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Preface

This textbook intends to provide a careful and comprehensive introduction to some of the most
important mathematical topics required for a thorough understanding of financial markets and
the quantitative methods used there. For this reason, the book covers mathematical finance
in the narrow sense, that is, arbitrage theory for pricing contingent claims such as options and
the related mathematical machinery, as well as statistical models and methods to analyze data
from financial markets. These areas evolved more or less separate from each other and the lack
of material that covers both was a major motivation for me to work out the present textbook.
Thus, I wrote a book that I would have liked when taking up the subject. It addresses master
and Ph.D. students as well as researchers and practitioners interested in a comprehensive
presentation of both areas, although many chapters can also be studied by Bachelor students
who have passed introductory courses in probability calculus and statistics. Apart from a
couple of exceptions, all results are proved in detail, although usually not in their most general
form. Given the plethora of notions, concepts, models and methods and the resulting inherent
complexity, particularly those coming to the subject for the first time can acquire a thorough
understanding more quickly, if they can easily follow the derivations and calculations. For
this reason, the mathematical formalism and notation is kept as elementary as possible. Each
chapter closes with notes and comments on selected references, which may complement the
presented material or are good starting points for further studies.

Chapter 1 starts with a basic introduction to important notions: financial instruments such
as options and derivatives and related elementary methods. However, derivations are usually
not given in order to focus on ideas, principles and basic results. It sets the scene for the
following chapters and introduces the required financial slang. Cash flows, discounting and
the term structure of interest rates are studied at an elementary level. The retfurn over a given
period of time, for assets usually a day, represents the most important economic object of
interest in finance, as prices can be reconstructed from returns and investments are judged by
comparing their return. Statistical measures for their location, dispersion and skewness have
important economic interpretations, and the relevant statistical approaches to estimate them
are carefully introduced. Measuring the risk associated with an investment requires being
aware of the properties of related statistical estimates. For example, volatility is primarily
related to the standard deviation and value-at-risk, by definition, requires the study of quantiles
and their statistical estimation. The first chapter closes with a primer on option pricing, which
introduces the most important notions of the field of mathematical finance in the narrow sense,
namely the principle of no-arbitrage, the principle of risk-neutral pricing and the relation of
those notions to probability calculus, particularly to the existence of an equivalent martingale
measure. Indeed, these basic concepts and a couple of fundamental insights can be understood
by studying them in the most elementary form or simply by examples.

Chapter 2 then discusses arbitrage theory and the pricing of contingent claims within a
one-period model. At time 0 one sets up a portfolio and at time 1 we look at the result. Within
this simple framework, the basic results discussed in Chapter 1 are treated with mathematical
rigor and extended from a finite probability space, where only a finite number of scenarios
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can occur, to a general underlying probability space that models the real financial market.
Mathematical separation theorems, which tell us how one can separate a given point from
convex sets, are applied in order to establish the equivalence of the exclusion of arbitrage
opportunities and the existence of an equivalent martingale measure. For this reason, those
separation theorems are explicitly proved. The construction of equivalent martingale measures
based on the Esscher transform is discussed as well.

Chapter 3 provides a careful introduction to stochastic processes in discrete time (time
series), covering martingales, martingale differences, linear processes, ARMA and GARCH
processes as well as long-memory series. The notion of a martingale is fundamental for
mathematical finance, as one of the key results asserts that in any financial market that excludes
arbitrage, there exists a probability measure such that the discounted price series of a risky
asset forms a martingale and the pricing of contingent claims can be done by risk-neutral
pricing under that measure. These key insights allow us to apply the elaborated mathematical
theory of martingales. However, the treatment in Chapter 3 is restricted to the most important
findings of that theory, which are really used later. Taking first-order differences of a martingale
leads naturally to martingale difference sequences, which form whitenoise processes and are
a common replacement for the unrealistic i.i.d. error terms in stochastic models for financial
data and, more generally, economic data. A key empirical insight of the statistical analysis
of financial return series is that they can often be assumed to be uncorrelated, but they are
usually not independent. However, other series may exhibit substantial serial dependence that
has to be taken into account. Appropriate parametric classes of time-series models are ARMA
processes, which belong to the more general and infinite-dimensional class of linear processes.
Basic approaches to estimate autocovariance functions and the parameters of ARMA models
are discussed. Many financial series exhibit the phenomenon of conditional heteroscedasticity,
which has given rise to the class of (G)ARCH models. Lastly, fractional differences and long-
memory processes are introduced.

Chapter 4 discusses in detail arbitrage theory in a discrete-time multiperiod model. Here,
trading is allowed at a finite number of time points and at each time point the trading strategy
can be updated using all available information on market prices. Using the martingale theory
in discrete time studied in Chapter 3, it allows us to investigate the pricing of options and other
derivatives on arbitrage-free financial markets. The Cox—Ross—Rubinstein binomial model is
studied in greater detail, since it is a standard tool in practice and also provides the basis to
derive the famous Black—Scholes pricing formula for a European call. In addition, the pricing
of American claims is studied, which requires some more advanced results from the theory
of optimal stopping.

Chapter 5 introduces the reader to stochastic processes in continuous time. Brownian
motion will be the random source that governs the price processes of our financial market
model in continuous time. Nevertheless, to keep the chapter concise, the presentation of
Brownian motion is limited to its definition and the most important properties. Brownian
motion has puzzling properties such as continuous paths that are nowhere differentiable or of
bounded variation. Advanced models also incorporate fractional Brownian motion and Lévy
processes, respectively. Lévy processes inherit independent increments but allow for non-
normal distributions of those increments including heavy tails and jump. Fractional Brownian
motion is a Gaussian process as is Brownian motion, but it allows for long-range dependent
increments where temporal correlations die out very slowly.

Chapter 6 treats the theory of stochastic integration. Assuming that the reader is familiar
with integration in the sense of Riemann or Lebesgue, we start with a discussion of stochastic
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Riemann-Stieltjes (RS) integrals, a straightforward generalization of the Riemann integral.
The related calculus is relatively easy and provides a good preparation for the It6 integral.
It is also worth mentioning that the stochastic RS-integral definitely suffices to study many
issues arising in statistics. However, the problems arising in mathematical finance cannot be
treated without the It6 integral. The key observation is that the change of the value of position
x(#) = x; in a stock at time ¢ over the period [t, t 4 8] is, of course, given by x,5 P;, where
8P, = P45 — P;. Aggregating those changes over n successive time intervals [i8, (i + 1)d],
i=0,...,n— 1, 1in order to determine the terminal value, results in the sum Z::ol x(i8)8 P;s.
Now ‘taking the limit § — 0’ leads to an integral [ x,dPs with respect to the stock price,
which cannot be defined in the Stieltjes sense, if the stock price is not of bounded variation.
Here the Itd integral comes into play. A rich class of processes are Itd processes and the
famous It6 formula asserts that smooth functions of Itd processes again yield Itd processes,
whose representation as an It6 process can be explicitly calculated. Further, ergodic diffusion
processes as an important class of It processes are introduced as well as Euler’s numerical
approximation scheme, which also provides the common basis for statistical estimation and
inference of discretely sampled ergodic diffusions.

Chapter 7 presents the Black—Scholes model, the mathematically idealized model to price
derivatives which is still the benchmark continuous-time model in practice. Here one may
either invest in a risky stock or deposit money in a bank account that pays a fixed interest. The
It6 calculus of Chapter 6 provides the theoretical basis to develop the mathematical arbitrage
theory in continuous time. The classic Black—Scholes model assumes that the volatility of the
stock price is constant with respect to time, which is too restrictive in practice. Thus, we briefly
discuss the required changes when the volatility is time dependent but deterministic. Finally,
the generalized Black—Scholes model allows the interest rate of the ‘risk-less’ instrument to
be random as well as dependent on time, thus covering the realistic situation that money not
invested in stocks is used to buy, for example, AAA-rated government bonds.

Chapter 8 studies the asymptotic limit theory for discrete-time processes as required to
construct and investigate present-day methods for decision making; that is, procedures for es-
timation, inference as well as model checking, using financial data in the widest sense (returns,
indexes, prices, risk measures, etc.). The limit theorems, partly presented along the way when
needed to develop methodologies, cover laws of large numbers and central limit theorems for
martingale differences, linear processes as well as mixing processes. The methods discussed
in greater detail cover the multiple linear regression with stochastic regressors, nonparametric
density estimation, nonparametric regression and the estimation of autocovariances and the
long-run variance. Those statistical tools are ubiquitous in the analysis of financial data.

Chapter 9 discusses some selected topics. Copulas have become an important tool for
modeling high-dimensional distributions with powerful as well as dangerous applications
in the pricing of financial instruments related to credits and defaults. As a matter of fact,
these played an unlucky role in the 2008 financial crisis when a simplistic pricing model
was applied to large-scale pricing of credit default obligations. For this reason, some of the
major developments leading to the crisis are briefly reviewed, revealing the inherent complex-
ity of financial markets as well as the need for sophisticated mathematical models and their
application. Local polynomial estimation is studied in greater detail, since it has important ap-
plications to many problems arising in finance such as the estimation of risk-neutral densities
conditional volatility or discretely observed diffusion processes. The asymptotic normality
can be based on a powerful reduction principle: A (joint) smoothing central limit theorem
for the innovation process {¢;} and a derived process involving the regressors automatically
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implies the asymptotic normality of the local linear estimator. The testing for and detecting
of change-points (structural breaks) have become active fields of current theoretical as
well as applied research. Chapter 9 thus closes with a brief discussion of change-point
analysis and detection with a certain focus on the detection of changes in the degree of
integration.

This book features an accompanying website http://fsmf.stochastik.rwth-aachen.de

Ansgar Steland
RWTH Aachen University
Germany
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Elementary financial calculus

1.1 Motivating examples

Example 1.1.1 Suppose a pension fund collecting contributions from workers intends to
invest a certain fraction of the fund in a certain exchange-traded stock instead of buying
treasury bonds. Whereas a bond yields a fixed interest known in advance, the return of a stock
is volatile and uncertain. It may substantially exceed a bond’s interest, but the pension fund
is also exposed to the downside risk that the stock price goes down resulting in a loss. For
the pension fund it is important to know what return can be expected from the investment and
which risk is associated with the investment. It would also be useful to know the amount of
the invested money that is under risk. In practice, investors invest their money in a portfolio
of risky assets. Then the question arises: what can be said about the relationship? In modern
finance, returns are modeled by random variables that have a distribution. Thus, we have to
clarify how the return distribution and its mathematical properties are related to the economic
notions expected return, volatility, and how one can define appropriate risk measures. Further,
the question arises how one can estimate these quantities from historic time series.

Example 1.1.2 [n order to limit the loss due to the risky stock investment, the pension fund
could ask a bank for a contract that pays the difference between a stop loss quote, L, and stock
price, if that difference is positive when exercising the contract. Such financial instruments
are called options. What is the fair price of such an option? And how can a bank initiate
trades, which compensate for the risk exposure when selling the option?

Example 1.1.3 Suppose a steel producer agrees with a car manufacturer to deliver steel for
the production of 10 000 cars in one year. The steel production starts in one year and requires
a large amount of oil. In order to calculate costs, the producer wants to fix the oil price at, say,
K dollars in advance. One approach is to enter a contract that pays the difference between
the oil price and K at the delivery date, if that difference is positive. Such contracts are named

Financial Statistics and Mathematical Finance: Methods, Models and Applications, First Edition. Ansgar Steland.
© 2012 John Wiley & Sons, Ltd. Published 2012 by John Wiley & Sons, Ltd.



2 ELEMENTARY FINANCIAL CALCULUS

call options. Again, the question arises what is the fair price of such an agreement. Another
possibility is to agree on a future/forward contract.

Example 1.1.4 7o be more specific and to simplify the exposition, let us assume that the
steel producer needs 1 barrel whose current price at time t = 0 is So = 100. To fix that price,
he buys a call option with delivery price K = 100. The fixed interest rate is 1%. Further,
suppose that the oil price, Sy, in one year at time t = 1 is distributed according to a two-point
distribution,

P(S; = 110) = 0.6,  P(S; = 90) = 0.4.

If S1 = 110 one exercises the option right and the deal yields a profit of G = 10. Otherwise,
the option has no value. Thus, the expected profit is given by

E(G)=10-0.6 = 6.

Because for the buyer of the option the deal has a non-negative profit and yields a positive
profit with positive probability, he or she has to pay a premium to the bank selling the option.
Should the bank offer the option for the expected profit 62 Surprisingly, the answer is no.
Indeed, an oil dealer can offer the option for a lower price, namely x = 5.45 without making
a loss. The dealer buys half of the oil when entering the contract at t = 0 for the current price
of 50 and the rest when the contract is settled. His calculation is as follows. He finances the
deal by the premium x and a credit. At t = 0 his portfolio consists of a position in the money
market, x — 50, and 0.5 units of oil. Let us anticipate that x < 50. Then at t = 1 the dealer
has to pay back 1.01 - |x — 50| to the bank. We shall now consider separately the cases of an
increase or decreases of the oil price. If the oil price increases, the value of the oil increases
t0 0.5 - 110 = 55 and he receives 100 from the steel producer. He has to fix the premium x
such that the net income equals the price he has to pay for the remaining oil. This means, he
solves the equation

100 + 1.01 - (x — 50) = 55

vielding x = 5.445545 ~ 5.45. Now consider the case that the oil price decreases to 90. In
this case the steel producer does not exercise the option but buys the oil at the spot market.
The oil dealer has to pay back the credit, sells his oil at the lower price, which results in a
loss of 5. The premium x should ensure that his net balance is 0. This means, the equation

0.5-90+1.01(x—50)=0

should hold. Solving for x again yields x = 5.445545. Notice that both equations yield the
same solution x such that the premium is not random.

1.2 Cashflows, interest rates, prices and returns

Let us now introduce some basic notions and formulas. To any financial investment initiated at
t = tp with time horizon 7 is attached a sequence of payments settled on a bank account that
describe the investment from a mathematical point of view. Our standard notation is as follows:
We denote the time points of the payments by 0 = 79 < #; < --- < t, = T and the associated
payments by X1, ..., X7. Our sign convention will be as follows: Positive payments, X; > 0,
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are deposits increasing the investor’s bank account, whereas negative payments, X; < 0, are
charges.

From an economic point of view, there is a huge difference between a payment today or
in the future. Thus, to compare payments, they either have to refer to the same time point ¢*
or one has to take into account the effects of interest. As a result, to compare investments one
has to cumulate the payments discounted or accumulated to a common time point 7*. If all
payments are discounted to r* = #y and then cumulated, the resulting quantity is called the
present value. Alternatively, one can accumulate all payments to t* = 7.

In practice, one has to specify how to determine times and how to measure the economic
distance between two time points #; and #,. It is common practice to measure the time as
a multiple of a year. At this point, suppose that the dates are given using the day-month-
year convention, i.e. t = (d, m, y). In what follows, we denote the economic time distance
between two dates ¢1 and 7, by 7(¢1, #2). Here are some market conventions for the calculation
of ©(t1, ).

(i) Actual/365: Each year has 365 days and the actual number of days is used.
(i1) Actual/360: Each year has 360 days and the actual number of days is used.
(iii) 30/360: Each month has 30 days, a year 360 days.

In the following we assume that all times have been transformed using such a convention.
If the fixed interest rate is r per annum, interest is paid during the period without compound
interest, the accumulated value of payments Xy, ..., X, atdates t1, ..., f, is given by

Vr =3 Xi(l+ (i, D),

i=0

The present value at ¢ = 0 is calculated using the formula

1+ (4, T)r

n
V():ZXiD(O,ti), with  D(0, ;) = T

i=0

Here D(0, ;) denotes the discount factor taking into account that the payment X; takes place
at t;.

Often, interest is paid at certain equidistant time points, e.g. quarterly or monthly. When
decomposing the year into m periods and applying the interest rate »/m to each of them, an
investment of one unit of currency grows during k periods to

;
1+ —k.
m

When compound interest is taken into account, the value is
k
(I +r/m)".

For k = m — oo that discrete interest converges to continuous compounding

lim (14+r/m)y" =¢".
m—00
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Thus, the accumulation factor for an investment lasting for ¢ € (0, 0o) years, i.e. corresponding
to tm periods, equals

lim (1 + r/m)™ =¢".
m—0Q

Let us now assume that the interest rate r = r(¢) is a function of ¢, such that for r(z) > 0,

t > 0, the bank account, So(#), increases continuously. There are two approaches to relate
these quantities. Either start from a model or formula for So(¢) or start with r(z). Let us first
suppose that Sy(?) is given. The annualized relative growth during the time interval [z, ¢t 4 k]
is given by

180t + k) — So(0)

h So(?)
Definition 1.2.1 Suppose that the bank account So(t) is a differentiable function. Then the
quantity

1 So(t + h) — So(t
o) — fim L 300D = So@)
hi0 h So(?)

is well defined and is called instantaneous (spot) rate or simply short rate.

We have the relationship

So®)
So(1)

r(t) = & Sy = r)So@).

As a differential:
dB(t) = r(t)B(t)dz.

It is known that this ordinary differential equation has the general solution Sy(¢) =
Cexp( fé r(s)ds), C € R. For our example the special solution

t
So(t) = exp (/ r(s) ds) (1.1)
0

with starting value Sy(0) = 1 matters. In the special case r(f) = r forall z, we obtain Sy(¢) = e”’
as above.

Often, one starts with a model for the short rate. Then we define the bank account via
Equation (1.1).

Definition 1.2.2 (BANK ACCOUNT)
A bank account with a unit deposit and continuous compounding according to the spot rate

r(t) is given by
i
So(t) = exp </ r(s) ds) , t>0.
0

When depositing x units of currency into the bank account, the time ¢ value is xSo(#). Vice
versa, for an accumulated value of 1 unit of currency at time 7', one has to deposit x = 1/So(T")
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at time ¢ = 0. The value of x = 1/S¢(7) at an arbitrary time point ¢ € [0, 7] is

So(?)

xSo(?) = So(T)"

This means that the value at time ¢+ = 0 of a unit payment at the time horizon 7 is given by
So(2)/ So(T).

