, Section 1.6 and Chapter 2, Section 2.4).
Because of its computational simplicity this criterion is
generally applied for assessment the accuracy performance of a
forecasting model and in selecting among alternative fore-
casting methodologies and models. Goodness of fit criterion
is recently often criticized (see [14] , page 259) because
mathematical models very adequate for historical data some-
time give unsatisfactory forecasts.

It should be noted that for forecasting purpose the
model which perfectly fit historical data may prove useless
as well as a bad fitting one.

It seems that in the case when it is allowed by statis-
tical data a criterion based on a set of predictions made
for the periods covered by historical data could be recommen-
ded as more justified than criterion based on goodnes of fit.
This approach is characterized by Makridahis ( {14] , page
259) as follows: "The approach that is gaining wide support
at present is to look at a timeeseries model in terms of its
ability to forecast well in a post-sample fashiqn. That is
the 'goodness' of the model must be judged not in terms of how



well it fits historical data, but how well it forecasts, as
new values become available which have not been used in
developing the forecasting model. There is certainly a
difference between post-sample accuracies and those obtained
during the model-fitting phase! However one should be aware
that this approach can not be used if time series covers
short period onﬁast. It seems that for the choice of the
length of time series post-sample accuracy could prove use-
ful as additional auxilary criterion.

In this Chapter the following forecasting methods are
presented:

1. bSimple autoregressive models with one yecar delayed
observations as explaining variables.

2. adaptation of trend and seasonality projection to fore-
casting of cross-section-time series data.

3. Holt-Winters Exponential Smoothing and its adaptation to
cross—-section-time series data.

4 . Multiple regression model for agricultural production.

Draft of econometric forecasting model of crop produc-
tion is presented in section 3.6 . Its purpose is to show "¢
kind of difficulties which arise with use of such models for

forecasting and advantages of their successful implementa-
tion.

3¢2, LINEAR AUTOCORRELATIUN AND AUTORLGRESSIVE MODELS
Most time ordered observations are not independent
of one another. For example level the consumption in
month t depends not only on the disposable income but on
the level of consumption in months t-1, t-2 etc.
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Similarly the amount of produced goods in month t is partly
determined by production in months t-1, t-2 etc. Area under
crop is partly determined by area under crop in the previ-
ous year.

Of course there are random series with mutually in-
dependent observations as well as time series without
independent observations.

7 e

Une of the methods usedvchecking whether a given time
series is random or not is to examine its autocorrelation
coefficients, i.e. correlation between neighbouring
observations of a series

<X

I‘d = =
x< #
Sv1 b gEme Ed

(3.1)

where xt = Xt - K,1

Xt stands for original time series

Fpeq = Tpg =% _
Xq and Xé are arithmetic means for Xt and xt-d

series respectively.

Yormula (3.1) shows that autocorrelation of order d
is the correlation between time series Xt and time series
composed of observations of the same time series Xf
delayed & units of time. For example if 4 = 1, we calcu-
late corelation coefficient taking time series Xf and

the same time series beginning with observation Xg, i.e.




= X1
X, X
% 4

N Xy
Theoretical value for any d (except zero) is - for a
random series with independent observations equal to zero.

Therefore, if we receive for an observed not cyclical time series
r, near zero it means that our time series is random, (assum-
ing that a sample size is not very small). If r, is close

to -1 or to 1, observations of our time series are not indep-
endent.

We may employ approximated rule that value of Ty exceeding
2/ Vﬁ shows that observations of time series do not represent
a purely random process. Probability that our statement is
untrue is 0,05,

Highly autocorrelated time series are utilized for the
forecasting purpose. High autocorrelation shows that Xt
(actual) observations are strongly determined by previous time
series values Xi_g° It means that past time series observations
could be utilized as explaining variable for dependent variable
Xt. Since autocorrelation is the measure of linear association

between Xt and Xf—d our model should be linear regression
model,

X, =a+hb Xp g + e, (3.2)
T o= d+1, d42,c0s N
The formulas for calculating b and a are the same as for the
linear regression between Y and X variables (see Chapter s

Sectionl3), X, and Xi_gq Variables being represented in this
formulas by Y and X variables.
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Having estimated a and b parameters forecasted value may be
calculated as follows:

Xgoq = 8 +b Xpq4 (3.3)
If for example d=1 formula (3.3) beconmes
Ap,q= & + bXy (3.4)

oince for a straight line relation between two variables
coefficient of determination (R?) is equal to squared corre-
lation coefficient between Y and X,squared autocorrelation
coefficient rg shows what part of Xt series variance could be
explained by its delayed observations.

For example if Tq = 0.96 B r§= 0.92.

apart from the straight line (3.2) sometimes for fore-
casting purposes multiple regression relation is used, e.g.
equation with two explaining variables.

Xt= a + bXt-1 +CX 5 + ey (3.5)

and non linear equations, e.g. exponential
Pt £ '

X, = ab"t-d e (3.6)
power "

Xt = a Xt_d et (33?)
or logarithmic

X, =a+blog X 4 +e (3.8)

Application of multiple regression equation is Jjustified
when actual value of Xt is determined by many preceding cbser-
vations. Application of (3.6) - (3.8) relations is justified
when association between Xt and Xt-d is not such straightforward
as in equation (3.2). For (3%3.6) we expect that there should be
high correlation between log Xt and Xt—d rather than between
original observations of X_. For (3.7) there should be high
correlation between log X, and log X, _; and for (3.8) between

Xt and log Xt—d’ while correlation between original observations
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may be rather small. Models like (3.2) and (3.5) -(3.8)
are called autoregressive models.

Mentioned above autocorrclations may serve as a statis-—
tical eriterion for the choice of the appriopriate fore-
casting umodel. Their squared values in the cases of expon-
ential and power equations show determination of log Xt
variable variances by a straight line regressions of Xt-d
and log Kt—d variables respectively.

In the case of logarithmic relation (5.8),r§ shows deter-
mination of original Xt variable by log Xt-d variable.
Therefore determination coefficients for the (3.6) and (3.7)
models should be calculated as

2 Var(e, )
T e (3.9)
Var (Xt)
where
Var(%t) stands for variance of residuals
By = Xy = &
Var (Xt) stands for variance of Xt
FORuCASTING TIME SERIMGS- CRUSE BECTION DATA USING SIMPLE

AUTORLGRESSIVE MODEL
Time series-cross-section data are important class of

statistical data, keeping information about variability in
time and between units of the sample (regions, groups,
classes, individuals, etc.).