Definition 1.2.3 The discount factor between two time points t < T is the amount at time
t that is equivalent to a unit payment at time T and can be invested riskless at the bank. It is

denoted by
So(t r
D, T) = S;’((T)) — exp <— /t 7(s) ds) .

1.2.1 Bonds and the term structure of interest rates

The basic insights of the above discussion can be directly used to price bonds and understand
the term structure of interest rates.

A zero coupon bond pays a fixed amount of money, the face value or principal X at a
fixed future time point called maturity. Such a bond is also referred to as a discount bond
or zero coupon bond. Here and in what follows, we assume that the bond is issued by a
government such that we can ignore default risk. Measuring time in years and assuming that
the interest rate r applies in each year, we have learned that the present value of the payment
X equals

P(X)= ——.
0=
Notice that this simple formula determines a 1-to-1 correspondence between the bond price
and the interest rate. The interest rate r is the discount rate or spot interest rate for time to
maturity n; spot rate, since that rate applies to a contract agreed on today.

Let us now consider a coupon bearing bond that pays coupons Ci, ..., Cy at times
t1, ..., ty and the face value X at the maturity date 7. This series of payments is equivalent
to k + 1 zero coupon bonds with face values C1, ..., Cy, X and maturity dates t1, ..., %, T.

Thus, its price is given by the bond price equation

k
P(t) =Y CiP(t, 1)) + XP(1, T),

i=1
or equivalently

k
P(t) = Z CiP(t,t+ 1)+ XP@t,T),

i=1

if T; = t; — t denotes the time to maturity of the jth bond. It follows that the price of the
bond can be determined by the curve t — P(t, t 4 7) that assigns to each maturity 7 the time
t price for a zero coupon bond with unit principal ¢. It is called the term structure of interest
rates.
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There is a second approach to describe the term structure of interest rates. Let P(¢, t + m)
denote the price at time ¢ of a zero coupon bond paying the principal X = 1 at the maturity
date ¢ + m. Given the yearly spot rate r(¢, t + m) applying to a payment in m years, its price
is given by

1
(147t +mym”

Pt t+m) =

If the coupon corresponding to the interest rate r(¢, t + m) is paid at n equidistant time points
with continuous compounding, the formula

1

Pt m) = Ty

applies, which converges to the formula for continuously compounding
P(t, 1 +m) = e~ "BHmm o p(g, T) = eEDTD,

using the substitution 7 = ¢t + m. The continuously compounded interest rate r(¢, T) is also
called yield and the function

tert, T)

the yield curve.
Finally, one can also capture the term structure of interest rates by the instantaneous
forward rate at time ¢ for the maturity date 7 defined by

)
—=P(t, T 0
g = ——1log P(1, T).

D ==y = Tar

Here it is assumed that the bond price P(z, T') is differentiable with respect to maturity. It then
follows that

P(t, T) = exp (—/Orf(t,t—i—s)ds) it t+1) = —i/orf(t,ﬂrs)ds.

1.2.2 Asset returns

For fixed-income investments such as treasury bonds the value of the investment can be
calculated in advance, since the interest rate is known. By contrast, for assets such as exchange-
traded stocks the interestrates, i.e. returns, are calculated from the quotes that reflect the market
prices.

Let S; be the price of a stock at time ¢. Since such prices are quoted at certain (equidistant)
time points, it is common to agree that the time index attains values in the discrete set of
natural numbers, N. If an investor holds one share of the stock during the time interval from
time ¢ — 1 to ¢, the asset price changes to

S = Sz—l(l + Ro),

where
S — Si—1 Sy

Rt - == - 1
Si—1 Si—1
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is called the simple net return and

St
Si—1

1+Rt=

are the gross returns. How are asset returns aggregated over time? Suppose an investor holds
a share between s and r = s + k, i.e. over k periods, s, f, k € N (or more generally s, 1, k €
[0, 00)). Define the k-period return

AR S
Rik)= """ ==L,
Ss Ss
One easily checks the following relationship between the simple returns R41, ..., R; and

the k-period return:

S Si d

l+Rby == ] = [[ a+r.
S o~ S L

i=s+1 i=s+1

When an asset is held for k years, the annualized average return (effective return) is given by

the geometric mean

1/k

k—1
Ry = [HU + R~

i=0

A fixed-income investment with a annualized interest rate of R; j yields the same accumulated
value. Note that

k—1

1

Rii = exp [k > log(l + R,m] ~1. (1.2)
i=0

The natural logarithm of the gross returns,

S

ry = log(1 + R;) = log
Sz—l

is called log return. Using Equation (1.2) we see that the k-period log return for the period
from s to t = s 4 k can be calculated as

t

t
ri(k) = log(1 + Ry(k)) = Z log(1+ Ri) = Z Ti-

i=s+1 i=s+1

Thus, in contrast to the returns R, the log returns possess the pleasant property of additivity
w.r.t. time aggregation.

Using these definitions we obtain the following fundamental multiplicative decomposition
of an asset price:

t t
St =So [ [(1 + R) = So [ [ exp(ro).

i=1 i=1
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1.2.3 Some basic models for asset prices

When a security is listed on a stock exchange, there exists no quote before that time. Let
us denote the sequence of price quotes, often the daily closing prices, by So, S1, . ... Since
So > 0denotes the first quote, it is often regarded as a constant. If one wants to avoid possible
effects of the initial price, one puts formally Sy = 0.

A first approach for a stochastic model is to assume that the price differences are given by

A+u}11 n:1,2,...

with a deterministic, i.e. nonrandom, constant A € R and i.i.d. random variables u,,n € N,
with common distribution function F such that

E(u,) =0, Var (i) = 62 € (0, 00), ¥n € N.

In the present context, itis common to name the u,, innovations. When referring to the sequence
of innovations, we shall frequently write {u, : n € Ny} or, for brevity of notation, {u,} if the
index set is obvious. The above model for the differences implies that the price process is
given by

t t
Si=So+ > (A+u)=So+tA+ Y us t=0,1,...
i=1 i=1

where we put ug = 0 and agree on the convention that Z?:l a; = 0 for any sequence {a,}.
St is called (arithmetic) random walk and random walk with drift if A # 0. Obviously

E(S) = So+ At
and
Var (S;) = to”.

This particular model for an asset price dates back to the work of Bachelier (1900).
An alternative approach is based on the log returns. Let us denote

R; :=log(Si/Si-1). i>1

Then

t t
Se=So [ [ Si/Si-1 = So ] [ exp(R).

i=1 i=1

The associated log price process is then given by

t
log S, =log So + » _ Ri, r=0,1,...,

i=1

which is again a random walk.
A classic distributional assumption for the log returns {R,} is the normal one,

R ™ NG, 0%)
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with 1 € R and o > 0. As a consequence, the log prices are normally distributed as well,

t
log(S,) = log(So) + Y _ Ri ~ N(log(So) + tp, 16°).

i=1

Thus, S; follows a lognormal distribution. Let us summarize some basic facts about that
distribution:

A random variable X follows a lognormal distribution with parameters u € R (drift)
and o > 0 (volatility) if ¥ = log(X) ~ N(u, 0%). X takes on values in the interval (0, co)
and

1 y
PlogX < y) = —— / e~ =207 41y e (0, 00).
—0o0

The change of variable u = ¢’ leads to

e’

P(X <e’)=P(logX <y) = / e—(ogu—w?/20% 4

—o0 AV 2mou

By evaluating the right-hand side at y = log x, we see that the density f(x) of X is given by

1 2/ 2
f(x) = ———e108¥=17/20%7( 5 (), x eR. (1.3)
V2mxo

Now it is easy to verify that mean and variance of X are given by
E(X) = e"*9/2 and  Var (X) = 24+ — 1).

In order to model distributions that put more mass to extreme values than the standard
normal distribution, one often uses the ¢-distribution with » degrees of freedom defined via
the density function

n+1

1 N((n+1)/2) X2\ 2
f<x)_nr[l"(n/2)<1+n) s x e R,

which is parametrized by n € N. By symmetry, its expectation is zero and the variance turns
outtoben/(n — 2),ifn > 2.

Several questions arise: Which of the above two models holds true or provides a better
approximation to reality? Are returns and log returns, respectively, normally distributed?
Are asset returns symmetrically distributed? How can we estimate important distributional
parameters such as i, o2 or the skewness? Does the assumption of independent returns apply
to real returns? Do price processes follow random walk models at all? What is the effect of
changes of economic conditions on the distribution of returns? Can we test or detect such
effects? How can we model the stochastic relationship between the return series of, say, m
securities?

There is some evidence that some financial variables have much heavier tails than a normal
distribution.
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A random variable X has a stable distribution or is stable, if X has a domain of
attraction. The latter means that there exist i.i.d. random variables {,} and sequences
{on} C (0, 00) and {u,} C R, such that

n
1 d
- § §i+ﬂn — X,
On i1

as n — oo. The classic central limit theorem tells us that the X ~ N(u, 02) is stable. By the
Lévy—Khintchine formula, the characteristic function

9(0) = EE€X),  0eR,
where 12 = — 1, of a stable random variable X has the representation

, exp {1uf — ¥l (1 —1B(sgn@®))tan )},  a #1,
YO=1 exp {me — 56| (1 +1B2(sgn(6)) log |9|)} Ca=1,

where 0 < o < 2 is the stability (characteristic) exponent, —1 < 8 < 1 the skewness pa-
rameter, o > 0 the scale parameter and p € R the location parameter. For « = 2 one
obtains the normal distribution N(u, ), since then ¢(0) = exp(1ud — 0262). The tails of a
standard normal distribution decay exponentially fast,

2e /2
P(X| >x)~\/; , X —> 00 (X ~ N(O, 1)).

X

By contrast, the tails of a stable random variable X with characteristic exponent 0 < o < 2
decay as x~%, since

1
lim x*P(X > x) = Caiﬂa“ (1.4)
X—> 00 2
and
y _1-B,
Iim x*P(X < —x) = Cy————0", (1.5)
X—> 00 2

where Cy = (fy° x ™% sin(x) dx)_l.

Stable distributions appear as a special case of infinitely divisible distributions. A random
variable (or random vector) X and its distribution are called infinitely divisible, if for every
n € Nthere exist independent and identically distributed random variables X1, . . . , X;, such
that

d
X=X+ -+ Xnn

Those infinitely divisible distributions are exactly the distributions that can appear as limits
of the distributions of sums ZZ:I X,k of such arrays of row-wise i.i.d. random variables.
Let X be a d-dimensional random vector and again let p(8) = E(exp(19'X)), 0 € R, be its
characteristic function. Then, the Lévy—Khintchine formula asserts that

@(0) = exp {18’19 - lG’CG + / (e‘e/x —-1- 10’h(x)) dv(x)} , (1.6)
2 Rd
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where
h(x)=x1(x| < 1),  xeR?,

is a truncation function, b € R? and C a symmetric and non-negative definite (d x d)-matrix
and v a Lévy measure, that is a positive measure on the Borel sets of R such that v({0}) = 0

and
/Rd (|x|2 A 1) dv(x) < oo.

As a consequence, ¢(0) is characterized by the triplet (b, C, v).
The characteristics of the normal distribution N(u, o?) are (b, C,v) = (u, 02, 0), of
course. For a Poisson distribution with intensity A, the characteristic function is

9(0) = exp(r(e? — 1)),

which results, if we put b = A, C = 0 and v the one-point measure that assigns mass A to the
single point 1.

1.3 Elementary statistical analysis of returns

We have seen that price processes can be build from returns R; that are modeled as random
variables. For simplicity of our exposition, let us assume that Ry, ..., Ry are independent
and identically distributed. To simplify notation, let R denote a generic return, i.e. R = R
which means that for any event A we have P(R € A) = P(R; € A).

But before focusing on returns, let us briefly review the most basic probabilistic quantities
to which we will refer frequently in the following for an arbitrary random variable X. In
general, the distribution of a random variable is uniquely determined by its distribution
function (d.f.)

Fx(x) = P(X < x), xeR.

If f: R — Ris a density, i.e. non-negative function with f f(x)dx = 1, then the d.f. F(x)
can be calculated by

F(x):/)C f(®)dr, x € R.

A random variable X that attains a density function f is called a continuous random variable.
Usually, it is assumed that returns are continuous random variables in that sense.

The first moment is defined by u = E(X) and can be calculated for a continuous random
variable via

uw=EX)= /Oo xf(x)dx.

E(X) is also called the expectation or mean of X. If X is a discrete random variable, that
is X takes values in some discrete set {x, x2, - - - } of possible values with corresponding
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probabilities py, p2, ... such that
P(X:x,-):pi, i=1,2,...,

then
o0
E(X)=>_ xipi.
i=1

More generally, the kth moment of X is defined as E(X*) and E|X | is referred to as the kth
absolute moment. Assumptions on the existence of higher moments control the probability
of outliers, that is extreme values. Indeed, by virtue of Markov’s inequality, the probability
that X takes values larger than ¢ > 0 in absolute value decays faster for increasing c, if higher
moments exist, since

| X|¥

P(X| > ) = —
c
Compare this inequality with the formulas (1.4) and (1.5) for the special class of stable
distributions. As extreme values (outliers) of daily returns, usually negative ones, corre-
spond to unexpected high-impact news such as a crash, the behavior of the tail probabilities
P(X < —c)and P(X > ¢), ¢ > 0, are of substantial interest, and moment assumptions auto-
matically constrain them.

Suppose we are given a random sample X, ..., X7 of sample size 7. The empirical
distribution function of the sample X1, ..., X7 is defined as

T
1
Fr(x) = = Z 1(X, < x), xeR.
=1

Notice that Fr(x) is the fraction of observations that are less or equal than x.
For a distribution function F let

F~'(y) = inf{x : F(x) > y}

denote the left-continuous inverse called quantile function. Applying that definition to the
empirical distribution function yields the sample quantile function

Frl(p) = inf{x : Fr(x) > p} = X(tup1)» p € (0,1).

For afixed p, Fy !(p) is called the sample p-quantile or empirical p-quantile. Here X (1 <
.-+ < X(1) denotes the order statistic and [x] is the smallest integer larger or equal to x.
Notice that X([4p1) = X({np)+1) Where |x] is the floor function, i.e. the largest integer that is
less than or equal to x. Quantiles play an important role in characterizing a distribution. The
sample 0.5-quantile is called the median and is also denoted by x,eq. Together with the 0.25-
and 0.75-quantiles,

01 = F7'(0.25), 03 = F71(0.75),

called quartiles, we get a picture where the lower (upper) fourth and the central 50% of the data
are located. Augmenting these three statistics with the minimum and maximum defining the
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range of the data set, we obtain the so-called five-point summary xpnin, O1, Xmed, 93, Xmax-
Those five numbers already provide an informative view on the distribution of the data.
The boxplot (box and whiskers plot) is a convenient graphical representation by a box
symbolizing the central half of the data between Q1 and Q3 and straight lines connecting
Xmin and Q1 as well as O3 and xpax. It is also common to replace (Xmin, Xmax) by the quantiles
(F;'(p), F;'(1 — p)). Typical values for p are p = 0.01,0.05 and 0.1.

Sample quantiles are asymptotically normal under fairly general conditions. Let p € (0, 1)
and denote by x, = F ~1(p) the theoretical p-quantile. If F attains a density that is positive
in a neighborhood of x, then

VT(FF (p) = xp) 5 N, p(1 = p)/F(xp)), (1.7)

as T — oo. The problem arises that the asymptotic variance depends on the unknown density,
which has to be estimated by some appropriate estimator f7. We shall discuss this issue in
Section 1.3.4 and anticipate that such an estimator can be defined having nice mathematical
properties under fairly weak regularity conditions that do not impose a constraint on the
shape of the density f, which is of particular importance when analyzing financial data such
as returns. Based on the large sample result (1.7), which still holds true when plugging in a
consistent estimator, it is straightforward to construct the confidence interval for x,

NI /o1 = p)
F;](p)_zlfa/ZM, FJTI(P)‘FZI—O(/ZM
fT(xp) fT(xp)

which attains the coverage probability 1 — «, if T — 00, where z1_4/2 denotes the (1 — a/2)-
quantile of the standard normal distribution. We discuss the derivation of such confidence
intervals in greater detail in the next section.

1.3.1 Measuring location

Measures of locations are usually defined in terms of moments or quantiles. The expectation
is the most commonly used measure of location of a random variable.

Returning to our problem to analyze financial returns, the problem arises that the distribu-
tion of the returns is unknown to us. But then the mean return & = E(R) is unknown as well.
The best we can do is to use statistical estimators, i.e. functions of the data Ry, ..., Ry, which
output a value that is regarded as a good estimate for . A standard approach to obtain such
estimators for quantities that are defined in terms of expectations is to replace the averaging
with respect to the distribution by averaging with respect to the so-called empirical proba-
bility measure that attaches equal mass 1/ T to the values Ry, ..., Ry. The expectation with
respect to that discrete distribution is simply the arithmetic mean

1 T
R:RTz?;R,.

Itis easy to check that E(R7) = E(R|) = u, and this calculation holds true whatever the value
W attains. In statistics, an estimator satisfying that property is called an unbiased estimator.
It tells us that, averaged over all possible scenarios w corresponding to all possible values
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r = R(w) for the return and weighted with the corresponding probabilities, the estimator
estimates the right value, namely w.

Suppose we have observed T daily log returns R, . .., R and aim at testing the hypothesis
that their common mean u = E(R7) equals some specified value pg. The corresponding two-
sided statistical testing problem is then given by

Hy: = puo versus Hi : u # po-

Assuming that the returns are i.i.d. and follow a normal law suggest using the 7-test that is
based on the test statistic

Rr —
Z=ﬁ T — Ko (1.8)
St
with

T
1 _

_ B2

St = 71 ;_I(Rz Rr)%;

the statistic S7 will be discussed in greater detail in the next subsection. Under the null
hypothesis Hy, the statistic Z follows a ¢-distribution with df = T — 1 degrees of freedom.
Consequently, we may reject Hy at a significance level of o € (0, 1), if

IT| > tdf)1-as2,

where #(df)1-«/2 denotes the (1 — a/2)—quantile of the #(df)-distribution.

If the log returns are non-normal, one can often rely on the central limit theorem which
asserts that the statistic Z is asymptotically normal. Hence, the null hypothesis is then rejected,
it |Z] > z1—g)2.

Example 1.3.1 For the FTSE log returns illustrated in Figure 1.1, one gets z = 2.340558,
which exceeds the critical value 1.959964 corresponding to the 5% significance level, indicat-
ing that the mean log return differs from zero and is actually positive. However, this assertion
is not valid on the 1% significance level.

Often, one is also interested to provide interval estimates for the mean. Again assuming
i.i.d. normal returns, a confidence interval for the mean with coverage probability 1 — «, is
an interval [L, U] where L = L(Ry, ..., Rt) and U = U(Ry, ..., Ry) are functions of the
sample such that

PL=p=U)=1-a

for any . € R. Such a confidence interval is given by

= St = St
L= RT_t(df)lfa/Zﬁ, U= RT"‘t(df)lfa/Zﬁa
where, as above, df = T — 1. This can be easily established by noting that the event L <
n < U is equivalent to

—1df)1-a2 < VT(Ry — w)/St < t(df )1—a)2-



ELEMENTARY STATISTICAL ANALYSIS OF RETURNS 15

60

50

40

30

20

10

T T T T
—-0.04 -0.02 0.00 0.02 0.04 0.06

Figure 1.1 Kernel density estimate of the FTSE daily log returns with cross-validated band-
width choice.

But the latter event occurs with probability 1 — «, since
VT(Rr — w)/St ~ 1(df).

However, usually daily returns are not normal but affected by stylized facts such as
asymmetry, peakedness (more mass around zero) and heavier tails than under a normal law.
This can be easily seen from Figure 1.1. The famous central limit theorem asserts that the
statistic Z defined in Equation (1.8) is asymptotically standard normal, as long as the returns
are i.i.d. with existing fourth moment.! Consequently, a valid asymptotic test is given by the
decision rule

reject Hy if |Z| > 2142,

where z1_4/2 = CD"(] — «/2) denotes the (1 — «/2)-quantile of the N (0, 1)-distribution. In
the same vein, an asymptotic confidence interval for p is obtained by replacing the quantiles
of the #(df)-distribution in the formulas for L and U by the respective quantiles of the standard
normal law.

Similarly, one may construct an asymptotic confidence interval for . based on the central
limit theorem. In this case, the probability of the event

—~Z1—aj2 < VT(Ry — 10)/S1 < Z1—ap2,

! This result even remains true under the substantially weaker assumption that the log returns are a stationary
martingale difference sequence.
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which is equivalent to the event

!/

L'=Rr—z 2£<M<§T+Zl 2£_U
—a/ ﬁ— = —a/ \/T s

convergesto 1 — «, as T — oo0. Thus, a confidence interval with asymptotic coverage prob-
ability 1 — « is given by the random interval [L’, U’].

Example 1.3.2 For the FTSE log returns one calculates the asymptotic 95% confidence
interval [, u] = [0.0000702, 0.000793] for the mean log return.

It is a general insight, supported by many empirical studies, that the statistical analysis
of financial returns should not be based on procedures assuming the classic assumptions
of normality and independent observations, since those assumptions are usually violated.
Therefore, large sample theory forms the mathematical core for inferential procedures in
finance.

1.3.2 Measuring dispersion and risk

The mean u = E(R;) tells us where the distribution is located; it is a measure for the center
of the distribution. Then we can determine for each return R; its distance |R; — u| from the
mean. The mean squared distance,

o2 = Var (R) = E(R — p)* = E(R*) — ii?
is called the variance of R. Its square root,

o =ogr =+/ Var (R)

is called the standard deviation. Variance and standard deviation can be defined for any
random variable X with existing second moment. If X and Y are independent random variables
with EX? < oo and EY? < oo, then

Var (X +Y) = Var (X)+ Var (Y)

yielding oxy = +/ Var (X + Y) = /0% + 0%, whereas in the general case
Var (X +Y) = Var (X)+ Var (Y) +2Cov(X, Y).
Here
Cov(X, Y) = E(X — EX)(Y — EY)

is called the covariance of X and Y.

When considering daily (log) returns, o is also frequently called (actual) volatility. When
volatility of returns is addressed, it is important to be aware of the corresponding unit of time,
e.g. yearly, monthly or daily. The annualized volatility o, is the standard deviation of the
yearly return, whereas generalized volatility addresses the volatility corresponding to the
time horizon t (in years) given by

Uan\/;
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Notice that the formula coincides with the standard deviation of the return R(t) corresponding
to the time period 7, if 7 is an integer and the yearly log returns are identically distributed and
uncorrelated, since then the additivity of log returns gives R(t) = >_,_, R, where R}, ..., R,
denote the t yearly log returns. But then

> Var (R) = /10,

t=1

OR(r) =

where o is the volatility of the yearly returns R,. However, usually the annualized volatility
is determined from the actual volatility of the daily log returns. Since there are 252 trading
days in a year, annualized volatility o,, and actual volatility o are related by

Oan = 0V 252.

The monthly volatility is then given by o, = 04/252/12.

Estimation of the variance and standard deviation is usually based on the plug-in princi-
ple already explained in the previous subsection. Given a sample Ry, ..., Ry of returns, it
naturally leads to the the empirical variance or sample variance

T
1 _

1 Ry

Vi==2 El(Xt Rr)”.

A tedious calculation shows that E (V%) = TT*102, i.e. V% is not an unbiased estimator of the

variance. Thus, in practice the estimator
1 T
S7=——> (Ri—Rp)?
T=77 [_1( 1 T)

is used. The corresponding estimator for the standard deviation is the square root, St = 4/ S %,
of that expression. Estimates of the various volatilities discussed above can be obtained by

substituting o by St. For example, if the R;s are daily log returns, annualized volatility is
estimated by S74/252.

1.3.2.1 Value-at-risk

Another risk measure that has been become the de-facto standard in the financial industry
is value-at-risk. Recall that the profit or loss (P&L) of any investment during a time period
[0, ] is uncertain and therefore represents a risk exposure, namely to suffer a loss. Roughly
speaking, value-at-risk is a risk measure that represents the smallest loss we are exposed to
with probability . Here the risk probability « is chosen by us; common values are 1% and
5%. Let V; denote the marked-to-market value of a long position at time ¢, i.e. the value is
based on the current market value. Then the profitis AV = V,4, — V;, where negative values
are losses. Now let us consider the loss L = —AV and let v be the fixed value satisfying

P(L >v)=q.

This means, with a probability of o we suffer a loss exceeding v. That number v (a loss) is
called value-at-risk (VaR) at the probability level @ and denoted by VaR or VaR,. Roughly
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speaking, it is the smallest loss among the largest losses occurring with probability «. By
definition,

VaR, = F; (1 — ),

where F; ! denotes the quantile function associated to the loss distribution. That means,
value-at-risk is the (1 — «)-quantile of the loss distribution. Notice that value-at-risk can be
also defined by the a-quantile of the P&L distribution,

VaR, = —Fxi(a).

Often, VaR is calculated on a daily basis. If the daily 1% value-at-risk of a position is 100 000,
the probability that the value of the position will fall below —100 000 is 1%; with probability
1% we suffer a loss being larger than 100 000.

Since VaR is defined as a quantile, we may estimate it by the corresponding sample
quantiles. If L1, ..., L7 are i.i.d. losses corresponding to the time horizon £,

VaRa = L(n(l—a)]-

Statistical tests and the calculation of confidence intervals can therefore be based on the large
sample theory of quantiles discussed above. In the same vein, the asymptotic confidence
intervals carry over to confidence intervals for value-at-risk.

1.3.2.2 Expected shortfall, lower partial moments and coherent risk measures

VaR gives the smallest loss among the largest losses occurring with probability «. It is natural
to average those losses, that is to consider the conditional expectation of the profit or loss L
over a given period of time

So(L) = E(L|L < VaR,)

is called the expected shortfall or conditional value-at-risk. One can show that

Se(X) = _é /O ) Frp(x)dx.

For this reason, S,(X) is also called the average value-at-risk.

Clearly, we do not worry about realizations / of L with / > E(L), but are concerned
about the downside risk, that is losses below the expectation E(L) of the position. If L is
symmetrically distributed, then P(L < E(L)) = P(L > E(L)) and the variance or standard
deviation provide meaningful measures for the downside risk. But especially for asymmetric
distributions it makes sense to consider the semivariance defined as

E(min(0, L — EL)?).

Often there exists a benchmark profit b to which a portfolio is compared. If the portfolio
does not outperform the given benchmark b, that is if L < b, then b — L is the loss we suffer
when we have a long position in the portfolio. The mth moment of the corresponding random
variable (b — L)1(L < b),

LP,(L)=E ((b— LY"I(L < b))
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is called the lower partial moment of the order m, provided it exists. Notice that
LPy(L)= P(L <b)

is the probability that the portfolio does not outperform the benchmark, and L P;(L) is the
expected underperformance.

All the quantities discussed above assign a real number to a random variable interpreted as
the loss of a portfolio or position over some fixed period of time, and that number is interpreted
as a quantitative measure of the risk. The question arises which properties (axioms) such a
risk measure should satisfy. Generally, a risk measure or risk functional p is a function
defined on a sufficiently rich set A of random variables (random payment profiles) taking
values in the real numbers. Given such a risk measure p, we may distinguish risky payments
with non-negative risks and acceptable payments with negative risks.

A risk measure p : 4 — R is called coherent, if it satisfies the following four axioms:

(i) X <Y implies that p(X) < p(Y) for all X, ¥ € A (monotonicity).
(i) p(X4+Y) < p(X)+ p(Y) for all X, Y € A (subadditivity).
(iil) p(aX) = ap(X) for a > 0 (positive homogeneity).
(iv) p(X 4+ a) = p(X) —aforany X € A and a € R (translational invariance).
Sometimes, a further axiom is considered
) If X L' , then p(X) = p(X’) (distributional invariance).

Axiom (i) requires that the risk of a position increases, if the random payment profile
increases for all states w € 2. The second axiom addresses an important aspect of risk man-
agement: Risks associated to two positions may cancel when aggregating them. The standard
deviation o(X) = / Var (X) satisfies axiom (ii) and (iii). To see (ii), use the inequality

Cov(X,Y) < o(X)a(Y)

to obtain

1\? 1\?
<2 (2> 0;2(4-(2) a%—l—oxay

=o0x + oy

for any pair (X, Y) of random variables with existing second moments and arbitrary correla-
tion. This also implies that in the Gaussian world value-at-risk also satisfied axiom (ii). This
can be seen as follows. Notice that value-at-risk for a random P&L X ~ N(u, o) is given by

VaRy(X) = u + @~ Hw)o.
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Further, for a random vector (X, Y) distributed according to a bivariate normal distribution
with marginals N(uy, oi), N(uy, 0')2/) and covariance y the sum X 4 Y is again Gaussian,

X+Y~ NGy + 1y, 0kyy).  Okyy = 0% +07 + 2y
such that the «-quantile of X + Y is
VaRo(X + V) = pux + puy + @ (@ox+y.
Hence, oxty < ox + oy immediately implies
VaRy (X + Y) < VaRy(X) 4 VaRy(Y).

However, for general distributions axiom (ii) can be violated, such that in general value-at-risk
is not a coherent risk measure, which is probably the main criticism against value-at-risk.

Axiom (iii) is a scaling property, which allows us to compare risks expressed in different
currencies, for example. Finally, the fourth axiom means that when adding a fixed payment
to the position, in order to compensate losses and reduce the risk in this way, the risk measure
is also reduced by exactly that amount, and, by contrast, withdrawing cash increases the
risk. Then p(X) can be interpreted as the amount of capital needed to eliminate the risk and
transform a position into a acceptable payment. Obviously, that axiom is not satisfied by the
standard deviation.

One can show that the expected shortfall satisfies all axioms and is therefore a coherent
risk measure. More generally, any risk measure allowing a representation

p(X) = sup Ep(—X),
PeP

where P is a set of probability measures and Ep indicates that the expectation is calculated
under P, can be shown to be a coherent risk measure. For Sy(X) the set P is given by all
densities that are bounded by 1/c.

1.3.3 Measuring skewness and kurtosis

The most common approach to measure skewness, i.e. departures from symmetry, is to con-
sider the third standardized moment,

3
Ri—p
u§‘=E< )
o

where & = E(R;) and 62 = Var (R;). Notice that u3=0,if Ry — p 4 w— Ry 2
Given a sample Ry, ..., Rr, one uses the estimator

T - 3
. 1 R, — Rt
*—7 —_—
'U“3_TZ< St >

t=1

2 X 4 —X and f is a function with f(—x) = — f(x) and Ef(X) € R, then Ef(X) = Ef(—X) = —Ef(X), which
implies Ef(X) = 0.
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The statistic /45 is very sensitive with respect to outliers. An alternative measure based on
quantiles is to compare the distance between the 0.75-quantile and the median and the distance
between the median and the 0.25-quantile, expressed as a fraction of the maximum value, i.e.

_ [F10.75) — F71(0.5)] — [F'(0.5) — F~(0.25)]
V= F-1(0.75) — F-1(0.25) '

The corresponding estimator based on Ry, ... Rt is
~ [03 — Xmed] — [*¥med — Q1]
yr = .
03— 01

Since sample quantiles, particularly Q1, O3 and xpeq are more robust than an arithmetic
mean, Y7 provides a reliable measure of skewness even for data sets from distributions with
heavy tails.

A common approach to measure deviations from the shape of the Gaussian density is
based on the fourth standardized moment,

Ri— u\4
MI=E<1M> ’
o

also called kurtosis. Since for a normal distribution one obtains ) = 3, it is common to
consider the excess kurtosis,

k= u; — 3.

Distributions such as the normal one with an excess kurtosis equal to 0 are called mesokurtic.
The standard interpretations when « # 0 are as follows. A distribution with « > 0 is called
leptokurtic. It has a more pronounced peak compared to the normal law and lighter tails.
A distribution with ¥ < 0 is called platykurtic. Such distributions have a flatter peak and
heavier tails than the Gaussian density. Kurtosis and excess kurtosis are estimated by their
sample analogs

- \4
- 1 R; — Rt
*—7 —
"“TZ( S, )

and

respectively.

1.3.4 Estimation of the distribution

We have already discussed that financial returns for shorter time horizons tend to
violate properties of the normal distribution. Taking for granted that the return
distribution attains a density function® f in the sense that the distribution function

3 For some financial instruments that assumption is violated, since there are trading periods where the price remains
constant such that the return is 0.



22 ELEMENTARY FINANCIAL CALCULUS

F(x) = P(R; < x) can be represented as
X
F(x) = / f()ds, x e R,
—00

the question arises how we can estimate the density f. Noticing that f(x) = F’(x), we may
approximate f(x) by the difference ratio

F(x+h) — F(x — h)

fx)~ o
for small 4 > 0. A natural approach is to estimate the right-hand side by plugging in the em-
pirical distribution function Fr(x) = 71 Z;T: 1 I(R; < x) of T historical returns Ry, ..., Rt

and to regard the resulting expression as an estimate for f(x). Noting that
IR <x+h)—1R <x—h)=1x—h <R <x+h),

this idea leads to the estimator
T
1 1 Rl — X
xf—)Thzzl(—1< h Sl), x e R.

t=1

Each of the T summands corresponds to the density K(z) = (=1 < |z1 < 1),z € R, of the
uniform distribution on (—1, 1] evaluated at the points (x — R;)/h,t =1, ..., T. Obviously,
as a function of x the above density estimator is discontinuous, which results in many spurious
jumps. If we replace the discontinuous density K¢ by other density functions, we arrive at the
Rosenblatt—Parzen kernel density estimator

. 1z
fm®) = — ; K(R, —x1/h), xeR.

The parameter £ is called the bandwidth. It has a strong influence on the resulting estimator. If
h is chosen too small, there will be many spurious artifacts such as local extrema in the graph,
whereas too large values for the bandwidth lead to oversmoothing. K, called the smoothing
kernel, is usually chosen as an arbitrary unimodal density function with finite second moment
that is symmetric around zero. Table 1.1 lists some smoothing kernels frequently used in
practice.

Table 1.1 Some commonly used smoothing kernels for
nonparametric density estimation.

Kernel Definition

Triangular (1 —1|xP1(x] < D)

Cosine (/4) cos(xm/2)

Gaussian Qm)~! exp(—x2 /2)
Epanechnikov G/ — x2)1(|x| <1
Biweight (15/16)(1 — x*)*1(jx| < 1)

Silverman (1/2) exp(—|x|/~/2) sin(|x|/~/3 + 7/4)
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Notice that the estimator fAn, (x) allows the following nice interpretation: If K is a density
that is symmetric around O with unit variance, then

1 —
x> —K rm , x e R,
h h

is a density with mean m and standard deviation A for any fixed m € R and h > 0. Conse-
quently, f7(x) averages those T densities x +—> R K([x — R/ h),t =1,...,T,associated
to the observed values.