Construction and estimation of the proper econometric
models enables to reveal reasons for this two kinds of
variability; changes in time and differentiation of units
censtituting sample.



Our objective is to present a method of forecasting on the
base of time series-cross section data i.e. a set of 14 time
series one for each Region in Ethiopia.

Example 1
Table 1 contains data on area under Teff in 14 provinces of
Ethiopia in five year period from 1974/75 to 1978/79

Table
Area under Teff by regions
. Area in year
Regon 1 opu/7s | 1975/76 | 1976/77 | 1979/78 | 1978/79
Arssi 24,5 27.7 24 1 25,2 29.0
Bale 8o 8.6 7 o4 o Bed
Eritrea 224 24,9 Yy s R 28.7
Gamo-Gofa 155 4.6 11..8 13.0 14 .6
Gojam 20%5.7 261:5 249.3 254.2 243, 3%
Gonder 201 .5 234 .1 216.6 201.3% 205.9
Hararge 6.2 LAY 3:1 247 2.6
Illubabor 44 .1 55.8 53.9 43 .4 47 .4
Keffa 80.4 025 87.8 104 .8 116.9
shoa 297 .1 AL, 314-.6 5085 45,7
Sidamo 15¢% 19.5 227 114 g .
Tigrai 50.4 70 .4 657 o4 . 4 66.8
Wellega 152.9 184 .4 180.2 158..6 1776
Wollo 49,5 56.2 46 4 58¢2 o4.7
TOTAL 1188.7 |1403.2 |1310.7 }1279.3 |1365.2

Our objective is to forecast area under teff by regions
for 1979/80. VWie are going to use autoregressive model with a
set of one year delayed abservations as explaining variable:

x, =@l _ 4. 8) (3.10)
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The selection of the most proper function among a straight line,
exponential and power functions will be performed on the base of
a priori calculated determination coefficient R2 = r% taking
correlation between original Xt and Xt—1’ between log Xt and
Xt—ﬂ and between log Xt, log Xt—ﬂ respectively. We have follow-

ing coefficients of determination:

for the straight line 0.98
for the exponential 0.74
for the power 0.98

blnce area under teff in 1974/75 is quite different from

the data of the remaining years (compare TOTAL in Teble 1)

we should try if the resignation of data from this year would
improve the coefficient of determination.For four years data ‘and
for a straight linégéquals 0.99. Therefore, we have decided to
base vur forecasting procedure on data from 1975/76 to 1978/79
applying a straight line:

XfR

Table 2 shcws the arrangenent of data from Table 1 in squence:

= a+bxt-13 +ep (3.11)

dependent variable Xt
]

explaining variable .
Table 2 >
Dependent variable Xip @nd explaining variable Xt_qR(part)

Region (;ear) Xin b SR
ATSS1 1976/77 1 251§ 27.7
77/78 | 25.2 | 24,1
78/79 129.0 1 25.2
Bale 1976/77 74 8.6

T278.) 5.5 74
72/79 1 8.2 | 5.5
Eritrea| 1976/77 | 27.1 | 24.9

77/78 | 28.1 | 27.1
78/79 | 28.7 | 28.1

efb.Ca
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A5 one can see in Table 2 each region is represented by
three observations. JUependent variable observations are data
from 1976/77, 1977/78 and 1978/79 years, explaining variable
observations are data from 1975/76, 1976/77 and 1977/78 res-
pectively,

Analysing the data for all regions, we got a big sauple
giving the possibility of teking the rule of area changes in
all country into account. attempting to forecast area for
each region separately, for example by fitting to each regional
time series a simple trend function, we would lose information
on the trend at the country level. OUn the other hand model
(3.11) does not include variable explaining variability
specific for each region. This information may be recovered. The
method will be presented below.

The straight line relation between X..

R and it-ﬂR was estimated

by least squares method:
Lg = 0.15 + 1.01 Xt—ﬁR (3.12)

Theoretical values and forecast for 1979/80 calculated on
the base equation (3.12) are Presented in Table 3. Residuals
XtR - XtR are shown in Table 4.
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Table 4

Theoretical wvalues it and forecast %79/80
Theoretical values forecast
Region for
1976/77 1 1977/78 1 1978/79 | 1979/80
Arssi 284" 24,5 25.6 29.4
Bale 8.8 76 a7 8.4
Eritrea 25.% 2F 5 P85 29.1
Gamo-Gofa 14.9 12 133 4.9
Gojam 26%.8 251 .5 256 .4 245 4
Gonder 236.2 218.5 20351 207 .7
Hararge B Se 2.9 2.8
Illubabor 54 4 54,5 45.9 47.9
heffa 98 .4 88,7 105.8 118.0
Shoa 347,77 5075 309.1 47,9
oidamo 19.8 234 117 13.6
Tigrai ¢ P 66 .4 65.0 €%.5
Wellega 186.71 181.8 160.0 179.2
Wollo 56.8 46.9 58..6 65.4
TOTAL 1416,.9 1324 .0 1291.9 1%78.0
Residuals Xt - Xt = ét

Average | Corrected

1976477 | 1977/78 | 1978/79 g forecast
ool Qa7 S 0.0 29.4
1.4 -2, 2.5 0.6 9.0
4.8 0.6 D2 0.9 208
-3,7 0.9 i -0.3% 14 .6
=14,5 24’7 =1%.1 -8.5 2571
-19.6 =172 2.8 -11.3 196 .4
- 2.4 - 0.6 - 0.3 = 17 g
- 0.5 - 5.1 TS5 ¥ = 2.9 45,2
-10.6 16571 1. SN 1255
-33,.71 -10.8 356..6 - 2.4 346.3
2.9 -11.6 T:6 - 2.4 yi P

- 5.4 = 2.0 1.7 - 1.9 65.6
- 5.9 =B 02 V.6 - 3.8 1754
=104 Tl 5.9 e 67.7
=103 .4 =40,.% 72.8 =24 .9 1353.1




Function (3.12) estimates relations between X, and X, 4
variables only generally as average relations for all
country. This relations are defined by a and b parameters.
They can give a good approximation for all country but
they explain regional differenciation for relation between
Xt and Xt—1
lation (3.12) is included, into error ternm of model (3.12),
We may check that for some regions residuals

only partly. KRegional discrepancy from the re-

i.e. into ét.
ét are of the same sign. It neams that our forecasted values
for regions should be shifted down or up depending on the

sign of the residuals. This can be done by adding to the fore-
casted values arithmetic averages of residuals calculated for
every region. These averages are shown in the Column 4 of
Table 3. Column 5 comprises corrected forecast calculated as

follows

* = ¥ =
X29/80 %79/80 * R
It should be noted that correcting values €x minimalise sum
of squares