It is worth discussing some further basic properties of the kernel density estimator, in
order to understand why it estimates any underlying density under fairly general conditions.
Another issue we have to discuss is the question how to select the smoothing kernel and the
bandwidth. First, notice thatA it is easy to check that f7;,(x) indeed is a density function, if K
has that property. Further, f7 inherits its smoothness properties from K. In particular, we
may estimate f’(x) by f’;,(x). Provided the returns Ry, ..., Ry form an i.i.d. sample, we
obtain

~ 1 Z—Xx
B = [ 1K (h) £@)dz = (Ki» F)(0)
where Kj,(z) = h™'K(z / h) is the rescaled kernel and x denotes the convolution operator. It
follows that the Parzen—Rosenblatt estimator is not an unbiased estimator for f’; its bias equals

bu(x) = E(fm(x) — f(x) = (K * f)(x) = f(2).
However, Bochner’s lemma, cf. Lemma A.2.1, implies that the convolution (K, = f)(x) con-

verges to f(x), as h — 0. Thus, the bandwidth should be chosen as a decreasing function of
the sample size T. Under the i.i.d. assumption, it is easy to verify that the variance equals

~ 1
0B () = Var (Fm(0) = = (K} » )0 = (Kn» 2]

where K;zl(z) = h~'K?(z/h), z € R. Again, Bochner’s lemma implies that the expression in

brackets converges to finite constant, such that the variance of fTh is of the order 1/Th and
tends to 0, if Th — oo. Let us consider the mean squared error (MSE),

MSE(f 1 (x); £(x)) = E(fmn(x) — f(x))%,

which can be decomposed into its two additive components, the variance o%h(x) and the
squared bias b%l (x),

MSE(f 7 (x); (%)) = 07,(x) + Bj(x).
We see that the MSE converges to zero for any bandwidth choice satisfying

h—0 and Th — oo.
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To get further insights, we need the following notion. A kernel K is called the kernel of the
order r, if

1, j=0,
/zjK(z)dz= 0, j=1,...,r—1,
c#0, j=r
For example, the kernel K(x) = (% — %xz) 1(|x| < 1), x € R, is a kernel of order 4. Let us

assume that the underlying density f is r times differentiable. Then one can easily establish
the expansions

~ —1)
E(fm@) = f(x) + h’f(”(x)% / u K () du + o(h"),

~ 1
Var (fn(x)) = ﬁf(X)/KZ(Z) dz +o(1/Th),

which yield the following expansion for the MSE

JOR(K)

ot RO PM? 4 o(h® + 1/ Th),

MSE(f 1 (x); f(x)) =

where

M, = il /urK(u)du
r!

and
R(g) = / g2 (x)dx

measures the roughness of a L, function g. These expansion show that higher-order kernels
reduce the order of the bias, which is now O(hzr).

A bandwidth choice is called local asymptotically optimal bandwidth, if it minimizes
the dominating terms of the above expansion represented by the function

s L ORE)
> —
Th

It is easy to see that the optimal bandwidth is given by

f@RE) VD
2rM,2[f(’)(x)]2T) '

+ RO M2, h > 0.

h*(x) = h7(x) = (

In particular, we see that for a second-order kernel the optimal bandwidth is of the order
O(T~1/3). Notice that this approach leads to a local bandwidth choice. In order to use that
approach in practice, one needs pilot estimators of the density f(x) and the derivative f")(x).

However, more common are global approaches based on the integrated mean squared
error (IMSE)

IMSE(f 15 ) = / MSE(f 71 (x); f(x)) dx = / E(Fm@) — ()" dx.
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For r = 2 one obtains the expansion

R(K)

IMSE(f 5 f) = -

+ h“M2 / [P0 dx + o(h* + 1/ Th).

Neglecting the remainder yields the asymptotic integrated mean squared error (AMISE),

AMISE(h) = R;:) + 4h4M2 / [P0 dx

which we now study as a function of the bandwidth 4. The optimal bandwidth Ap that
minimizes the AMISE and is easily shown to be

hopt = CoT ™13,

where

~1/5
Co = M; P R(K)'/ [ / f(z)(x)]zdx] .

Unfortunately, the constant Cy is unknown. The normal reference rule-of-thumb deter-
mines the constant for the standard normal distribution with mean zero and variance o as
a reference model. When also using a normal kernel for smoothing, we obtain the optimal

bandwidth

hiey = (4m)~ /10 [(3/8) _1/2} P o TS~ 1.060T 15,
This choice if often used in practice with o estimated by the sample standard deviation of the
data.

Clearly, an undesirable feature of the above approach is that the method is tuned to a
fixed reference distribution, as it tries to estimate the asymptotically optimal bandwidth in
this case, although the kernel density aims at estimating an arbitrary (smooth) density. Thus,
fully automatic procedures that do not make such restrictions are usually applied. Widespread
approaches are unbiased and biased least-squares cross-validation, which we shall briefly
discuss here.

Least squares unbiased cross-validation minimizes a nonparametric estimator of the
integrated squared error and therefore provides an optimal bandwidth tailord to all x in the
support instead of fixing some x. Since

~ 2 _ ~ ~ 5
[ 7= s] ar= [ Fawar=2 [ Frwswacs [ soran

minimizing the IMSE is equivalent to minimizing the first two terms on the right-hand side.
Observe that

/ () f(x)dx = ER(fm(R)),
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if R ~ f is independent from Ry, ..., Ry and Eg denotes the expectation with respect to R.
Thus, we may estimate Er(f7,(R)) by

- 1 d R —R;
Fro=gmm 2 K(F50):

=140

That estimate is called the leave-one-out estimate of f(X;). The first term is estimated by
plugging in the kernel density estimate,

1 R, — Ry —
/szh(x)dx_TthZZ/K( . x)[(( . x) dx

Least squares cross-validation uses these estimators and minimizes the objective function

I v R — R T R — R,
UCV(h)ZTZhZZ(K*K)( h ) T(T—l)hZ 2 K( h )
t=1 s=1

s=1t=1,t#s

which has to be done numerically. Thus, the expectation of both terms yielding UCV (k)
match the first two terms of the IMSE. One can show that, asymptotically, minimizing CV (k)
is indeed equivalent to minimizing
R(K)

Th b

2
B =2 { / P dx} .

From here it is easy to see that the minimizer of the last display coincides with the minimizer
of the IMSE. Moreover, one can even show that

B]h4 +

where

hrev — hopt -0,

h opt

as T — oo, in probability, a strong justification of the method.
Biased least-squares cross-validation minimizes another estimate of the asymptotic
mean squared error (AMISE). Recall that

AMISE(h) = % + = th4 R(f").

The optimal bandwidth is given by

T \M2TR(f))
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A natural estimate for the only unl(nown quantity R(f") is R(.}?’%), where ]?’% is the second
derivative of the kernel estimator f7, but it turns out that

R(K//)
ThS

ER(f1) = R(f") + + o).

R(K")
™

One can do better by estimating the positive bias. This leads to the estimator R( f ) —
Noticing that

., RK") 2 X, — X,
Mip="s t s X (M)

1<s<t<T

where
o(x) = /K"(M)K"(u + x)du, x e R,

This leads to the biased cross-validation function

R(K K32 X
BCV(h) = () Tgh Z ¢(’ >

1<s<t<T

which is then minimized.

Figure 1.1 illustrates the kernel density estimator for the daily log returns of the FTSE
from 1991 to 1998. The bandwidth is selected by the biased least-squares cross-validation
method.

1.3.5 Testing for normality

Asset returns are often non-normal, particularly returns corresponding to small time lags such
as daily or intraday returns. In order to check the hypothesis that the returns are normal, many
statistical tests have been proposed in the literature. At this point, we shall discuss those tests
that are most widely used in practice.

Let Ry, ..., Ry be an i.i.d. sample of returns with common d.f. F. We aim at testing the
null hypothesis that F is a normal distribution,

Hy:Fe{®, »:pneR, o> >0}

.02

against the alternative hypothesis
Hy:F ¢ {®, 2 :pueR o >0}

Notice that H; means that for all u € R and 6 > 0 there exists at least one x € R such that
F(x) # ®(, 52)(x).
The Jarque and Bera test is given by

~2 ~ 2

i3 (a—3)
Jgp=T (B 2 )
T <6+ 24

where i3 is the sample skewness and ji4 the sample kurtosis. Since Jr is asymptotically
x%(2)-distributed, as T — oo, one rejects Ho, if J7 > x*(2)1—«. However, the test should be
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used only for large data sets. Notice that the Jarque and Bera test measures the departure of
the sample skewness and kurtosis from their theoretical values under the null hypothesis.
Another class of tests is based on the following idea. If the null hypothesis is true, we
estimate the parameters u and o by their sample analogs fir and S%. The corresponding
estimate of the distribution function is then CID(QT’ 52 )(x). If the alternative hypothesis is true,

we may rely on the empirical distribution function, i.e.
1
Fr(x) = — ; (R <x), xeR,

which provides a consistent estimator of F(x) without assuming any specific shape of the
distribution. Now we can compare those two estimates by calculating the maximum deviation.
This motivates the Lilliefors test statistic

L = sup |17"T(t) - o

~ 2 (D).
(R (1r,S7)

The asymptotic distribution of L is none of the standard distributions that have appeared so
far. To conduct the test on the 5% significance level, one compares L with the critical value
0.805/ «/T. However, the test is implemented in standard statistical software.

Sometimes, one wants to test the simple null hypothesis Hy : F = (D(uo,oé) against the

alternative hypothesis Hj : F # & 10,62) for some known constants o € R and oé > 0. In
70
this case, one may calculate

KS = sup |Fr(t) — NI
teR 0

That test is called the Kolmogorov—Smirnov test.

1.4 Financial instruments

Before proceeding, we shall introduce some financial slang and basic financial instruments.
From an economic point of view, a trade is an agreement between two parties, a buyer and a
seller, to buy or sell a certain amount of an asset at a certain date. The buyer attains a long
position in the asset and the seller a short position. Associated to each trade are payments.
For a given party we agree on the following sign convention: If the party receives a payment,
it gets a positive sign. If the party has to pay the amount, we assign a negative sign.

1.4.1 Contingent claims

The payments of many financial instruments depend on other instruments or variables, often
securities such as stocks, stock indices, oil, energy prices, or commodities, which are then
called the underlying of such an instrument. It is even possible to buy financial instruments
whose payment depends on quantities such as the weather.

Derivatives and futures are used for hedging risks associated with the production and
distribution of goods and services in the real economy and, indeed, they are needed for
those purposes. But they are also used a lot for pure speculation. To some extent specula-
tors are needed as counterparties for hedges, but some markets are dominated by excessive
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speculation leading to substantial bubbles. For example, the unethical speculation in agricul-
tural commodities since 2005, when volatility increased due to extreme weather incidents
and increasing demand, is regarded as a substantial factor for record highs of food prices in
developing countries leading to social instability and starvation.

A financial instrument whose payoff depends on another quantity is called a contingent
claim. We shall give a mathematical definition later. If the underlying is a security such as an
exchange-traded stock, it is called derivative asset. In what follows, we introduce the most
important derivatives and related instruments and contracts.

1.4.2 Spot contracts and forwards

Definition 1.4.1 A spot contract is an agreement to buy or sell an asset at the same day at
a certain price called spot price that we shall denote by S;. In the following, we shall assume
that t = 0 stands for the time when a trade is initiated and T denotes the time horizon when
the trade is settled. By contrast, forward contracts are agreements to buy or sell an asset at a
future time at a price that is fixed when the parties agree on the contract, i.e. today. A forward
allows the holder of the long position to buy the asset at a future time point T, the delivery
date, at a fixed delivery price K, which coincides with the forward price F. The payoff of a
long forward contract is St — K and K — St for a short position.

The markets where spot contracts are traded are called spot markets. Forwards are traded
over-the-counter (OTC), usually between financial institutions such as banks and their clients,
e.g. an enterprise or private investor. There are no cash payments in t = 0. A forward is settled
at the delivery date T when the seller has to deliver the asset to the buyer. However, often
the parties agree on cash settlement. If the price at delivery, St, is higher than the delivery
price K, the holder of a long position receives the payment S7 — K and makes a profit. That
additional payment hast the effect that he buys the asset for the forward price F = K, since
—S7 4+ (St — K) = —K. But if the price is lower, he has to pay the difference to the seller.
Again due to this additional payment, the net price of buying the asset is the delivery price.

1.4.3 Futures contracts
Definition 1.4.2 Futures are standardized forward contracts usually traded on an exchange.

For instance, the NYMEX light sweet crude oil futures is a contract on the physical delivery
of 1000 barrel during a specified month. Standardization and handling by exchanges allows
market participants to actively trade the contracts. Thus, in contrast to forwards, which can be
highly specialized nontradeable agreements, futures can be very liquid financial instruments.
The exchange specifies in detail the asset, how many units will be delivered under one contract
(the contract size), the delivery date and how and where the asset will be delivered. For many
contracts physical delivery is not possible or inconvenient and cash settlement applies. Here
an equivalent cash payment between the parties is initiated. A futures contract can be bought
and sold at any time point until its delivery date. The corresponding price is the futures price.
At each trading day a settlement price is quoted, usually the closing price immediately before
the end of trading day. The settlement price is used to determine the margins that are required
from any investor. The investor has to deposit funds in a margin account. When entering a
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contract, the so-called initial margin has to be paid. At each trading day the account is marked
to market to adjust the possible losses and gains. When the futures price rises, the holder of
a long position makes a profit that is exactly the loss of the holder of the short position. The
broker of an investor who is short reduces the margin account by the loss and the exchange
transfers the money to the broker of the counter party where it increases the margin account.
This is called daily settlement. If the margin account falls below the maintenance margin, the
investor receives a margin call to deposit further funds. Otherwise the broker will close-out
the position, i.e. neutralizing the existing contract.

1.4.4 Options

Options are agreements that give the holder of a long position the right, but not the obligation,
to buy or sell the underlying at a fixed price in the future under certain conditions. There are a
vast number of options traded nowadays; the most basic options are described in the following
definition.

Definition 1.4.3 (EUrROPEAN CALL/PUT OPTION, Basis PRICE, EXPIRATION DATE)

A European call option gives the holder the right to buy the underlying at a specified price,
the strike price or basis price K ar a fixed time point T called maturity or expiration date.
The holder of a European put option has the right to sell the underlying for the strike price
at maturity. If S; stands for spot price of the underlying at time t € [0, T], we will denote the
price (fair value) of a European call at time t by C.(S;, K, t, T). Our notation for the price of
a put will be P,(S;, K, t, T). T — t is called the time-to-maturity.

Often, cash settlement applies. This means, the buyer does not get the underlying but the
equivalent amount of money he would realize as a profit when buying the underlying for the
strike price and selling it on the market. Denote by C(S;, K, t, T) the price of such an option
at time ¢. At time T it coincides with the payoff given by

s C(s, K, T, T), s € [0, 00).
The holder of a European call exercises the option, if S7 > K. The profitis St — K. Thus,

ST_K, ST>K5

Co=Cu(St,K, T.T) =
e e(T ) { 0’ STSK,

which can be written in the form
C, = max(0, St — K) = (Sy — K)*.
Similarly, for a European put option we have
P, = P.(St,K,T,T) = max(0, K — S7) = (K — S7)™".

The internal value of an option is its positive cashflow when one would exercise it. For a
European call it is given by (S; — K)1(S; > K) and for a put equals (K — $;)1(S; < K). An
option is in the money, when its internal value is positive (S; > K for a call, S; < K for a
put), and it is called out of the money if the internal value is 0. (S; < K for acall, §; > K
for a put). The ratio K/S is called moneyness.
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Example 1.4.4 (PORTFOLIO INSURANCE)

European put options can be used to solve the problem discussed in Exercise 1.1.1. Suppose
the pension funds intends to buy a portfolio of stocks, frequently called basket of stocks,
whose current price is S; = 110. Further, assume that the pension fund can buy a European
put option on that basket. If the pension fund is willing to take a (downside) risk of at most
10 units of currency, a put with strike 100 has to be chosen.

The portfolio of the pension fund consists of the basket and one put option. Consider its
value at maturity T. If St > 100, the put option is out of the money, i.e. its value is 0, such
that the porfolio’s value is St. In the case St < 100, the payoff of the put option is 100 — St
such that the porfolio’s value is Vr = St + (100 — S7) = 100. It follows that the loss can
not exceed 10 units of currency.

1.4.5 Barrier options

The value of a barrier call option depends on whether the price of the underlying touches a
certain value called barrier. Knock-out options die if the barrier is reached, whereas knock-in
options are activated in this case.

Definition 1.4.5 A European barrier option with expiration date T, barrier B, B < Sy and
B < K, and strike price K gives the option holder the right to buy the underlying at time T, if

S; > B forall 0 <t<T (down-and-out)
and
S; < B forall 0 <t <T (up-and-out),
respectively. For a knock-in option the right is activated when
S; < B forsome t € [0,T] (down-and-in)
or
S; > B forsome t € [0, T] (up-and-in).

American-style options allow buying the underlying at an arbitrary time point provided they
are activated.

Barrier options are examples of path-dependent options whose payoff and value depends
on the price trajectory S;, 0 <t < T, during the lifetime of the contract.

Definition 1.4.6 An American average price call options is given by the payoff profile
max(0, S, — K), t=1,...,T,

where K stand for the exercise price and

I
Sy = — S;, t=1,...,T,
: t;
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denotes the average price. American strike call options have the payoff profile max(0, S; —
S, t=1,...,T. Theirexercise price is determined when the option is exercised. The cor-
responding European-style options are given by the payoffs max(0, St — K) and max(0, St —
St) at maturity, respectively.

1.4.6 Financial engineering

By combining financial instruments, particularly derivatives, one can implement interesting
payoff profiles. For example, a long straddle consists of a long position in a European call
option and a long position in a European put with the same underlying and the same maturity,
both in the money. For large increases of the stock price, the long positions provides a profit,
whereas for large decreases of the stock price the put earns the money. In this way, one can
create a position that makes a profit if the stock price changes, independent of the direction.
Basically, we shall see that the fair price 7 of a derivative or a contingent claims can be
calculated by an expectation E*(C*) of the discounted payoff C* of the derivative under a
certain probability measure. This automatically also allows us to price portfolios of contingent
claims. Suppose such a portfolio consists of n positions given by the discounted payoffs
1s..., Cyof each claim and the numbers of contracts x1, . . ., x, we held. Since expectations
are linear, the fair price of the portfolio is

n n
E* (Zxﬁf‘) = inﬂ’i,
i=1 i=1

where 7; = E*(CY) is the fair price of the ith claim.