By 53 TR o s ] (3.13)
where dR stands for unknown correcting value. According
to the rule for finding of minimal or maximal value of the
function we receive:

oD

555 = 2(QXp -2dy - 2Xy) =0 (3.14)

Solving equation (3.14) we receive
oL Lp - X)) )R
n

R = = = & (3.15)
Correcting coefficient dR minimizing the sum of squares
e 2 < 2
DR o Z (XtR dR XtR) (5516)

should be applied for models with multiplicative error term
such as exponential



X
k= t-1
Xt = b ey
0
T power b
Xt = a Xt—”l ey
This coefficient can be found as the solution of equation
0Dy -
ad EL = tR) tR (3.179
and therefore sy X
7 %
tR

where R means that we should teke data for each region
separately. Corrected forecast is calculated as follows:

*59/80 = *n9ss0° g
Coefficient dR can be calculated also for the straight line
relation but its application give almost the same result as
application of the simple averages (3.15).

Forecast of the area under crops, production and yields of
major crops for total Ethiopia and by regions for 1979/80 and
1980/81 were performed and published in 1979(see [22] Yo

this forecast is based on cross-section-time series data and
utilizes power autoregressive function (3.7).
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5.4, PROJECTION OF TRoNDS sPrLISD TO CROSS-SECTION-
TIME SERIES DATA
Having at our disposal data on the development of

examined phenomena over time at the regional level we want
to forecast its regional wvalues.

The simplest method consists of estimation and extra-
polation of the trend adjusted to each regional time series
separately. However, this straightforward method sometimes '
giVes unsétisfactory results since extrapolated values of
regional trend may be inconsistent with tendency for all
country. The reason for it is that attempting to consider
each region separately one does not take into account in-
terrelations between regional time series.

Internally consistent estimates of regional trends
result from model adjusted to cross-section-time series
data. such model should consist of trend at the country
level and trends for regional effects. Country level trend
is something as trend for non existing "average region”.
Regional effects show regional differences from this average
trend. Une possible version of such model may be presented

as follows 14
|
| Xyp =P8 5 ¥ (828 (3.19)
\! rzz}

where —

P (t) stands for the country level trend
R is number of region R= 1,2,en0«, 14
Er are functions approximating trends of regional
effects
O is dummy variable
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6 TI1F ¥ =R
i@ if »+R

lodel (3.19) consists of on¢ function for country level trend
and one function for each region, totally "5 functions. If
each of them is thought as a simple two parameter function it
reans that one should estimate multiple regression equation
with 30 paraveter what requires use of electronic computer
DrOLTaD .

However, this forccasting model may be realized approxi-
mately without use of electronic computer, through application
of programmsble desk calculator is indicated.

To prescnt this method we should notice that observation from
yoar % ard region » mey be considered as a sum or product of (A 2
£

~ (R ) reg zional effect and random error

]

AVeTogC leve1 in Jear

I i,e° additive model

Xin Sy + R, + 0 e (3.20)
or multiplicative model
' - 1 7
‘...._tl__ = .H.t o --.D-_tr o et (5:12/])
AP O W
where A4
k=€ % x )/ 4 (3.22)
£ / tr /s e
r="]
Because 14 4 = ZXtr » then R and R! ~ should fulfil
following conditions e —
28, . =D SR = (3.23)

Vur task is estimation and prodectlon of the trends for
averaie levels 4, and for regional effects B (R )

S ——————

It may be done by means tcp by step procedure 51m1iar to that
(presented in Chapter II) for changing seasonality.
This method can be performed as follows.
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1. Estimation of the trend of average levél. Trend may be
approximated by means of simple function ¥ (straight line,
exponential, logarithmic or power) adjusted to series of
averages

A =Pt e) (3.24)

2. Calculation of theoretical average level on the basis of
funetion (3.24)

A =P) (3.25)
and of average level projected for year T + 1
ET+’I =\Q(’l‘ + 1) (3.26)

5. adjustment of trends to deviations from theoretical average

levels At for each region separately, i.e to differences
2
B o B (3.27)

or to ratios

Dtr = Xfr/ﬂtr (3.28)

These trends may be approximated by means of the simple
mathematical functions B& (straight line, exponential,
logarithmic, power), i.e.

D =0, (s e (3.29)

4. Calculation of the estimated regional effects as theoretical
values from the function (3.29)

R . =¥, (£ (3.30)

5. R, (Rér) for each year should be adjusted to fulfil con-
dition (%.23). For additive regional effects it may be

done by subtraction from each R corresponding annual

tr
average of Rtrs° For multiplicative regional effects each of
the R%r should be divided by corresponding annual average of
Rérs(compare adjustment of seasonal deviations and coeffi-

cients, Chapter II, Section 2.5.6).
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» Frojection of the regiona. effects to year T + 1.

. e 4 1,r =('r(q'1) (3.31)
Calculation of the forecasted values for regions
;r e A = [
Te,r T R T RT+1,r (5.32)
i XT+1,T = Bmayp e R'1‘+’1, T (3.33)
Calculation of the residuals
-~ i LTF L £ Al
Cor T fep ktr, (3.34)
standard error
Feo=5
= \{ e T+14) 5
\f.% B AT (3.35)
cod coefficient of determination
2 o 7("'
= | %LT tr}/ i r“tv £3.36,
] I X == == L °
wheamng ﬂtr Xtr

#pplying this method special attention should be paid to
pessible vecurence of extrapolated values going far out—
side linits of admi. 3ible forecasted values.

Sxanple
Having data on the field of Teff in regions in 1974/75 to
1978/79 we want to forecast yield of teff in 1979/80.
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Table 5
Yield of Teff in 1974/75 - 1978/79 by regions

v Yield in year
e 1974/75 | 1975/76 | 1976/77 | 1977/78 | 1978/79
Arssi . 8.0 769 13.5 1362 11:5
Bale Bab 8.4 5.9 6.6 6.5
Eritrea 70 T Fe 74 74
Gamo Gofa 4,6 B.k4 4.5 4.4 4.3
Gojam 668 4.6 6.9 749 7 oLt
Gondar 6.1 4.2 Gl 9.6 10.0
Hararge 4.3 Selt 58 6.1 70
Ellubabor Sel BeS 5a0 5.9 6.9
Kefa 70 9.4 6.9 Pl 78
Shoa 7e3 9.0 8.8 746 7.8
Sidamo 748 125 9.0 9.3 945
Tigrai 9,71 el P 7a B sy
Wellega 6.6 78 P 50 4.7
Wollo Qo2 o 2 P Thse 104
Average Levels 68 . 7ol i) Y8
Trend 6.8 ot P B 7 o8

Because time series of average levels consists barely of

5 observations the only criterion for the choice of fun-
ction approximating trend is goodness of fit. We received
following coefficient of determination.

- straight line Ra = 0.889
- exponential RS - 0.882
~ logarithmic B & 0.958 (-
- power 32 = 0.960

Our choice is for the power curve:

0.089
Ay = 9507 % £5.57)




Trend values calculated on the basis of (3.37) are shown
as the last rew of table 5. Trend extrapolated for
1979/80 is 8.0

Next step is estimation of the regional effects. We
arbitraly decided to apply multiplicative model (3.21)

Ratios X ., / ﬁt are shown in Table 6.

Table 6
Ratios Dy, = Xir 7 Ay
Region . 1 A924/75 | 1973/76 | 1976/77 | 1977/78 | 1978/79

Arssi =5 P W L i P 4 1.800 1. 714 16449
Bale 3 S 0.824 G | 5 0.786 0857 Qe85
Eritrea P 1029 1,000 0947 0,961 0.949
Gomo Gofa E 0.676 0,889 0.600 0571 551
Gojam A 200 0.6%9 0.920 1.026 0,949
Gondar L 0.897 0,583 0.813 1.246 1,282
Hararge I Q632 0472 0. 7%% 0.792 0.897
I1llubabor A 0,794 0,903 0,667 0,766 0.885
Kefa A 1.029 143506 0.920 1,000 1.000
Shoa E 1074 16250 11723 0.987 1.000
Sidamo A 10147 Te7%6 1,200 1,208 1.2718
Tigrai P 1338 1,000 0.973 0.974 0,962
Wellega E |- 0971 1,083 TQ135 0,649 0.603
Wollo L 1353 1.000 1.267 1455 1.%33%
gcond column of table &6shows . what-function was choo-

sen on the basis of goodness of fit criterion to represent

!
trend of Do ratios from corresporiding row of table. P—~
denotes power fusiction, E -~ exponential, L - straight line

mple the trend line fitted—to the ratios for Arssi region is:

described by power function

By = AZEEOee RS = 0.45 ( 338)

For Gamo Gofa was choosen exponential function

oy = OaB35 e "UID R B® = 0.48  (3.38)
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(e is basis of natural logarithm).
For Harrar the best fitted function was the straight line
D, = 0.458 + 0.085t B = 067 (3.39)
et.cC,

Theoretical values calculated on the basis of adjusted
functions we shall call Preliminary Coefficients of Regional
Effects. They should be arranged in table, similar to Table 6,
one column for a year. To receive final coefficients we
should adjust data from each year to total 14, according to
condition (%3.23). It was done by dividing numbers in column
by their arithmetic mean. adjusted data, i.e. Final coeffi-
cients of Regional iffects are presented in Table 7.
Multiplying coefficients from Table 7 by correspon&ing theor-
etical average Levels Ay wWe received theoretical values of the

yield of Teff, Xtr(Table 8)a

Forecasted values for 1979/80 are shown in Table 9, where they
are conpared with forecast received on the basif of autore-
gressive model published in July 1979 [22} °

Table 70

Final Coefficients of Regional Effects k' ” calculated on the
basis of functions fitted to rows of Table 6 and adjusted by
celumns to total 14

1979/80
Region | 1974/75 | 1975/76 | 1976/77 | 1977/78 | 1978/79 |(projected)
Arssi T.743 T.346 T.472 Teo0e 10 9e T.686
Bale 0.898 0.907 0.897 0.891 0.884 | 0.876

Eritrea 1.033 0.999 0.973 0.95% 0.933 0.916
Gamo-Gofa D A2 771 0.650 0.5%94 0.540 0.491
Gojjam 0.912 0.915 0.911 0.905 0.898 0.890
Gonder 0.681 0.828 0.968 14705 1238 1067
Harrarge 0.546 0.63%4 0.7716 0.796 0.874 0.949
Illubabor 0.807 0.810 0.806 0.801 0.795 0.788

Keffa 1057 1.060 056 1.049 T.040 1,031
shoa 1.7184 1. 144 1097 1,050 1. 003 0.956
oldamo 1.3509 1515 1308 1.299 1.289 1277
Tigrai 1.264 1.106 1.016 0.954 0.906 0.865
wellega 5 ol 0.981 0.843 0. 725 0.620 0.5%0

Wollo 1.204 1251 1.288 1.320 14357 1579




Table 8

Theoretical values itr = ﬁta R

| Raging T 1974/75 | 1975/76 | 1976/77 | 1977/78 | 1978/79
nrééi 28 G 110 120 | “12a%
Bale 6.7 Es5 6u7 6.9 6.9
Lritrea 0 7nr. 25 Tud 5
Gano-Gofa e Bt 4.9 4.6 42
Gojjam Bl 6.6 6.8 7.0 760
Gonder 4.6 6.0 7 o 2 8.5 7
Herorge b 4.5 5.4 Gl 6.8 i
I1lubabor > 5.8 6.0 6.2 6.2
Keifa Lo 77 ? s 8.1 8.1
Shoa Ha'l Bs3 8.2 8.7 7.8
Bidamo 9.0 Da D 9.8 10.0 10.0
Tigrai 8.6 8.0 7«6 7% g
wellega Zs'? Za S e A 4.8
wollo B3 9.0 9.6 T2 105

verage |
Levels 6.8 Vol P Fa? Tl

otandard error of estimation Se mnay be used as a neasure

showing pessible average error of forecast. To estinate it we

should calculate sun of squares of differences

By, = Xtr - Xtr « 1t is easy to check that for

our example E:éEr = G40

Bince number of observations cn our data is 70 and number of
catinated parameters is 2 for trend of average levels plus
2% for trends of regional effects, to calculate Se we should

divide 64 by 70-25= 45. Therefore,
o, R \eu/45 = 1.2+t /hectare.
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Coefficient of determination is

R® = 1 - 64/302= 0.788.

standard error of the forecast based on autoregressive model
(presented in Table 9) is 2.4 qu/hectare.