In financial engineering, artificial portfolios of derivatives are often constructed in order
to generated certain payoff profiles, for example in order to simultaneously hedge risks and
generate opportunities for a profit, or as a complex financial product for customers. If a given
payoff profile, Z, can be constructed by a portfolio such that Z = ", x;C;, then the above
formula allows us to determine the fair price of such a complex product. What makes such
products challenging and risky is the fact that the underlying instruments Cy, ..., C,, may
have quite different risk exposures to risk factors such as interest rates, price changes of the
underlying, volatility changes of the underlying or the risk that the issuer of the instrument
defaults. Furthermore, the underlying portfolio is often unknown to the customer, which hinder
his or her evaluation of the risk associated to such a product.

1.5 A primer on option pricing

This section is devoted to an introduction to some basic ideas and principles that lead to a
powerful and elegant theory of option pricing. It is a matter of fact that they can be explained
and understood in the simplest framework of a financial market with one asset and one
European call option. We will obtain first convincing answers to the question on how to
determine a fair price for a contingent claim, but simultaneously these answers give rise to
various questions on how to extend them to more general and realistic frameworks.

1.5.1 The no-arbitrage principle

The no-arbitrage principle says that on an idealized financial market the prices do not allow
for a riskless profit, i.e. there is no free lunch. Such arbitrage opportunities can arise if, for
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example, the prices in New York are higher than in London or the price of a bond is less than
the fair value of its future payments. For what follows, we use the following mathematical
definition.

Definition 1.5.1 An arbitrage opportunity is a transaction yielding a random payment X
in t = 1 with initial value xq in t = 0 such that

x0 <0 (no costs)
and

X1 >0P—a.s., and P(X; >0 >0.

Example 1.5.2 Let us apply the no-arbitrage principle to determine the fair value Fy of
a forward contract, i.e. the arbitrage-free price that applies at time t = 0. We claim that
there is a unique no-arbitrage forward price, namely Fy = Soe'T, when assuming continuous
compounding. Assume Fy > Soe'T. In this case, the seller can make a riskless profit by
borrowing Sy at time zero and buying the underlying. At maturity, he sells the underlying at
the delivery price K, pays back Soe'" and earns Fy — Soe’T > 0. If Fy < Soe'T, the buyer
sells the underlying aud puts the money to the bank. At maturity he receives Soe’! and pays
Fy for the underlying, leaving a profit Soe’T — Fy. It is interesting and important to note that
the forward price does not depend on the price of the underlying at maturity.

The no-arbitrage principle also immediately leads to a simple formula that relates the
price of an European call and European put. The idea is to set up a portfolio that leads to the
same payoff as an European call option with maturity 7 and strike price K. If we buy a stock
and sell a zero bond with nominal K, the value at time T is St — K. If we add a put to the
portfolio, its value at maturity is zero, if ST > K, but K — S, if ST < K. It follows that the
value of the portfolio is 0, if S7 < K, but St — K, if ST > K. Its value at time O is

n(P) — Ke7T 48
and must be equal to the fair price of the call, which establishes the put-call parity
m(Ce) = w(Pe) — Ke™'T + 5.

The existence of arbitrage opportunities, which is ruled out by the no-arbitrage princi-
ple, means that the current prices of financial instruments are not balanced with their future
payments. Many economists argue that on real financial markets arbitrage can at best exist
temporarily, since they are discovered by market participants that then enter trades that quickly
remove the arbitrage opportunity. If, for instance, the price of a financial instrument is too
low and provides a free lunch, speculators will enter long positions such that its price will rise
until the riskless profit disappears. We shall see that the no-arbitrage principle is a powerful
and simple approach to determine fair prices.

1.5.2 Risk-neutral evaluation

The evaluation of a random (future) payment X depends on the preferences that can be
expressed via a probability measure on the underlying measure space. The crucial question is
whether a fixed payment, i.e. the case X(w) = xo, forall w € €2 and some fixed xg, is preferred
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to a risky payment that offers the chance that the event {X > x¢} occurs, but usually at the
risk that the event {X < x¢} may occur as well.

For simplicity of exposition, let us assume that the uncertainty about the future payment is
measured in terms of the volatility, i.e. the square root of the variance. Given two investment
opportunities with equal means, a risk-averse investor prefers the alternative with the smaller
variance. By contrast, if the investor is risk neutral, he has no preference at all, since he
ignores the variance.

In a risk-neutral world of risk-neutral investors everybody just looks at the mean. Let us
denote the probability measure corresponding to this risk-neural world by P*. Under P* a
stock is preferred to a riskless investment, if and only if its expected return is higher than the
riskless return earned on a bank account. Denote the stock’s price at time ¢ by S; and denote
its random return by R. We assume that the price Sy at # = 0 is a constant Sy known to us.
Then the random price at t = 1 is given by

S1 = So(1 + R).
In a risk-neutral world the value of that payment is given by
E*(S1) = So(1 + E*(R)).

Here and throughout, the symbol E* means that the expectation is calculated under the prob-
ability measure P*. If we deposit the initial capital Sy in a bank account, we obtain Sy(1 + r).
The principle of no-arbitrage implies that E*(S1) and So(1 4 ») must coincide, i.e.

EXS) =S+ & E*<S1):=%.
I+r
As a consequence, under risk-neutral pricing the (fair) price of the stock can be calculated
as an expectation under the probability measure P*. Can we calculate P* from the above
equation?

To get first insights, we shall study a very simple one-period model for a financial market
consisting of one stock and one European call option on that stock. To make the model as
simple as possible, let us assume a binomial model for the stock price where the price can
either go up or go down. In this case, we may choose the sample space 2 = {+, —} torepresent
the possible future states of our financial market, equipped with the power set sigma field. The
real probability measure P is uniquely determined by P({+}) = p, p € (0, 1). Notice that we
exclude the trivial cases p = 0 and p = 1. We model the stock price by

Sou, w =+,
S1(w) = Sod e —

with constants u (up factor) and d (down factor) satisfying 0 < d < 1 4+ r < u. The European
call is given by its payoff

{&—K&>K
C, =

0, S1 < K.

To avoid trivialities, we shall assume that the strike price K ensures that Sod < K < Sju.
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In the above simple model the risk-neutral probability measure P* is uniquely determined
by p* = P*({+}). The risk-neutral pricing formula E*(S;) = So(1 4 r) is now equivalent to
the equation

p*Sou + (1 — p*)Sod = So(1 + 1),
which has the unique solution

k

14+r—d
pr=—

u—d
This means, given the model parameters r, d and u we can determine P*. Relying on the

principle of risk-neutral pricing, the fair value of any random payment X at time # = 1 can
be calculated by

7(X1) = EX(X1/(1 +r)).
In particular, for a European call option on a stock we obtain

«Sou — K

N(Ce):p 1+r

Example 1.5.3 Recall Example 1.1.3 and Example 1.1.4, where the oil price was assumed
to either go up by 10% or go down by 10%. This means that we have u = 1.1 and d = 0.9.
The riskless rate was r = 0.01. Hence, the risk-neutral probability measure P* is given by
_1+r—d 1.01-09
- u—-d 02

*

» =0.55,

vielding the risk-neutral option price
E*(C./(1+71)) = %0.55 = 5.445545.
This is exactly the lower price limit calculated by the oil trader.
Let us slightly generalize our model to allow for a trinomial model for the stock price. We

put 2 = {+, o, —} and assume that, given three factors d < m < u, the stock price at time
t = 1 satisfies

Sou, w =+,
S1(w) = < Som, w = o,
Sod, w = —.

The risk-neutral probability measure P* is now determined by p7}, p3, p3 € [0, 1] such that
pi + p5 + p5 = 1. In this model, the pricing formula E*(S1) = Sp(1 + r) leads to

plutpim+1—pi—pd=>10+r & piu—d+pim—d)=1+r) —d
This equation has infinite solutions. The special solution corresponding to p3 = 0 is the
solution of the binomial model. In general, the solutions can be parameterized by p} yielding
«  L+r—d+ p5m—d)
P = )

u—d
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It follows that pricing using the risk-neutral approach is not unique; there are infinitely many
prices.

Exercise 1.5.4 Determine all risk-neutral probability measures. Which conditions ond, m, u
and r are required?

1.5.3 Hedging and replication

Options are usually written by banks that are interested in hedging the risk of such a deal.
Again, we consider a European option C, on a stock S that follows a binomial model. By
introducing the notations S1(—), S1(+) and C.(—), C.(+), we shall see that the formulas we
are going to derive hold for general options as well. The question arises whether it is possible
to set up a portfolio that neutralizes any risk from the option deal. If we had a portfolio that
exactly reproduces the option, we could buy that portfolio to neutralize the financial effect of
selling the option to a customer. So, let us assume the bank holds a portfolio (6y, 61), where
6 is the amount of cash deposited in the bank account and 6; stands for the shares. Denote
the value of the portfolio at time 7 by V;. The portfolio neutralizes the option if it has the same
value at t = 0 and ¢ = 1. Obviously,

Vo = 6o + 6150,
and

Vi) Oo(1 4 1) + 01 Sou, o=+,
w) =
! 0o(1 +7)+61Sod, = —.

The value W of the option at time O is its price 7(C,), and at time 1

Sou — K, w =+,
Wi(w) =
0, w=—.

The portfolio replicates the option if V;(w) = Wy(w) holds true forallw € Q2 andallz € {0, 1}.
This leads to the equations

Vo = m(Ce) (1.9)

and
Oo(1 + 1)+ 61Sou = Sou — K (1.10)
Oo(1 +7r)+01Sod =0 (1.11)

Substitute g(1 + ) = —61 Sod (Equation (1.11)) into Equation (1.10) to obtain
—61S0d + 01 Sou = Sou — K & 01(Sou — Sod) = Sou — K (1.12)
< 01(Sou — Sod) = Ce(+) — Ce(—). (1.13)
Thus, noting that Sou — Sod = S1(+) — S1(—), we arrive at

Gl ) = Col(—)

)= ——F—"7—.
S1(H) = S1(=)
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This ratio, the number of shares needed to replicate (exactly!) the option, is called the hedge
ratio. In Example 1.1.4 the hedge ratio is 8; = 10/20 = 1/2. Indeed, the oil trader bought
half of the oil at time ¢t = 0, i.e. he constructed the hedge portfolio. For 6y we obtain the
formula

Ce(+) - Ce(_) d
u—d 1+7

o = Ce(—) —

For our example, we obtain 6y = 0 — % . % ~ —44.55. This means, the oil trader
borrows the amount 44.554 from the bank. Since he receives the premium 5.45, he can
buy the oil to hedge the option. The initial costs for the hedge, the replication costs, are

Vo = 6y + 01Sp. These replication costs should be equal to the fair price of the option.

Exercise 1.5.5 Show that Vy = E* ( Ce ), if P* is the probability measure given by p* =

1+r
1+r—d
u—d °

1.5.4 Nonexistence of a risk-neutral measure

Consider a financial market with two stocks following a binomial model with up factors uy, us
and down factors d, d>. Risk-neutral evaluation now leads us to two equations, namely

prur + (1 —pHdy =1+,
prur+ (1 —p“dy =1+r,

for the free parameter p*. Depending on the parameters r, dy, da, uy, uy, there may be no
solution. Consequently, there may be no risk-neutral probability measure at all.

1.5.5 The Black-Scholes pricing formula

We shall now discuss the famous Black—Scholes option pricing formula, although we have to
anticipate some results derived later in this book.

Suppose we have a risk-neutral pricing measure P* at our disposal and consider a European
call option on a stock with price S; and strike K. The payoff at maturity 7' is C = max(St — K).
Suppose that a fixed interest is paid in each period and let us express the corresponding discount
factor in the form e~ for some r > 0. Then the discounted payoff is C* = e¢™'7 max(St —
K, 0). In a risk-neutral world, we must have E*(C) = Cy, where Cy denotes the fair price at
time t = 0 of the random payment C, or, equivalently,

Co = EX(C*) = e"T E*(max(St — K, 0)).

This means, we may calculate the fair price of the European call option by evaluating the
expression on the right-hand side, which requires determination of the distribution of St
under P*.

The famous Black—Scholes model assumes that under the real probability measure log
prices are normally distributed, say, with drift parameter « € R and volatility o > 0. Then it
turns out that under P* the log price St at maturity follows a lognormal distribution with

drift log S + (r — 02/2)T  and volatility /7.
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Here S = Sp denotes today’s stock price, which is the basis to determine the fair price of the
option.

We will apply the following result: Suppose that X follows a lognormal distribution with
parameters m € R and s > 0. Then

—log K —log K
E(X — K)T =" 20 (mog n s> — K <m0g) . (1.14)
S S

We will give a sketch of the derivation and encourage the reader to work out the details.
To check that nice result, first notice that for x > 0 we have (X — K)T >x < X — K > x.
Hence, denoting the density of X by f(x),

E(X—K)*:/OOP(XzKer)dx
0

=/Oo - () dtdx
0 K+x

=/ / f(r)drdz,
K x

where we made the change of variable z = x + K. If we plug in Equation (1.3), the formula
for the density of a lognormal distribution, we arrive at

EX—-K)7T = / - / = Le—ﬂogf—mz/zyz drdx.
K X A/ 2mst

Substituting z = (logt — m)/s, such that dz = dt/st¢, leads to the integral

0o 00
/ / ¢(z) dz dx,
K (logx—m)/s

where p(x) = 1/« 2me=*"/2 denotes the density of the standard normal distribution. Apply the
integration by parts rule [uv' = uv| — [u'v with u(x) = f(ngx_m)/S o(z)dz and V'(x) = 1

to obtain that
©  /logx — —logK
E(X_K)+=/ ¢,<°gxm> dr — KO <m°g)
K N N

where ®(x) = f v oo P() dt denotes the d.f. of the standard normal distribution. Finally, using
the substitution z = log x one easily verifies Equation (1.14).
Now let us apply formula (1.14) with m = log So + (r — 62/2)T and s = o+/T:

log(S/K) + (r — 6% /2)T )
aﬁ +Uﬁ
B log(S/K) + (r — 02/2)T>

K < ™ .

Therefore, the fair price of a European call option is given by

E*(ST _ K)+ — e]og S+rTcD (

7(C,) = EX(C*) = e "TE*(Sy — K)t = So®(d)) — KD(dr)e "7, (1.15)
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where

g log(S/K) + (r + 02/2)T

oT '
_ log(S/K) + (r — 0% /)T
- e .

It turns out that, by virtue of the call-put parity the price of an European put option is then
given by

dy

m(Cp) = 7(Ce) + Ke™" — 8.

Further, in order to obtain the time ¢ value of such options with time to maturity t = T — ¢,
one only has to replace T by t and let S denote the time ¢ price of the underlying.

1.5.6 The Greeks

The Black—Scholes price formula explicitly shows on which quantities the fair arbitrage-free
price of a European call option depends: Besides the option parameters K, T and the initial
price Sp, which are fixed in the contract, the formula depends on the risk-free interest rate,
r, and the volatility o of the the log stock price. For risk management it is essential to know
how sensitive a position is with respect to those quantities. If, for example, the volatility of
the underlying increases, this will affect immediately the value of a position in a European
option.

1.5.6.1 First-order Greeks

We shall now introduce the first-order greeks by referring to a European call priced within
the Black—Scholes model. However, these definitions apply to any derivative.

In order to allow easy interpretation, we would like to define the sensitivity with respect
to the stock price as the rate of the option’s price V if the stock price changes by one unit
of currency, i.e. as the ratio %. Having an explicit formula for 7(C,), obviously a dif-
ferentiable function of S, 7, o and r, which are now regarded as variables, we can provide
a rigorous definition of the sensitivity with respect to the changes of the stock price, called

Delta, in terms of the partial derivative

A= Bn(Ce).
as

In the same vein, we may introduce the sensitivity with respect to a change of the expiration
date 7', which is called Theta,

o ()
oT

The parameter Vega (or Kappa) measures the rate of the option’s price with respect to changes
of the volatility and is defined as the corresponding partial derivative

o (Ce)
do
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Table 1.2 Greeks for European options

Greek Call Option Put Option
A=) d(d)) (d)) — 1

_ am(Co) Se(dy) —rT Sp(dy) T
® = r — 389 ke T D(dy) — 3890 4 rKe T D(—dy)
v= ) Sp(d)NT Sp(d)VT
p = ) KTe T d(dy) —KTe " Td(—dy)

_ 91(Cy) o) @(d)

2S2 SoT So/T

Calculations assume the Black-Scholes model

Finally, Rho is the standard notation for the sensitivity with respect to changes of the interest
rate and formally given by

o (C,)
o

Table 1.2 lists the resulting formulas assuming the Black—Scholes model.
The first-order greeks allow us to approximate the option’s price by a linear function. For
example, if the price of the underlying changes from S to S, knowing A = % provides

the approximation

an(Ce) ~
a5 B~ 95)

7~ a(C,)+

which is accurate if |§ — S| is small.

It is important to note that these partial derivatives are still functions of the remaining
variables. Hence, their values depend on the values of those variables, the model parameters.
If more than one parameter changes, it can not be seen from a single sensitivity measure how
the option price reacts.

Observing that, given the strike price K, the variables S, 7, r, o determine 7 (C,), it is clear
that the above greeks form the gradient

an(C,) an(C,) om(C,) dn(Ce) 0m(C,)Y\’ /
= , , , =(A,0,v,p),
30 S aT do ar

where ¢ = (S, T, g, r). The corresponding linear approximation following from Taylor’s the-
orem is then given by

an(Ce)

5 D& — ) =7(Co) + AS — S) + (T — T) + v(& — 0) + p(F — 1),

7~ n(C,)+

if the parameters change from ¥ to 9 = (§, T.5, 7.
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1.5.6.2 Second-order Greeks

The first-order greeks correspond to first-order partial derivatives yielding linear approxima-
tions of the option’s price. The next step is to take into account second-order partial derivatives
as well, which lead to quadratic approximations.

Of particular concern is the dependence of the option price on the price of the underlying.
The second-order partial derivative

r— F(Ce)
882

is called Gamma.

1.5.7 Calibration, implied volatility and the smile

In order to price options with the Black—Scholes pricing formula, one has to specify the interest
rate . Usually, one takes the yield of a treasury bill with a short maturity. Further, one needs
to determine in some way the volatility o, which is not directly observable. Basically, there
are two approaches. The statistical approach is to estimate o from historical data as discussed
in Section 1.3.2. Another approach frequently applied in finance is calibration, which means
that an unknown parameter of a formula for some quantity is determined (calibrated) by
matching the formula with real market data for that quantity. This has the advantage that the
model reproduces current market data and is therefore often preferred by traders, analysts and
bankers, since they tend to mistrust models and methods that seem to contradict markets.

In the case of option pricing by the Black—Scholes formula one calibrates the model
by matching the prices predicted by the Black—Scholes formula with real market prices for
options by varying the free parameter o. Notice that equating Equation (1.15) to a actual price
leads to a nonlinear equation for o. The matching is done for a fixed strike price K and a
fixed time to maturity 7 — t. The volatility ¢ determined in this way is called the implied
volatility.

In theory, the volatility o of the underlying asset is constant across strike prices and
maturities. However, when determining the implied volatility for different values of K and
T, one observes a dependence on those parameters. Sometimes the volatility is a decreasing
function of K, a phenomenon called volatility skew. In other cases, particularly for options
on foreign currencies, the volatility is lower for at-the-money options and gets larger as
the option moves into the money or out of the money. This effect is called volatility smile.
The dependence on K is usually parametrized by the moneyness or strike ratio, S/ K. If one
calculates the implied volatility over a two-dimensional grid of values for the strike K (or
K/S) and the maturity 7', one obtains a two-dimensional curve called the volatility surface.
Figure 1.2 shows a volatility surface for SIEMENS AG.

1.5.8 Option prices and the risk-neutral density

There is an interesting and important relationship between option prices and the probability
density of the risk-neutral probability measure used for pricing. The validity of this relationship
is not restricted to the Black—Scholes model, but is an intrinsic structural properties of a
financial market. It can be used to infer the risk-neutral probability from option prices.
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Figure 1.2 Volatility surface at November 4th of European call options on SIEMENS AG
for maturities ranging from November 2011 to December 2015. Time to maturity measured
in days, data taken from DATASTREAM.

Recall the starting point of our derivation of the Black—Scholes formula, namely the
equation

Co(K)=e"TEXSr — K)T, (1.16)

which we now study as a function of the strike price K. We also denote the risk-neutral price
by C.(K) to indicate that we do not refer to the Black—Scholes formula. At this point, it is only
assumed that there exists a risk-neutral measure P* used to price random future payments.
Let us also assume that the terminal stock stock price St attains a probability density under
the risk-neutral probability measure P*, which we will denote by ¢ (x). This means,
X
P*(ST < x) = / @7 () du, xeR.

—00

Then we may rewrite Equation (1.16) as

Co(K)=¢e""T / - x—K)terxdx=e"" / - @ (x) dx.
—00 K

Apply the formula
d [P0 YO 9f (x, 1)
— fx, ydx = f(b(t), Hb'(t) — f(a(t), H)d' () + / —Zdx
dr a(t) a(t) ot
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to obtain that the first derivative of the risk-neutral price of a European call satisfies

8Ce(K)__ L,
aK /K o7 (x)dx

and the second derivative

92C,(K)

Asaconsequence, one may determine the risk-neutral probability measure by analyzing option
prices for different strike prices K. Since any probability density function is non-negative, we
also see that the option prices is a convex function of the strike price.

1.6 Notes and further reading

A popular text on options, futures and other derivatives avoiding mathematics is the compre-
hensive book of Hull (2009). It explains in great detail and accompanied by many examples
the economic reasoning behind such financial instruments and how the corresponding markets
operate, provides basic formulas for the valuation of such financial operations and sketches
at an elementary level the mathematical theory behind it. We also refer to the introductions to
mathematical finance of Baird (1992), Pliska (1997) and Buchanan (2006), which focus more
or less on the discrete-time setting and finite probability spaces, respectively. For the theory of
coherent risk measure we refer to the seminal work Artzner et al. (1999), the recent monograph
Pflug and Romisch (2007) and the discussion Embrechts et al. (2002) of dependence measures
and their properties. There are various text books on the general theory of statistics including
estimation, optimal hypothesis testing and confidence intervals, for example Lehmann and
Romano (2005) or Shao (2003). Financial statistics is discussed in Lai and Xing (2008). More
on kernel smoothing methods and their properties can be found in the monographs Silverman
(1986), Hardle (1990), Fan and Gijbels (1996) and Wand and Jones (1995). The problem how
to select the bandwidth one may additional consult Scott and Terrell (1987) and Savchuk et al.
(2010). For a recent approach using singular spectrum analyses, we refer to Golyandina et al.
(2011).
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2

Arbitrage theory for the
one-period model

This chapter is devoted to a detailed study of the pricing of options and, more generally,
arbitrary random payments that are called contingent claims. To keep the theory simple and
clean but general enough to obtain valuable insights, we confine our study to a one-period
model. Further, for simplicity of proofs, some results are given for a finite sample space that
implies that assets can attain only a finite number of values.

Having observed that the principle of risk-neutral valuation yields an elegant and simple
solution to the option pricing problem, we shall elaborate conditions for the existence and
uniqueness of pricing measures and discuss how they can be calculated. When such a pricing
measure exists, the question arises whether the corresponding prices really preclude arbitrage.
Another issue of interest is to which extent contingent claims can be hedged, i.e. replicated,
at all.

2.1 Definitions and preliminaries

We consider a financial market with one riskless investment opportunity, e.g., a bond or bank
account, and d risky assets. In practice, the risky assets are usually exchange-traded stocks and
we will frequently refer to the assets as stocks, but the theory applies to investment funds as
well. The only requirement is that prices are random. The one-period model assumes that there
are two time points, # = 0 and r = 1, where the investor can trade and consume, respectively.
At t = 0 the investor sets up his portfolio, and at # = 1 the portfolio value is determined by
closing all positions, at least virtually.

Let us now introduce the details of the model and some notations. r denotes the fixed and
deterministic riskless interest rate for the bond and bank account, respectively. We assume that
r applies to both deposits and loans. Let x denote the balance at = 0 and fix the interpretation
of the sign of x as follows. If x > 0, we are given a deposit, whereas x < 0 indicates that the

Financial Statistics and Mathematical Finance: Methods, Models and Applications, First Edition. Ansgar Steland.
© 2012 John Wiley & Sons, Ltd. Published 2012 by John Wiley & Sons, Ltd.
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investor has the liability |x| due to a loan or credit. The value of the bank account at time
t = 1 is then given by

v=(14+r)x.

If the riskless investment opportunity is given by a bond with initial price Spo € (0, 00), its
value at time ¢t = 1 is

S10 = (1 4+ r)Soo-

To simplify the exposition, we will assume Spp = 1 corresponding to a bank account.

Let us denote by Soi, ..., Sos the given prices of the d risky assets. The underlying
probability space is denoted by (€2, F, P). We interpret an outcome w € 2 as a possible
scenario for the market at time ¢ = 1. P stands for the true probability measure of the real
world that assigns measurable sets A € JF their probability of occurence, P(A).

The risky and unknown market prices at the end of the period are modeled by random
variables

S105 .+, S1a 1 (R, F, P) = (R, B)

with S19 = (1 + r)Sgo. The random vector So = (Spo, - . ., Soq) € R¥T! is called a price
vector.
Definition 2.1.1
(i) Let So = (Soo, ..., Soq) be a known price vector, i.e. So; >0 for i =0,...,d
are known initial prices, and S} = (Sy0,...,S14) be a random vector such

that S1; 1 (R, F, P) > (R, B), i=1,...,d, are positive random variables. Then
{S; : t =0, 1} is called a price process.

(ii) {S; :t€0,1} with S§ = So and S} = (S}, ..., S},) where S|, = ls_‘l_ir for i =
0,...,d, is called a discounted price process.

Mathematically, our financial market is now defined by ((€2, F, P), {S¢}).
Definition 2.1.2 (PORTFOLIO)
Avector ¢ = (o, ..., 0q) € R is called a portfolio, (¢1, ..., ¢g) is named a portfolio

in the (risky) assets.

Let us agree on the following sign convention: ¢; > 0 signifies a long position and ¢; < 0
a short position.

Definition 2.1.3
(i) For any portfolio ¢ = (o, ..., 9q) € R and each price process {S; 1t =0, 1}
the process {V; : t =0, 1} with

d
Vi=Vilp)=¢'Si =Y ¢iSi, t=0,1,
i=0

is called the value process of the portfolio ¢.
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(ii) The discounted value process {V;* : t = 0, 1} is defined by
Vi=Vip)=¢'S t=1.

Clearly, V; accounts for the value of the portfolio ¢. To this end, suppose ¢; > 0. Buying
@; shares of asset i costs ¢;S1;. The required initial capital to establish the portfolio is

d

Vo =¢o + Z%’Sozw
i=1

The amount Z?: 1 i Soi is needed to buy the assets. The rest V — Z?:l @i So; is deposited
in a bank account, if it is positive; otherwise it represents a credit required to finance the
portfolio. The financial contribution of each short position, i.e. those positions with ¢; < 0,
to initiate the long positions is given by |¢; So;|.

Definition 2.1.4

(i) {Gt:t=0,1} with G = Gi(p) = Vi(p) — Volp), t =0, 1, is called the gains
process.

(ii) {G; :t=0,1} with G} =Gj(p) =V (p)—Vj(p),t=0,1, is called the
discounted gains process.

2.2 Linear pricing measures

We aim at investigating under which conditions portfolios providing riskless profits may exist.
The surprising result is that this is closely related to the existence of a pricing measure allowing
us to price payments using the principle of risk neutrality. To obtain a 1-to-1 characterization,
we introduce dominant portfolios, a notion that is stronger and more pleasant for the owner,
than an arbitrage opportunity.

Definition 2.2.1 A portfolio ¢ is called dominant, if there exists a portfolio ¢ # ¢ such that
Vole) = Vo(@) and Vi(¢) > Vi(9) P-a.s.; we say ¢ dominates ¢.

Lemma 2.2.2 A dominant porfolio exists, if and only if there is some portfolio ¢ with

Vo(ep) = 0and Vi(¢) > 0 P — a.s.

Proof.

‘=’": Suppose g dominates ¢. Define ¢ = @ — ¢. By linearity of the mapping ¢ > V(¢),
we may conclude that Vy(¢) = V(@) — Vo(p) = 0and Vi(p) = Vi(@) — Vi(p) >0,
a.s.

: Obviously, a portfolio ¢ with Vo(¢) = 0 and Vi(¢) > 0 a.s. is better than investing
nothing.
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Proposition 2.2.3 Suppose that Q2 is a finite set. There exists a dominant portfolio, if and
only if there is some portfolio ¢ with

Vo(@) <0and Vi(@) >0 P —a.s.

Proof. We show the necessity of the condition. By Lemma 2.2.2, there exists some port-
folio ¢ with Vi(¢) = 0 and V{(¢) > 0, P-a.s., implying

Gi(p)(w) = V(@) (@) — Vo(p) > 0
for all w € 2. Thus,

8 := min G](p)(w) > 0.
weR

Next, define g e R by g; = ¢, i=1,...,d, and gy = — Z?:] @i S3; — 8. We obtain

d
Vi@ =go+ > @iSs=-6<0

i=1

and for any w € Q

d
Vi@@) =0+ > ¢iSti()
i=1

d d
==Y eiSi@) =5+ > ¢iST(w)

i=1 i=1
d
= =8+ ¢i(S}; = So)(@)
i=1
= =0+ Gi(@)(w) = 0.
By definition, the existence of a dominant portfolio implies that there are two portfolios
having the same price, such that one is always better, i.e. its payoff is higher with probabity 1.
This could be excluded if the price can be determined as a monotone function of the payment

int=1.

Definition 2.2.4

(i) Assume that Q is finite. 1 = {m(w) : w € Q} C [0, 00) is called a (linear) pricing
measure, if for all ¢ € RIT!

V@) =D m(@)Vi(w).

weR
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(ii) For arbitrary Q2 equipped with a o field F, a measure mw is called a pricing
measure, if

Vi(p) = / Vi(w)dn(w) forall p € R,

Suppose that we are given such a pricing measure . It is then easy to see that it is a
probability measure, i.e.

Z m(w) =1 and / dm = 1, respectively.
we2 v
Lemma 2.2.5 Assume that Q2 is finite.

(i) For any pricing measure {m(w) : v € Q} we have

SOj — Z”(W)Sikj(w)’ j=1,...,d (2.1)

(ii) If {m(w) : @ € Q} is a probability measure such that Equation (2.1) holds true, then
it is a pricing measure.

Proof.

(1) Fix j € {1, ..., d} and consider the portfolio ¢ givenby ¢; = 1(i = j), i =0, ..., d.
Then Vo(p) = So; and V' (¢) = S i If {mr(w)} is a pricing measure, we may conclude
that

Soj = Vol@) = Y t(@)Vi(@) = Y 7(w)S};(®).

weR we

(ii) This follows easily by observing that ¢ — V;(¢) is a linear mapping.

Lemma 2.2.5 tells us that the initial prices are a linear function of the possible future prices
weighted by the pricing measure. That linear structure allows us to use what is known about
systems of linear equations of the form Ax = b, where Aisan x p matrix, b an n-dimensional
vector and x the unknown p-dimensional solution vector, to treat the pricing problem. The
details are as follows. When Q = {wy, ..., ®,} is finite and 7 = {7(w)} a pricing measure,
then the linear equations

n
Soj = Z mi - Sijw), j=1,....4d,
i=1

hold true, if we put 7; = w(w;),i = 1, ..., n. Vice versa, any solution (71, ...7m,) of these
equations satisfying the additional constraints

n
O<m,...,m, <1, and Zmzl
i=1
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yields a pricing measure. In matrix notation, we have

D*r = b*,
where
1 . 1 1
St ... S7(wn) S(’jl
D* = . ) _ and b* =
STd(wl) ... Sfd(a)n) Sgd

D* is called the discounted payment matrix or discounted payoff matrix.

The following theorem clarifies the relationship between pricing measures and dominant
portfolios.

Theorem 2.2.6 Assume that Q = {w1, ..., w,} is finite. There is a linear pricing measure
if and only if there is no dominant portfolio

Proof. The problem to find some 7 > 0 with D*7 = b* can written as the following linear
program.

max 0’7 such that D*7 = b*, 7 > 0, (P)

reR”

where 0 € R” is the vector of zeroes and D* the discounted payment matrix. Suppose there is
some pricing measure 7. Then (P) has a solution. The duality theorem of linear programming
asserts that this is equivalent to the existence of a solution ¢ = (¢, . . ., @) € RI*! of the
dual problem

min ¢'b* such that ¢'D* > 0, (D)
peRd+

and the optimal values coincide. The solution ¢ is a portfolio with Vy(¢p) = Vg‘ (p) = ¢'b* =
0 and (D*Y @)k = @o + Z?:l @i ST () = V(@) wr) = 0 for k =1,...,n. Thatis, ¢ is a
portfolio ensuring the minimal price Vp(¢) = 0 as well as V{*(¢) > 0. Therefore, there is
no portfolio with Vy < 0 and V| > 0, cf. Proposition 2.2.3. To show sufficiency, suppose
there is no dominant portfolio. By Proposition 2.2.3, there is no portfolio with Vp(¢) < 0 and
Vi(@)(w) > 0 forall w € Q. The choice ¢ = 0 € Rt! yields Vp(¢) = Vi(¢) = 0 and solves
(D), since any portfolio with V| > 0 must satisfy Vy > 0. The corresponding solution of (P)
can be used as a pricing measure.

2.3 More on arbitrage

In Definition 1.4.1, we introduced the notion of an arbitrage opportunity. We shall now specify
it to our market model and than discuss some equivalent characterizations.
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Definition 2.3.1 A portfolio ¢ € R4t! is called a arbitrage opportunity or arbitrage
portfolio, if ¢’ Sy < 0 (no costs),

¢'S1 >0 P-a.s. and P(¢'S; > 0) > 0.

This means, at time 1 the portfolio’s payoff is non-negative, almost surely, and the probability
to make a real profit is positive.

Remark 2.3.2 Notice that the arbitrage property of a portfolio depends on the underlying
probability measure P. Moreover, that property is invariant on the set

P="PP) = {F P s a probability measure on (2, F) with P~ P}

The proofs of those facts are left to the reader.

Recall the following probabilistic notion: Two (probability) measures v and p on (2, F)
are called equivalent, denoted by v ~ u, if they share the null sets, i.e.

WA =0 < wA)=0 forallAecF.

Definition 2.3.3 A financial market is called arbitrage-free, if there do not exist any arbitrage
opportunities. In this case, the financial market statisfies the no-arbitrage condition.

Since nobody knows exactly what’s going on in reality, arbitrage-freeness is a property
of a mathematical model for a financial market. Such a model is given by (€2, F), the price
process S; and the probability P.

The no-arbitrage condition can also be expressed in terms of the d-dimensional gains
process.

Lemma 2.3.4 A financial market is arbitrage-free if and only if for any portfolio ¢ =
(@1, ..., 9q) in the stocks the following implication holds true
¢Gi>0as. = ¢G=0as.
Proof.

‘=’: Suppose the market is arbitrage-free and choose (¢, .. ., ¢q) € R with ¢/ G7 =0,
a.s. We shall contradict the claim that ¢'G7 > 0 with positive probability.

To do so, we show that in this case we can find some ¢y € R, such that ¢ =
(@0, @1, - . ., pq) represents an arbitrage portfolio, i.e.

7S0<0, @S >0 as, P@S >0 >0.
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By assumption, we have with positive probability

d d d
@G = 0i(Sii—So)=>_@iSi;—> ¢iSi >0
=1 i=1 i=1

i=

(1+r)

= S — »_ @iSoi(1 +7) > 0.

d d
=1 i=1

1

Put ¢p = — Zflzl ©iSoi, 1.e. finance the portfolio ¢, ..., ¢s by a credit, and let
¢ = (@0, 91, - - -, ¢a)- Then

¢oSo =0
and

d d
¢St = =Y @Sl +r+>_ ¢iSii>0
i=1 i=1

value of the credit

with positive probability. Thus, ¢ is an arbitrage portfolio which yields the contra-
diction.