Table 9

Forecasted values for 1979/80 estimated on the base of projec-
tion of' trends and on the base of autoregressive model

(see [22] , p.51-64)
Forecast based
Region on

trends | autoregr.,
Arssi T8 1.9
Bale 7.0 g
Eritrea TeD 7ol
Gamo~-Gofa 59 4.0
Gojjam FE oS
Gonder 10.9 10.8
Hararge 7.6 e,
Illiubabor 6.3 Pl
Keffa 8.2 75
Shoa 796 Pof
Sidamo 10.2 9.6
Tigrai 649 7
Wellega 4.2 4.3
Wollo 1450 10.6
Bucngard 1.2 ol
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«5e LEXPONENTIAL SMOOTHING FORECASTING MODELS
%,5.1. Description of the method

Exponential smoothing models attempt to estimate
theoretical smoothed time series observations as a weighted
average of its actual and all previous observations with
weights decreasing exponentially so that remote observatir™

rocceive smaller weights than more actual ones.

The idea of exponential smoothing can be presented 1in
the following way. Let us it denotes smoothed time series
observation corresponding to real one th It can be
expressed as a weighted average of actual real observatirL
and previous smoothed observation, 1.8

2 Ly = ry = z \
Xt = a Xt +(1 H)Xt—ﬂ 340

substituting for Xt—ﬂ’ Xt—2, MLy Xt_j,,au
into (3.40) we get.

X, = a <: (1-a)d X (3.4

t-J

: L J=0 ;
The letest available smoothed value XN is employed to fore-

cast future value of the series, i.e.
o =% o (e
eon = Xy Bl 71 ol g i (3.42)
where iﬂ+h denotes forecasted value forhunits of time

ahead. Parameter a may be choosen to minimize the sum of
squared errors between realizations and forecasts made for
past units of time for whose time series observations are

available.

In practice this simple formulation is rarely employed
nnd several modifications have been developed. Oneliof "tnes
,9} and Winters |13

widely applied approaches due to Holt
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in its the simplest version for nonseasonal time series,
assumes that time series observation at time t is composed

of local mean level M, and random error €4 which is assumed

t
to be of constant variance. lLocal mean at time t differs from

local mean at time t-1 by value of local trend Tt“

Local mean at time t is estimated as weighted average of
time series observation at time t and foreeasted value for
time t. Forecast for time t is simply sum of local mean and
local trend at time t-1, i.e.

Y rolil. 5 (3.43)

R
Therefore, estimation of local mean can be presented as
follows

My =a X #(l=a) (g, +50.54) (3.44)

or

M, = a Xt P Tem) oK (3.45)

t t

where o <as<

Trend at time t is defined as difference between (true)
mean levels at time t and (t-1). Estimator of trend is
following

T, = b, = M 3+ {1-b)T, (3.46)
ol be

The rule for forecasting one unit of time ahead is given

in (3.43). Yorecast for N+h time, when Xy is last available

time series data is made on the basis of the last estimated
mean level aind trend

Xjap = My * BTy (3.47)

Therefore, forecasting model consists of two updating for-
mulas (3.44) and (3.46), applied as new time series obser-—
vation is available, and of formulation of forecasting rule
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KBl 2 )s IH requires to determine suitable values for the
smoothing constants a and b and starting values for Mt and T

Constants ‘may b be choosen on the emplrlcal ground by

p————————— e ——

means of trial fcerecasts made one time pericd prrvlously of
the Pﬂown_abéervatlons Xt That values a and b which best
"foresee" the known observation (generally in term of average
squarred forecast error) are then employed as forecasting

constants.

Sometimes suggestion for the choice of the most proper param-

eters results from the character of data. We tried to find

the best parameters for time series of ratios D' from Table 6

The best ability to forecast, measured in termS of the sum of
squared differences between forecast and real value, have
fellowing models:

1) a= 0.3, b= 0.3 for Arssi, where ratios are highly irregular
but show slight increasing trend,

2) a= 0.8, b= 0.3 for Bale where ratios are irregular with
rather slight trend,
3) a= 0.9, b= 0.4 for Gamo-Gofa where dat® show distinct
decreasing trend without big irregular variability,
4) 0.9 and 0.2 for Gonder where distinct trend is evident,
5) 0.1 and 0.1 for sShoa where ratios are slightly decreasing,
6) for wollo where data are highly irregular nearly the
Same accuracy is with a= 0.3, b= 0.3 as with a= 098
b= 0.3

It should be noted that small value of b parameter gives bigger
possibility for demonstration of steady increase or decrease

of time series observations, while parameter a close to unity
makes model more sensitive for new trends introduced with
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actual observation. lor all examined regions the best
proved small parameters b, stressed steady trend,
while parameter a for some regions is high and low
for others, stressing in the former case modification
of mean level and in the latter one its stability.

3s5.2. Application to agricultural forecasting

To begin performance of the forecasting procedure we should
establish starting value of a local level and local trend.
It seems that for nonseasonal data it could be simply first
time series observation for local mean and zero for local
trend. The procedure of forecasting is shown in Table 9,
where we attempted to forecast Yield of Teff in ishoa region
for 1979/80. Data (taken from Table 5) are shown in the
first column of table. Further columns shows consecutive
steps of procedure as a new time series observation be-
comes available. It follows from the procedure that to
perform forecasting as new observation Xt+1 becomes
available one needs to use only this observation and last
estimations of level and trend. Beginning with step 2
values of M were calculated on the basis of formula (3.45)
while forecasted value (ﬁt) for step 2 is simply repeated
time series ob?ervation from previous year (22=X1) for
further steps X =l + 1T Therefore, yield of teff

t =1 t=1°
forecasted for 1979/80 is calculated as

X79/80= M78/79 + T?8/79 « Table 9 shows

attempt to make forecast with a= 0.8, b= 0.2. But we
should check if another parameters do not produce better
criterion of accuracy. Searching for the best set of
constants is shown in Table 10,
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fable 9
oteps of forecasting procedure with constants:
a= 0.8, b= 0.2
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Forecasting of Yield of Teff in Shoa, for 1979/80.