: Assume that the implication

¢G>0 as. = ¢Gj=0 as, 2.2)

holds true for any portfolio ¢ = (g1, ..., ¢4) in the stocks. Let ¢ = (¢o, .. ., ¢q)
be an arbitrage portfolio, i.e.

@S <0, ¢S >0 as., PS >0 >0. 2.3)

We obtain
d d
¢'GT = Z‘PiSTi - Z%Sm
i=1 i=1
d d
= Z%’Sﬁ' - Zﬁl)i&)i
i=0 i=0

——
<0 (a.s.)

d 1

E iS1i - —— = A.
' Qioli 1+r

i=0

v

Since A = ¢'S1/(1 + r), Equation (2.3) yields A > 0 a.s. and P(A > 0) > 0. This
contradicts (2.2).
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2.4 Separation theorems in R”

In this section, we discuss some important separation theorems that will be used in the fol-
lowing. Such theorems assert that one can identify certain subsets by a linear function in the
sense that for each x the value of that linear function determines whether or not the point
belongs to the subset. We shall need a special version, but let us start with the following basic
one.

Theorem 2.4.1 Assume that K C R" is a closed convex set with O ¢ K. Then there exists
some A € R" and a real number a > 0, such that

Nx>a, forallxeKk.
Here a = dist(0, K)?.
Proof. Select r > 0 such that the closed ball with center O and radius r, i.e.
BO,r)={yeR": |yl =r},

hits K. Put M = K N B(0, r) # ¥ and note that M is compact. Therefore, the continuous
mapping

x> xll,  x eRY,

attains its minimum on M. Denote the unique minimum by xp € M. It follows that
llx]l = |lxo|l forallx e K. 24)
Since K is convex, we have for all x € K and « € [0, 1]
ax + (1 —a)xg = xo + alx — xg) € K.
Hence, we can apply Equation (2.4) with x = xo + a(x — xp) and obtain
lxo + a(x — xp)||l = llxoll < (x0 + a(x — x0)) (x0 + a(x — x0)) > xX0.
The last statement is equivalent to
20(x — x0) x0 + &*(x — x0) (x —x0) = 0, €0, 1].
For any o — 0 we obtain (x — x¢) xg > 0. Thus, if we put A := xo, then
AMx>a:=Ax, forallxeK.
As a preparation we note the following simple fact.

Lemma 2.4.2 Let {A, \¢} C R" and {x, x;} C R" be two sequences with .y — A, k — 00,
and xp — x, k — oo. Then

Aexk = Mx, k= oo.
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Proof. Clearly, Ay — A,implies ||At]| = |[A]|, as k — oo. Therefore, [|Ax|| < C for some
constant C > 0. The decomposition A x; — A'x = A, (xx — x) 4+ (Ax — A)'x yields

Ak = Axll < Ikl — xIE =+ 1A = Al
Now the result follows easily.

Theorem 2.4.3 Let K C R" be anonempty and convex set with 0 ¢ K; 0 may be a boundary
point. Then there is some A € R", such that

x>0, forallx e K
with strict inequality for at least one x € K.

Proof. Inthe casem = inf ¢k ||x|| > Othe infimum m is attained for some point 0 # xq €
K. Since K is closed and convex, we have for any « € [0, 1]

llxo + a(x — x0)|| = |lxoll, forallx e K C K,

and o — 0 leads to A'x > ||A||? > 0, if we put A := xo.

Now assume that 0 is a boundary point of K. The basic idea is to shift the set K a little and
to apply the above separation theorem. For the reader’s convenience, we provide the details,
which are a little subtle.

We shall first show that K is a proper subset of R”, i.e. K # R", by constructing some
y € R"\K.Let {x1, ..., X,,} be a maximal set of linear independent vectors of K that span K.
That is, any vector of K can be represented as a linear combination of x, ..., x;,, although
not all linear combinations may lie in K. Consider the vector

y= =t ),

Suppose y € K. Then there is some sequence {y;} C K with y; — y. Each y; can be repre-
sented as a linear combination of x1, ..., x,,. This means that there are real coefficients A,
such that

m
Yk = Z AkiXi.
i=1

Now it follows that Ay; — —1, k — oo, since yr — y. Consequently, there is some index
ko € Nwith A ; <0,i=1,..., m. We may conclude that

m
Yo + > _(=hig.i)xi = 0.

i=1

Observe that the coefficients 1, —Ag, 1, ..., —Ag,,m are positive, but they do not necessarily
sumup to 1. If we divide them by their sum, 1 — >~ | A, ;, We obtain a convex combination of
Yko» X15 - - - » Xm € K, which equals 0. This contradicts the assumption 0 ¢ K. Thus, K +R"
follows.

Since 0 is a boundary point of K, we know that infycg ||x]| = O.
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We may choose some sequence {z;} C R" satisfying

2zt — 0, k—> oo, and inf ||x —z| > O. (2.5)
xekK

To construct that sequence, let x be an interior point of K and denote by 7'(x) = —x the
reflection at the origin. Then y = T'(x) ¢ K, since otherwise the line segment connecting x
and y lies in K, which would imply 0 € K. Now choose ¢ > 0 such that B(x, ¢) C K. By
continuity of 7', the set

V=T(B(x,e) ={T():z€ Bx, ¢&)}

is an open neighborhood of y = —x with V. N K = @, if we eventually reduce €. Thus, y is
not a boundary point. We claim that all points u of the line segment connecting y and 0 satisfy
inf,cg |lu — z|| > 0. Indeed, if u is a point with inf,cg |lu — z|| = 0, we can find some u € K
in a vicinity of u, such that the line passing through u and the origin cuts the set B(x, ). But
this implies 0 € K. Having constructed the point y, the sequence zx = y/k, k € N, satisfies
Equation (2.5). Now the set Ky = K — z; satisfies inf ek, [|x|| = infyek [|x — 2|l > O by
construction. Due to Theorem 2.4.1, there is some A; € R” and some real a¢; > 0 with

x> ag, forall x € K.

Without loss of generality (w.l.o.g.) we can assume ||Ar|| = 1. The sequence {Aj} lies in the
compact set S"~! = {x € R" : ||x|| = 1}. Therefore, there is some convergent subsequence
{Ar, : 1 € N} C {A : k € N} with limit A. Since z; — 0, we may apply Lemma 2.4.2 to obtain

Ax = (lim A) (lim (x — z¢,)) > 0
=00 [—o0
forallx € K.
It remains to show that A is not perpendicular to K. Assume the contrary, i.e. A’x = 0 for
allx € K.Then K C U ={y € R" : y L A} C R” contradicting our assumption that K is not

contained in some linear subspace of R". Therefore, we can find some xoy € K with A'xg > 0,
which completes the proof.

It is known from linear algebra that for any linear subspace U C R" one can find some
A € R" ensuring A'x = 0 for all x € U. The next theorem asserts that A can be selected such
that the corresponding linear functional A(x) = A'x is positive on a given compact set K,
provided that U N K = {. Recall the notation

A—B={xeR":x=a—bwithaec Aand b € B},
and the following simple lemma.
Lemma 2.4.4 The following assertions hold.

(i) If A and B are convex, A — B is convex.

(ii) If A is compact and B is closed, then A — B is closed.

Proof. Suppose x, = a, — b, — x,n — o0, for {a,} C A and {b,} C B. We have to
show thatx € A — B,i.e.x = a — bwitha € Aandb € B. Since A is compact, i.e. closed and
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bounded, a,, — a, k — oo, for a subsequence {a,, : k € N} and some a € A. This implies
that b,, = a,, — x5, converges to a — x, as k — oo. Since B is closed, the limit b :=a — x
liesin B. Butthenx =a — b € A — B.

Theorem 2.4.5 Let U C R" be a linear subspace and ¥ #+ K C R" a compact and convex
set with U N K = (. Then there is some A € R", such that

Nx=0, forallxeU,
and

Nx >0, forallxeK.

Proof. K — U 1is convex and closed. Further, KNU = implies 0 ¢ K — U. By
Theorem 2.4.1, there is some A € R" and some real a > 0 with

AMx>a, forallxe K—U.
We may conclude that
%) My—x)=Ny—A'x>a, foralyeKandxeU.

Suppose A'x # 0 for some x € U. Since A/(kx) = k - A'x for all k € Z, we can find some
integer k with 'y — A'(kx) < a, which contradicts (x). Therefore, A’x =0 for all x € U
yielding 'y > a > Oforall y € K.

2.5 No-arbitrage and martingale measures

Recall that two probability measures P and Q defined on some measurable space (€2, F) are
called equivalent, denoted by P ~ Q, if their null sets agree, i.e. if

P(A)=0 & 0A)=0

holds for each A € F. In this case, the Radon—Nikodym derivative, dP/dQ, of P w.r.t. O
exists and is strictly positive.

Definition 2.5.1 (EQUIVALENT MARTINGALE MEASURE)

Consider a financial market given by a probability space (2, F, P), a riskless interest rate r
and a risky asset {Sy1 1t =1, 2}.

(i) A probability measure P* on F is called a martingale measure, if

S.
S05=E*(S]kl.)=E*( “), i=1,....d

1+r
Here and in the following E* denotes the expectation w.r.t. to P*.

(ii) A probability measure P* on (2, F) is called an equivalent martingale measure
(w.r.t. P), if P* is a martingale measure with P* ~ P.
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(iii) Denote by
P = {P*: P* is an equivalent martingale measure}
the set of all equivalent martingale measures (w.r.t. P).

Notation 2.5.2 [n the following, we will use the notation
E*(X) = Ep+(X) = / XdP*.
Q

Remark 2.5.3

(i) Since S§; = Soi, the above condition is equivalent to
So;=EXSt),  i=1,....d

This means, the d discounted price processes {S}; : t = 0, 1} are so-called martingales
under the measure P*. We will study martingales in greater detail in the next chapter
as they play a crucial role in mathematical finance.

(ii) Notice that the notion of an equivalent martingale measure, and therefore the set P,
depends on the true probability measure P.

(iii) P* is a martingale measure, if and only if the expected discounted profit under P*
when buying the share i is 0,

EX(GY) = E*(S;; = Soi)=0, i=1,...,d.

The notion of a martingale measure is crucial in mathematical finance. Recall from
Chapter 1 that evaluating a random payment X by an expectation ignores the risk associated
with X. Thus, it is crucial to distinguish the martingale measure P* from the true probability
measure P. Generally, the expectations E p(Sy;/(1 + r)) differ from the market prices. But
a martingale measure belongs to the risk-neutral world where risk is ignored but discounted
random payments are correctely priced by taking expectations unter P*. This means, P* at-
taches probabilities to the market scenarios w € 2 and events A C €2, respectively, in such a
way that the evaluation of a random payment can be made under the assumption that we live
in a risk-neutral world.

Our next goal is one of the main results of option pricing, namely that the no-arbitrage
condition is equivalent to the existence of an equivalent martingale measure P*, i.e. P # (.
Since the proof for an arbitrary probability space is rather involved, we first consider the case
of a finite probability space.

Thus, to this end we assume that

Q={wi,...,w,} forsomen € N,
F = Pot (Q2),
Pllw}) >0 Ywe.
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Notice that each random variable Z: Q2 — R can be mapped to the vector
(Z(w1), ..., Z(a)n))/ € R”". Vice versa, the mapping

R'"s(,...,yw) = Z, Zw)=y;, i=1,...,n,

defines a random variable. Clearly, this mapping is 1-1, and thus from now on we shall
identify random variables with vectors in this way and make use of matrix calculus. Recall
the definition of the ((d 4+ 1) x n)-dimensional payment matrix

Sio(w1), - .., Sto(wn)

S1a(@1), ..., S1a(wn)

The ith row corresponds to the ith investment object, and the jth colum to the realizations
under the possible market scenarios. We have the correspondence

¢'S1 =D'g,
where, as explained above, ¢'S is identified with the vector (¢’ S1(w1), ..., ¢'S1(wy)) .

Theorem 2.5.4 (FUNDAMENTAL THEOREM OF ASSET PRICING, FINITE 2)
Let Q = {wy, ..., w,}. If the financial market is arbitrage-free, then there exists a vector
Y € R" with positive entries rj, such that

So = Dy
An equivalent martingale measure P* on F is given by
Vi :
Prloh=——, i=1,...,n,
2.V
j=1

n
ie. E*(ST) = So holds true, and ) y; = (1 + r)~! represents the discount factor.
j=1

Proof. Consider the set
U={(—¢So,@S1))): p e R cRxR" =R""!,
and notice that U is a linear subspace of R"*!. Let
M = {(yo,...,y,,)/ e R™!: yi>0,i=0,...,n; y; > 0for some j = ln}
Clearly, 0 ¢ M, and we have
The market is arbitrage-free < UNM =0.

Next consider

n
K:{(y()a"',y;’[)/eM: Zylzl}
i=0
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/

M

v /

Figure 2.1 U is the linear subspace of payoff profiles ¢S] attainable by a portfolio ¢, M
corresponds to the arbitrage opportunities provided ¢'Sy < 0, and K is a compact subset of
M, which can be separated from U by virtue of Theorem 2.4.5.

K is a nonempty, convex and compact subset of M with U N K = (.
By Theorem 2.4.5, we can separate K and U, i.e.

I A=, Al,..., Ap) € R™FL,
such that

MVx=0, VxeU,
Mx>0, Vxek.

See Figure 2.1 for an illustration.
Sincee; =(0,...,0,1,0,...,0) € K,wehave Aj =1'¢; >0, j=0,...,n.

Thus, if we recall the definition of U and put »= Ay, M)
—2@'So+ A ¢S =0 V¢ e R
~—
:D/(p
& —Ship+ DV = 0 Vg e RIT!
& DA = (L0S0)¢ V¢ e R
That means
~ x
DL=xS0 <& Sp=D () .
A0
Now define

’ X Al An ' n
=, ..., ===, ..., = R".
V= Yn) " o " €
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Clearly,

-(// .
i v
defines a probability measure P* on (2, F) with P* ~ P. Indeed, A; > O for all j implies

Y > 0forall j.
Now choose @ € RY*! with

P =P (o)) = j=1,...,n,

Do=1-(1+r)

and notice that @ replicates the bank account. Thus, the initial price of ¢ is 1, since otherwise
we obtain an arbitrage opportunity. We obtain

1=¢So=gOY=yDe=y1-(1+n=>0+n_¥,

j=1

Thus, Z’}-zl Y= l%rr is the discounting factor in our model. Finally, using again the fact
that So = Dy we obtainfori =1, ...,d

S1i
(S11) (1 +r)

1 n
= mgsli(wj)]?}k‘

=Zam=mw=m.
=1

Consequently, E*(S}) = So, which completes the proof.

Our next goal is to extent the result to general probability spaces. As a preparation, let us
recall the following simple fact.

Lemma 2.5.5 If E(X1(x<0}) >0, then X > 0 a.s.

Proof. Since X(w)1lix(w)<0y <0 for all w € 2, we obtain [ X1x<q)dP <0 by the
monoticity of the measure integral. Hence, f X1{x<0ydP = 0. But this is equivalent to
X1ix<0y =0 P—a.s. such that N = {X1{x0} # 0} and therefore A ={X <0} C N are
P-null sets. Consequently, P(X > 0) = 1.

Theorem 2.5.6 (FUNDAMENTAL THEOREM OF ASSET PRICING, GENERAL £2)
The following assertions hold.

(i) If P & O, the financial market is arbitrage-free.
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If the market is arbitrage-free, then there is some equivalent martingale measure
P* € P, such that d P*/d P is bounded.

Proof.

®

(ii)

Suppose there is some P* € P. We will contradict the following

Claim: There is some arbitrage opportunity ¢.

Let ¢ € R¥*! be an arbitrary portfolio, such that ¢/S; > 0 P-a.s. and E(¢'S;) > 0.
By equivalence of P and P*, we have E*(¢'S;) > 0. We may conclude that

d
> wiE* S ) _ g (£50) 2
pae ' 147 147 '

Since P* is a martingale measure, So = E*(S;/(1 + r)), which leads to positive costs,

d d
Sti
¢'So = 'Eo ©iSoi = Eo Y E* (1 +lr> >0
=l =

This means, ¢ cannot be an arbitrage portfolio, which is a contradiction.

Recall the definition of the d-dimensional discounted gains process of the d risky
assets:

Gi=(Gl,....Glp), GL=S—Su, i=1,....d

By Lemma 2.3.4, the no-arbitrage condition is equivalent to

d d
(*) VpeRe: Z(piGTi >0 P-as. = Z(piGTi =0 P-as.
i=1 i=1

We will show that this implies the existence of an equivalent martingale measure
P* ~ P.Recall that P* ~ P is a martingale measure, if and only if

E*SH =Sy < E*Gp)=0.

For brevity, we shall write G = G7 for the discounted prices at time 1 in the rest of
the proof. That notation will not interfere with standard notation, since we have only
to deal with the discounted prices in what follows. Let us first consider the case that
G is P-integrable, i.e. E|G| < oo. Define

K ={Q : Q is aprobability measure with Q ~ P and dQ/d P bounded}.
Obviously, I # @, since P € K. Now, for all Q € K:

d
EolG| =/|G<w>|£(w>d1><w> < CEp|G] < oo,
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if dQ/dP < C < oo. Thus, G is integrable under all measures Q € K, too. It is
straightforward to verify that KC is a convex set. Let us now consider the corresponding
set of expectations of G under Q € K, i.e.

E={Eo(G): Q € K} c R%.

There exists an equivalent martingale measure P*, if 0 € £. Indeed, in this case any
P* € K with E*(G) = 0 € £ does the job. Thus, we have to show 0 € £. Let us
contradict the

Claim: 0 ¢ £
First, notice that £ is convex. Indeed, if x1, x € £ and « € [0, 1], then there exist
01, 02 € Kwithx; = Eg,(G), i = 1,2. Then,

ax1—i—(l—a)xg:a/GdQ1+(l—a)/GdQ2
=/Gd[0lQ1+(1—0l)Q2]=/Gd,U«€5,

since u = Q1 + (1 — «)Q> € K. Further, £ # @, since P € K.