Name Sstimations with parameters:
of
Xt calcula- |
ted value|0.8/0.8| 0.9/0.1 { 0.3/0.8 | 0.3/0.3 | 0.1/0.1
705 ii/I = o« e = )
lVl/I 7"5 795 703 7:-5 7=5
T, 0 0 0 0 0
9.0 ig 753 Pad Zeh P> %o
M, 8.7 8.8 938 7.8 7.5
T, 1.1 0.2 0.4 0.2 0.0
8.8 XB 9.8 9,0 8.2 8.0 7.5
My 9.0 8.8 B A 8.2 7.6
7 0.5 0% 0.5 0.2 0.0
20
(XB~XB) 1.00 0.04 0.36 0.64 1.69
7.6 i4 9.5 8.9 8.9 8.4 2.6
M, 8.0 767 8.5 8.2 7.6
T, -8 0.0 0.2 021 0.0
(X4~X4)2 3.67 1.69 1.69 0.64 | 0.00
7.8 5‘15 7.3 77 8.7 8.3 7.6
Mg 77 7.8 8.4 8.2 7.6
T o, 0.0 0.0 0.1 0.0
(X5-X5)2 0.25 0.01 0.8 0.25 | Stloe
Fore-
cast & 7.3 7.8 8.4 8.2 7.6




Iirst parauecters a= 0.8, b= 0.2 were checked, producing
Ky = 2.29(conpare Efble 9).
Kp=/ (X X )2 (3.48)

It should be noticed that first forecasted value is for third
yeur, X, because XE is simply repeated X,. First thres stops
of forecasting are usually running-in-procedure steps: Tgan
ior calculation of accuracy measure K. are taken (Xt—Kt)'
beginning from t=4
Hext we inercased paramcter b to 0.8 a being not changed
(2=0.8) getting Kp= 5.67. bince incrcasing of b resulted in
worse forecast we came back to low b values, getting for
a= 0.9, b= 0.3 KF = 2:89 and for &= 0.9, b= 0.1 KF: VPO
S0 far this last result proved the best. But we next
cheeked small value of a and big value of b, and saall both
. and b. We received following values of KF:

0.2 b= 0.8 K,= 1.70
for a= 0.3, b= 0.3 Ky= 0.89

Dy b= DLl KF= 0.04
this last set of paramcters was choosen as the best one. It
produces forecasted value 7.6. In the sinilar way we received
forccusts for Arssi, Bale, Gamo-Gofa, Gonder and Wollc. They
are shown in Table 11, where they are conpared with carlier
forccasts made on the base of power autoregressive function
(seu ﬂ22} ) and on the bases of extrapolated trends.

Table 11
Forecasts of Yield of Teff for 1979/80 from exponential
smcothing, autoregressive model and projection of trends, for

chousen regions.
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Forecast from Parameters
Region Exp. snooth. | Autoregr. | Trend | for e=mp.
smooth.
Arssi i I TR 119 15:5 054085
Bale BaD Bl 248 D,.8,0.3
Gano-Gofa 4.1 4.0 5.9 0.9,0.4
Gonder 10:8 10.8 19:9 09,02
shoa V=6 Fo'l 246 0715004
Wollo 0.8 10.6 11.0 0.9.0.5
Zgﬁfﬁz 17 2.4 4 o

For comparison with accuracy of another methods standard error
Se was calculated on the base. of sum of squarred differences
between smoothed and original observations, i.e.

5 = 2 -
s =\T (x, - 1.)°/(30-18) (5.49)

where (30-18) shows that 12 parameters (two for each region)

were adjusted and smoothed value for the first year was taken
as equal to original observation.

The better seems to be another measure of accuracy showing

standard deviation of differences between original observa-

tions and their forecast. It should be calculated as follows
8. =

o Ko/ (3.50)
where KF is determined in formula (3.48),

N is number of differences X, -X, taken to

:
calculation of KF

For calculation of SF three first years should be dropped. For
the exponential smoothing forecast presented in Table 11,

SF= 1.45 i.e. average error of our forecast is 1.45 qu/hectare.
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vince we had data only for five year pericd, SF was
calculated on the base of results for the last two years only.
Therefore, in our example N= 12(six regions times 2 years).

We atteupted to apply 2 parameter Holt Winters model to
forecast yield of teff by regions considering the data on
yield in a similar way as in section 3.4 , i.e. observation
XtR being composed of mean level in year t©, Xt’ regionaI
deviation from this mean level Rt and error tern eipe As first
step we forecasted for 1979/80 mean level using data on mean
levels from Table 2 . We received the same forecasted value,
8.0 as from power function applied in Section 3.4 Noxt,
similarly like it was done in the method with extrapolated
trends, ratios original/smoothed mean level were calculated
and for each region separately forecast of ratios was per-
formed. Results for 6 regions are shown below. Accuracy
measures

B T N TR R

are similar to these received from the simpler, more straight-

e

forward approach based on origimal data for regions.

Forecasted values received from exponential smoothing with
decomposition of observationsi

Arssi 12.9
Bale 6.5
Gano-Gofa 4.0
Gonder 107
shoa 7.8
Wollo 10w

3.5.%. bxponential smoothing forecast of seascnal data

For data showing distinct seasonal variation Holt-
Winters forecasting nethod requires to apply additional
third parameter, C. The model nay be presented as follows
(compare [4J )



M, = axt/st_ # (=) 4 + T o) 2l )
Sg= X /My + (T=c) B, __ (3.52)
Ty= DL _4) +(1-D)T, (3.53)

where p is period of seasonal variation, for time series
with monthly observations p= 12, for quarterly time
series p=4.

St stands for seasonal variation.

Recoruended starting values (compare [ﬁ, 23]

are following

a) tiean should be taken as the average observaticn in the
first year.

b) Trend should be set to zero or to average nonthly
difference between the first and second years averages.

c) sSeasonal factors calculated from the first years' data
by comparing each observation with the overall average
in the first year.

It should be kept in mind that starting values as well as
paraneters depend to some extent on the properties of data.

seasonal model requires a big amount of calculation.
or ‘each tinme series, observation should pass through three up-
dating formulas (3.51)-(3.53). Taking into consideration
that the best set of parameters should be choosen on enpirical
ground it makes use computer progran indispensable.

Disadvantage of the exponential smoothing procedures
is that they restrict forecasting model to only one forn.
The forecasted value depends on the choice of paraneters.
Therefore, automatization of forecasting procedure is re-
connended, as application of computer prograrn enables choice
of the optimal constants. On the other hand in nany cases,
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particularly in agricultural statistics, data requires

individual nonautonatic approach. Thus, soluticn nmay be
autunatization of the most labor-consuning calculations
with pussibility for analysis of results on every step

cf calculation.

5.60 HullAhkho UN THE LINITATIONS OF STATISTICAL FORECACTING

Un account of the nature of econcmic and social
phenomena their future value can not be predicted precisely.
A8 a result of human activity and influence of nature this
Phenormena are partly deterninistic partly random and are
forccasted within random limits only.

otandard errcrs of estination are applied to cons-
tructicn of linits in which true forecasted value should
fall with satisfactory high probability. If randon errors
of forecasting funetion or smnoothing model adjusted data
are independent and nornally distributed with nmean value
zero then true forecasted value X is si‘nated in the
partition defined by forecasted value X and standard error
Be, Totla

¥, = 1,968, = X=X + 1.968_ (3.54)

with probability 0.95 (95%). If assumptions about the
errur tern are fulfiled relation (3.54) shows the inpacst
of the random unpredictable part of process on the forecast.

The secound reason which can cause that forecasted value
Lay differ censiderably from realization is that fcrecasts
are made only on the base of statistical data fron the
past. Applied models take into account relations between
past observations of the forecasted time series (autorcgressiv
schenes, exponential suoothing) or attempt to describe

4
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behavicur of tine series in terms of mathematical functions
of time variable t (models of trend and seasonality).

In this approache forecast is made as projection into
the future regularities which occurred in the past and were
estinated by means of model. Therefore, this relations or/
and regularities are estimated for average conditions which
occurred in the time from which statistical data were applied
to model. If in the year of forecast conditions differ con-
siderably from this average of the past realization of the
proceségmay fall outside of standard error linits.

It shall be kept in wmind, however, that sometime big dis-
crepancy between realization and forecast is important statis-
tical informaticn. It can inform policymaker about possibility
of turning point in trend or about occurrence of situation
which requires further statistical exploration. It can show
also how effective are economical or adninistrative neasures
taken by policy-nakers.

%.7. THE DRAFT OF MULTIPLE REGRESSION FORECASTING MCODELS

3.7.1. The general description of nultiple regression

Basic ideas on the sinmple regression model in which
the dependent variable is a linear function of one in-
dgpendent (explanatory) variable are presented in
Chapter I.

In gemeral, economic and social phenomena are in-
fluenced by nany different variables. Then in statisti-
cal analysis very often multiple regression models are
nore appropriate than wodels with one or two independent
variables.
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ouch nmodel nay be written as

Y,= b, + by Xy +by Xy + ocont by Ko o+oey {5.55)

% 2y Bliviy X

1 linear equations, for instance

b1 ¢ b be |, s
Y= b, Kol X552 oo Xf 0 (3.56)

ere often applied, but for estimation by neans of least
squares nethid they need to be transformed to linear form
(3.55/ by use instead of original observations their
logarithuas.

The least squares estimators of the parameters in (3.55) are
obtained by ninimizing the sum of the squared residuals

D= Le Z(Y = P g By oasn ol in)g (3.57)
with respect to bj’ Fo Ty wsely e

Differentiating partially D with respect to bj 3=0, 1,

coeoy K and setting the k+1 partial derivatives equal to zero
we receive k+1 normal equatiocns from which formula for esti-
nator of paraneters vector is derived. This formula in
general case requiresuse of matrix notation. Detailed desc-
ription of the least squares method applied to nultiple re-
gressicn equatiovn is presented in many books on eccononetric
wethuds, for example [ﬁﬂ, 12] . Here we confine ourselves
tu poneral interpretatiun of parameters, assuming that estina-
tion procedure should be performed with electronic computer
using progran for nultiple regression analysis.

Every particular paraueter bJ (j= 1,2,sseyk) from Tinear
uzdel (3.59 should be interpreted as amount by which de-
pendent variable changes its level when corresponding in-
dependent variable changes its level by one unit, taking intc
account and excluding influence of other variables counsidered
by umodel. Parameter bO shows what would be value of dcpendent
variasble Y if all explaining variables would be at zero level.
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Thus b5= -0.25 neans that increase of variable X5 by one
unit cause decrease variable Y by 0.25 units, assuming . that
other variables do not change their level (ceteris paribus
condition). Parameter Bj in model (3.56) shows that change
of XJ variable g times cause the change of variable Y q%

tinmes.

The assumption we have previously nade concerning the
statistical properties of the error tern are the sane for
nultiple regression equation (compare Chapter I Section (N
The model needs additionally one extension and one restric-
tion.

The extension is that we now assume that every indepen-
dent variable from model is treated as set of constant wvalues.
The restriction is that there should be more observations than
dependent variables.

Under assumption that €; are nornally distributed testing
of regression parameters significance can be applied as well
as testing contribution of each explanatory variable in varia-
bility of dependent variable. As a Ieasure of goodness of fit
the coefficient of determination is defined as

B =1 - Yo /¥y (3.58)
where ¥4 = * o5 Ve

However for multiple regression nore justified is so called
adjusted coefficient of determination

e=-n
=/ (N-k)
E g ELeé/ (3.59)

which takes into consideration 10ss of degress of freedon

connected with introduction every new variable into regression
equation.
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50720 Puazibility of use of multiple regression models

to forecasting crop production and area under Crops

a) Crop production

agricultural production results from nany reasons
such as area under crop, meteorological conditions in
different periods of plant developnent, use of fertili-
Zers, occurring of pests and many others umeasurable and
unueasurable factors. It would be possible to build and
cstimnate an econometric model of crop production for
Bthiopia ifyfollowing conditions would be filfiled

1. we have got appropriate data concerning area, weather
conditions in different periods of vegetation, uses of
fertilizers, et.c., for nany years and at least at
regional level.

3. We have got possibility to perforn estinating proce-
dure using prograu for electronic conputer,

In the investigation perforned by Statistics Section PPD,
Ministry of Agriculture farmers were asked about main reasons
for reported by them changes (decrease and increase) of produc—
tion in 1978/79(1971E.C.) compared to last year. Results of
this survey, published in {24} y show that nain reasons for
chianges of production are weather conditions, pests and plant
deseases, changes of area and use of fertilizers.

weather conditions can be characterized by neans of neasurable
variables such as amount of rainfall, occurence of periods with
excessive rainfall, average and mininal temperatures in early
vegetation period. Use of fertilizers should be expressed as
nunber of kilograns per hectare.

Pests and plant deseases rather cannot be expressed as meas-
urable variable and for econometric model we should apply
sinplified method consisting in recording of the fact of
vccurence. We nay apply so called dunuy variable, which takes
value 1 if in the observed year and region pest occurred and
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0 if did not. Dumnny variables could be used also for the hail
and flood. However it seens that pests deseases, hail and
flood rather rarely effect seriously production at regional
level and thus their application seems to be justified only in
model based on data on small administrative units such as
weredas.

One should notice that relationship between production and
rainfall can be non linear. Exessive rainfall may prove des-
troying for production to similar extent as shortage of rain.
Therefore, variables standing for rainfall could be expressed
as squared deviations from normal rainfall. Influence of
rainfall should be expressed by neans of many variables, for
example rainfalls in the period of sowing, . germination, .
et.c, Data on temperature nay be expressed as averages for
different periods of vegetation . It may prove useful to in-
troduce additional variable showing number of periods(for
exauple weeks) in which ninimal temperature was below lower
limit. Our hypothetical nodel for crop production at regional
level could be expressed as follows

Yop =W (agp, Fyp, Migg,-er Mg, Tir, 4w (5.60)

where

¢ —(unknown) function describing relation between YfR

and sets of explanatory variables,

AtR_ area under crop in year t region R,

F p~ quantity of fertilizers (kilograms per hectare),

MﬂtR,“" MmtR_ variables for meteorological factors in-

fluencing production,

TtR- variable for other factors influencing production in
long period such as be tter management, development of in-
frastructure, higher level of farmers education, et.c.

CLR~ randon error of nodel.



Variable TtR is called general trend of nodel and is re-
presented by time variable (t= 1,2,...,N) or its function.

Variables on area and use of fertilizers are available
at regional level. For nearly all region data on najor mete-
orological factors influencing production can be collected .

b) aArea under crops

Multiple regression model for area should include quite
different explanatory variables then model for production.
Change of area under crop should be considercd as result

of econonical, social and political factors. First of all
growth or fall of area under crop nay be caused by changes
of supply and demand for the investigated crop. Its supply
in year t can be expressed as its production from the last
harvest,denand can be approxinated by price in period of
sowing and period preceeding sowing. Social and gover-
nnental efforts to extend cultivated area could be approxi-
netedly cxpressed by trend Tt sinilarly as in the nodel

for production. It seems that decision about destination of
arca under crop depends not only on the price for this crop
but also, for sone crops, nay result from the prices for
other crops. Therefore, our hypothetical model could be exm-
pressed as

A =
8" 0 Prr, Copy Digrioces Dgmr Tom, &pp)  (3-61)
where

=

t+R ~ 8rea under crop in year t, region R

g

= production of crop in previous year, region Ik
N price of crop in year t, region R

I

TtR, = ° DktR— prices of other crops.
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c) Benefits and linitations of rmultiple regression nodels
Just as we have econometric nodel estimated and verified
it can be used for statistical and econonmic analysis. Estimated

rnodel for crop production shows us to what extent factors in-
cluded into it as explaining variables stimulate or destimulate
growth of production. It enables to set this factors in order
from the most to less important stinulating/destinulating
factors and even to assess nunerically how they influence pro-
duction. Other advantage of econometric model is that it

give us possibility to estimate substitution of different
factors included into it as explaining variables. For details
of econometric models interpretation see T e )

But user of econometric nmodel should be aware of its limita-
tions. First of all nunerical results are only approximation of
true relations. However it is possible to assess the average.
size of random error of adjusted model and every estinated
parameter. Second limitation is that conclusions about in-
fluence each of the explaining variables on the dependent vari-
able are justified only in limits of their variability. It
neans that estimated parameters of model can show us how pro-
duction changes if one of the explanatory varigbles changes its
level, but rule of change approzimated by model can be different
outside the variability of this explanatory variable. It is
inportant when one attempts to use econometric model for fore-
casting purpose.

d) Forecasting on the base of nultiple regression nodel
with meteorological data

"

If we would like to nake forecast on the base of models
such as (3.60) and (3.61) we should be aware of linitations
which they impose. This limitations result from the nodel



141

]
1l

itself and from presented above linitations inposed by general
theory. First of all, forecasts based on such rodels can not
£0 Tar into future. This limitation follows from the set of
used explaining variables. Ubservations of this variables

cone from the sazne calendar year for which forecast is per-
forned. The best result should give nodel in which meteoro-
logical variables cover all vegetation period for forecasted

eroPis

Then considered econometric model for production contains
scnie kind of contradiction between its possibility to give
accurate forecast and to give forecast of great usefulness.
The nost accurate forecast can be achieved a few nonth before
harvest because for such period model can include variables
describing weather condition and other factors influencing
production in nearly all growing period. On the other hand
the nost useful for national econony planning are forecasts
nade one year earlier.

It seens reasonable that to give bigger possibilities for
active and reliable forecasting Ministry of aAgriculture should
nave for its disposal different types of nodels, for early
prognosing (twoe and one year ahead) and for correcting of
this carly forecasting half year before and a few (> o2y
“cnths before the date of harvest. For each kind of forecast
adegquate model should be established .

5.8. BIBLOGRAPHICAL NOTE

There is extensive literature on the statistical fore-
casting, reflecting fast development of the theory and
techniques an%t importance of topic for planning and
nanagenent of national economny.

General theory of statistical forecasting as well as
its methodology are presented in monographs of Gilchrist
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[6] Granger [ 7] Montgomery and Johnson [15] , Wheelwright
and Makridakis [17] .

Exponential smoothing was first introduced by Holt [9]
and was elsborated and widely applied by Brown [2] . Other
inportant coentributors are, among others, Winters DS[ who
introduced the Seasovnal Exponential Smoothing. Harrison 8
eleborated Harmonic Smoothing models and Trigg and Leach
[ﬂﬁ] who introduced technique of traiCing signals to indicate
when the characteristics of the process have changed signi-
ficantly.

Aautoregressive models are presented aucng others, in
bock of Malinvand [12] and paper of Newbold and Granger [23] .

Autoregressive/noving-average approach, known also as the
Box~Jdenkins nmethod is recently very popular among statisti-
cians but is not easy to practical application. This method is
complete and theoretically rigorous and attractive. Basical

fer the topiec.is book ©f Box and Jenkins[ ]containning theor-
etical background of method, computaticnal formula for digital
computer and providing procedures to deal with any kind of
series including seasonal and nonstationary ones.

This approach is presented also in books of Granger [?k}ilchriu
st [6] Montgomery and Johnston [15] and in papers of Chat-
field and Prothero [ 3] and Ms ridakis [13]. As it was mentioned
above in spite of its completness and good theoretical back
grounds method is not widely applied in statistical practice

as 1t is rather complex and requires experienced expert
statisticians to apply correctly.

Problems of econometric models and their use to fore-
casting is explored by many autors as Klein [11], Malinvexd ﬁg}
Christ[5] , Johnson [10] .
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&% The end we would like to pay attention on the works of

istatistics bection, PPD, Ministry of Agriculture in the

field of agricultural forecasting in Ethiopia. Forecasting

or the bases of field- sd eys is presented in their publica-
tion lh9 g 20] -« There had also applied statistical models
0x forecasting, i.e. extrapolation of trend[eﬂ and simpie
autoregressive model [22] .
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