An application of Theorem 2.4.3 yields a vector ¢ € R that separates £ and {0}. That
means,

¢x>0 forallx e &
and
¢'xp > 0 for some xq € £.

Since x = Eg(G) € Eforany Q € K,
Ep(¢'G)>0, forallQ ek (2.6)

and
Ey(¢'G) > 0 forsome Qg € K.

Since Qg ~ P, Eg,(¢'G) > 0 implies that P(¢'G > 0) > 0. We will show that
¢'G >0 P-as., too. Then () implies that ¢'G = 0 P-a.s., a contradiction to
P(¢'G > 0) > 0.

It remains to show ¢’G > 0 P-a.s. To do so, we will use Lemma 2.5.5. In order to show
Ep(¢'GliyG<0y) = 0 one could try to interpret 1{,7G <oy as a bounded P-density of a
new measure Q. Then Q € K and Equation (2.6) would give E(¢'G) > 0. However,
for that purpose Q has to be a probability, i.e. we have to divide by P(¢'G < 0), which
is not possible.
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The trick is now to approximate the indicator 1;, o) by a sequence of functions,
whose supports have nonempty intersection with the set {¢’G > 0}. Thus, define

fo=0U0=1/mliyco) + (1/m)yG=0), neN.

The sequence { f;,} has the following properties; the proofs being left to the reader as
an exercise.

1) 0< f, <1,forn > 2.
(i) fu — l{yG<0y, 1 — 00, w-pointwise.
(iii) ffn dP=(1-1/n)P@'G <0)+ (1/n)P(¢'G > 0) > 0forall n € N.

(iv) w ?n(w) = fu(w)/ f fndP, w € Q, defines a bounded P-density.

Let 0, = }EndP be the corresponding probability measures, i.e.

Qn(A)z/?,,dP, AecF
A

Now, property (i) yields Q, € K, n > 2, and due to Equation (2.6) we can conclude
that

0< EQ,,(QO/G) = EP(w/an)//fndP

Applying the theorem of dominated convergence to the numerator of the ratio on the
right-hand side leads to

Ep(¢'Gliyg<o) = Jim Ep(¢'Gfy) = 0.

Now, ¢'G > 0 P-a.s. by Lemma 2.5.5.
Finally, we consider the case Ep|G| = co. We have

B G|
O<c=E <1
|G|+ 1

Let P’ be the probability measure with P-density

c

f(w)=71+|G(w)|,

where ¢ is chosen to ensure P'(Q2) = [ f(w)dP(w) = 1. Then P’ ~ P and

|G| ~)
Ep|G|=FE c| < oo.
r |Gl P<|G|+1
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Thus, G is integrable under P’, and we can conclude that there is some
martingale measure P* with P* ~ P’ and bounded density. Clearly, P* ~ P, too,
and the P-density of P* is also bounded. Indeed,

dpP* . dP* dP -
dp  dP" dP —
for some constant C < o0.

Let us illustrate our main findings by two examples.

Example 2.5.7 (Binomial model with one asset)

Recall that for the simple binomial model the sample space can be chosen as Q = {+, —},
and the real probability measure P is given by p, = P({+}) € (0, 1). The asset makes either
an up movement from So1 to S11 = uSo1 occurring with probability p., or goes down to
dSo1 with probability p— = 1 — p4. There exists no arbitrage, if and only if P # @. Clearly,
each P* € P is determined by p* = P*({4+}) and P* ~ P is equivalent to p* € (0, 1). In
Section 1.5.2 we calculated the solution of the martingale equations,

S
() s

u—(1+r)
, 1l=—pf=—=
u—d P u—d

vielding

o = 14+r—d

Now
0<p'<l & 0O0<l+4+r—d<u—-d & d<l+r<u.

Finally, let us calculate the Radon—Nikodym derivative of P* w.r.t. P. We have

dP* P pt 14r—d 1
ar = Ty T u—d
P =pt u—(4n 1

dP({_})_ 1—-p  u—d 1—p’

determining the mapping % Q- R

Example 2.5.8 (DISCRETE FINANCIAL MARKETS)

Let Q = {wy, ..., w,} be a finite set of n scenarios for the financial market. We may assume
P({{w;i}) > O0fori=1,...,n, since otherwise we can reduce Q2. Each martingale measure is
given by a probability vector p* = (p7, ..., p}) € R'withp}, ..., ps = 0and )", pf = 1.
It is an equivalent martingale measure, if and only if pf € (0, 1) foralli =1, ..., n. One has
to solve the equations

S1i « S1i(w;) .
Soi = E* [ —— =E *.7], =1,...,d,
0i (1+r> j_]pj 147 1
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or, in matrix notation employing the payment matrix D = (S1;(w}))i=o,....d, j=1,....n>
(14+7r)So =Dp*.
Thus, p* is a solution of the constrained linear system of equations,
Dx=(14+rSy, x>0 1x=1,

consisting of d equations and n variables.

2.6 Arbitrage-free pricing of contingent claims

The present section collects basic facts on the arbitrage-free pricing of derivatives and, more
generally, the larger class of so-called contingent claims. In particular, we show that the initial
price of a portfolio that hedges a claim is unique if there exists an equivalent martingale
measure.

Recall that any portfolio ¢ € R?*! generates a random payment V(p) = ¢'S; at time
t = 1. Consider the set

V={¢S) : ¢ € RITH

of such random variables representing payments of portfolios. Clearly, V is a subset of all
random variables 2 — R denoted in the following by £. We have the following simple fact.

Lemma 2.6.1 YV = span(Syg, ..., S14) is a linear space with 1 € V.

By definition, for any payment V € V there is some portfolio ¢ € R4*+! generating that
payment, i.e. V = V(p).

Definition 2.6.2 Let X : Q@ — R be a random variable. If there exists some ¢ € R such
that V(p) = X, i.e. X € V), then ¢ is called a hedge.

It makes sense to define the (fair) price of a payment X € ) as the initial capital required
to initial the hedge.

Definition 2.6.3 On an arbitrage-free market the price of a random payment X € Vis defined
as

(X) = ¢'So,

where ¢ € Rt is a generating portfolio (hedge), i.e. V() = X. The associated linear map-
ping w1V — R is called the linear pricing rule.

Since there may be many possible hedges, we have to check whether 7(X) is well defined.
This holds true if we have an equivalent martingale measure at our disposal.

Theorem 2.6.4 Suppose there exists an equivalent martingale measure . Then the fair prices
of any two portfolios @1, ¢2 € R generating a given X €V coincide: ¢|So = ¢5So.
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Proof. Obviously, 8§ = ¢| — ¢, satisfies V(8) = (¢; — ¢2)'S; = 0. Thus, for any
equivalent martingale measure P* € P we have P*(V(8) =0) =1 implying P(V() =
0) = 1. It follows that

0=E*(V(®) = E*(p1 — ¢2)'S1)

and thus
0=E*"((¢1 — 92)'S)) = (01 — ¢2) E*(57) = (91 — ¢2)'So

as well.

It is now time to define rigorously what we mean by a derivative and contingent claim,
respectively. Recall that a financial instrument is given by its value process. A classic portfolio
given by V; = ¢/S; is a linear function of the assets.

Definition 2.6.5 A random variable X : Q — R with 0 < X < oo P-a.s, which is
o(S11, ..., S1q)-measurable and thus of the form

X = f(Si,..., S1a)

for some Borel-measurable function f, is called a derivative or derivative asset.

Remark 2.6.6  For any asset X we may choose the function f minimal in the sense that
X = f(Stiy, ..., Su,) with indices iy, ...,ir € {1,...d} such that r is minimal. Then the
assets Si;,, ..., S, are the underlyings.

At this point it is important to note that the above definition of a derivative security
does not cover all options, traded on a given financial market. Notice that a derivative X is
F1 =0(S11, - .., S14) measurable but in general F g JF Then the case F; # F gives rise to
the following definition.

Definition 2.6.7 Any (non-negative) random variable X : (Q, F) — (R, B), is called
contingent claim.

Example 2.6.8 (CLIMATE DERIVATIVES, ENERGY OPTIONS)

Since power consumption correlates with (average) temperature, there exists a market for
so-called climate or weather derivatives, which are actively used by energy companies to
hedge or reduce risks. Those contracts such as calls and puts, amongst others, are traded
over-the-counter. Since many heatings switch off and, vice versa, air conditioning switch on
at 18 °C, one considers the deviation of the average temperature from that threshold. The
number of days where the average is larger than 18 °C is called heating degree days(HDD),
and the number of days where on average the temperature is below 18 °C are the cooling
degree days (CDD). Climate derivatives are therefore usually defined in terms of the HDD
or CDD numbers.

In terms of L, spaces, contingent claims are the elements of

Ly=Lo(2,F,P)={X:(Q2,F,P)—> R, B):|X| <oco, P—a.s.},
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the space of all random variables that are P-almost surely bounded. In what follows, we shall
also consider the space

Loo = Loo(2, F, P) ={X: (2, F, P) > (R, B); [ X|loo < 00}
of all uniformly bounded random variables. Here, the norm || X || is defined by
I X]loo = inf{c > 0: P(|X| > ¢) = 0},

i.e. | X| oo is the smallest upper bound that is not exceeded by | X|, almost surely. Obviously,
we have the inclusion L, C Lg. The following example shows that Ly ¢ L.

Example 2.6.9 Let Q@ = [0, 1] and P = A the Lebesgue measure. F = Bjjo,1] denotes the
Borel o-field restricted to [0, 1]. Define X(w) = 1/w, ® € R, and use the convention 1/0 =
00. Since {X = oo} = {0} is a A-null set, P(|X| < oo) = 1. Thus, X € Lo([0, 11, Bjjo,17, A).
Clearly, for each ¢ > 0 the set {|X| > c} = [0, 1/c] has positive Lebesgue measure. Hence
| X|loo =inf{c > 0: P(|X| > ¢)} = o0, yielding Lo ¢ Leo.

The basic idea to judge whether a price of a contingent claim is fair is to require that the
price does not introduce arbitrage opportunities when the claim is traded as a new asset.

Definition 2.6.10 7(C) is called the fair price of C, if the extended market, given by the
d + 2 price processes,
{S;:tr=0,1}, i=0,...,d+1,
with
S0.a+1 = 7(C),  S14+1 =C,
is arbitrage-free. Let us agree to denote by I1(C) the set of arbitrage-free prices.
Let C be a claim and 7(C) be an arbitrage-free price for C. Then the extended market

is arbitrage-free, if w(C) is the trading price. By definition, there exists some equivalent
martingale measure P* such that

E*(ST) =S80, i=0,....,d+1.
Specifically, the pricing formula
7(C) = E*(C*)

follows. That means, on arbitrage-free markets we can calculate a fair (i.e. arbitrage-free)
price of a claim, provided we have an equivalent martingale measure for the extended market
at our disposal, by using the principle of risk-neutral pricing.

A simple arguments reveals that risk-neutral pricing using the equivalent martingale mea-
sures of the extended market yields all arbitrage-free prices for a claim.

Proposition 2.6.11 Assume P + (. Then T1(C) = {E*(C*) : P* € P, E*(C*) < oo}. Thus,
a lower bound for the arbitrage is given by mw_(C) = inf{E*(C*) : P* € P}. Provided
E*(C*) < oo for all P* € P, an upper bound is w4 (C) = sup{ E*(C*) : P* € P}.
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Proof. Let w(C) be an arbitrage-free price on the extended market. Then there is an
equivalent martingale measure for the extended market such that

7(C) = E*(C*) and So; = E*(S}), i=0,....,d.

Thus, I(c) C {E*(C*) : P* € P with E*(C) < oo}. By contrast, if x = E*(C*) for some
P* € P, Clearly, So; = E*(S};) fori =0,...,d. If we let So 441 = x and S; 441 = C, the
extended market is arbitrage-free and P* represents an equivalent martingale measure for
that extended market, since So; = E*(S7,),i =0, ...,d + 1. C is replicable by the portfolio
®»=1(0,...,0,1) and, by virtue of Theorem 2.6.4, its fair price does not depend on @, thus
being given by @' Sp = So.4+1 = x.

Of course, the fact that a claim C is replicable on the extended market is a triviality. If it
suffices to invest into the assets of the original market, C is shown to be a derivative. Let us
fix that point.

Definition 2.6.12 A claim C is called attainable or replicable, if there exists some portfolio
¢ = (g0, ...,0q) € R called a hedge, such that

C=¢'S,

that is if C € V. In this case, C is a derivative.

The question arises whether arbitrage-free pricing is unique. Given what we have already
learned, the answer has to be positive for attainable claims, since these are basically portfo-
lios. It is a good exercise to repeat the above arguments to show the following proposition
summarizing our findings for attainable claims.

Proposition 2.6.13 Suppose the financial market is arbitrage-free. If C is an attainable con-
tingent claim, the arbitrage-free price is unique and given by wc = ¢Sy, where ¢ represents
any replicating portfolio.

Let us now study the more interesting and substantially more involved case of a claim that
is not attainable. It turns out that now the arbitrage-free price is no longer unique. To show
that result, we need two general results from functional analysis, whose proof goes beyond
the scope of the present book. The first required result is the generalization of Theorem 2.4.1
to normed spaces.

Theorem 2.6.14 Let Y C X be a closed linear subspace of the normed linear space X and
pick some xog € X \ Y. Then there exists some linear functional L : X — R with ||L|| =1

satisfying
L(y)y=0 forallyeY

and L(xqg) = dist(xg, Y).

The basic idea behind Theorem 2.6.14 is as follows. First, one defines the linear functional
L on the subspace Yy = Y & span{xg} by

L(y 4 txg) =t - dist(xg, Y), ye Y, t e R.
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Then L(y) = Oforall y € Y and L(xg) = dist(xg, Y). By virtue of the Hahn-Banach theorem,
the linear mapping can be extended to X.

Let 1« be ao-finite measure. Thenthe L, = L (1) spaces, 1 < p < oo, are Banach spaces,
that is normed linear spaces that are complete such that all Cauchy sequences converge.
The Holder inequality implies that for any X € L, and any Y € L,, where p € [1, c0) and
q € (1, oo] satisfying % + % = 1 with the convention that p = 1 if ¢ = oo, we have

/XYdM < IXI, 171, < oo.

Therefore, if we fix some Y € L, and consider the mapping
LY . Lp — (R, B)

defined by

Ly(X):/XYd/L, Xel,,

we obtain a linear and continuous functional Ly on L . Since this construction works for all
Y € L4, we are given a mapping

J:Yw— Ly, forY €Ly,

which maps elements of L, to its dual space. It turns out that the mapping J defined in this way
is a linear isometric isomorphism. Thus, the dual space of L, can be identified with the space
L. It follows that all linear and continuous functionals are of the form Ly(X) = f XYdu for
some Y € L.

With these tools we are now in a position to prove the following theorem.

Theorem 2.6.15  Suppose the claim C is not replicable and satisfies E*(C) < oo. Then the
set of arbitrage-free prices is an open interval.

Proof. Since the set P of equivalent martingale measures is convex, the set [1(C) =
{E*(C*) : P* € P} is convex as well. Indeed, pick P}, P; € P and ¢ € [0, 1]. If we define
the measure ;w = a P 4 (1 — ) P} € P, we obtain

oz/C*dPik +( —oz)/C*de = /C*du e I1(0).
Hence, I1(C) is an intervall or empty. We show that I1(C) is open, i.e. for any E*(C*) there
existm_ = 7_(C) and 7y = 4 (C) with m_, 74 € TI(C) and
7_ < E¥(C*) < m,.

First, notice that Sj; € Li(P*)foralli =0, ..., d, since E*(S1;) = Sp; € [0, 00) which im-
plies E*(S1;) € [0, 00). Clearly, V = span{Sjy, .. ., Si4} is a linear subspace of L1(P*). Since
C € L{(P*)\V, we may apply Theorem 2.6.14 to obtain a linear functional L : L{(P*) - R
with

L(V)=0, forall VeV,



70 ARBITRAGE THEORY FOR THE ONE-PERIOD MODEL
and L(C) > 0. L is of the form
LX) = /XYdP* = E*(XY), X e L{(PY),

for some Y € Loo(P*). We will now define two equivalent martingale measures yielding the
required prices w_ and 7. Let
+ dp~
i () =1+Y(w), W(a)) =1-Yw), we .

We may and will assume that ||Y] s < % Then both P-densities are strictly positive on €2,
such that P™ as well as P~ are equivalent to P. Notice that

/ XdPH/™ = EX(X(1+ Y)) = E*(X) + L(X) = E*(X)

forall X € V. Since X = 1 € V, we obtain PT/~(Q) = E(1g) = 1, which verifies that Pt
and P~ are probability measures. In the same vein,

EY(S1) = E~(81) = E*(Su) = Soi(1 + 1),

for all i. Consequently, P and P~ are equivalent martingale measures. The fair price under
Pt is

L(C
my = ET(C*) = EX(C*) + ( ),
1+7r
whereas under P~ it is given by
- L(C)
_=E(C*)=E*(C*") — —=.
T () () T+r

Since L(C) > 0, the result is shown.
Theorem 2.6.15 has the following corollary.

Corollary 2.6.16 Suppose the claim C satisfies E*(C) < oo and the set of arbitrage-free
prices is not an open interval. Then C is replicable.

2.7 Construction of martingale measures: General case

We have already learned that there may be many equivalent martingale measure. The question
arises how to construct such a measure. In a finite model, one may apply linear programming,
cf. Example 2.5.8. For the general case, e.g. if 2 =R and Sj(®w) = w such that the real
probability measure P on F = B(R) corresponds to the distribution of the stock price S at
time 1 and can be identified with a distribution function F, the following construction based
on the Esscher transformation can be used.

The mathematical problem is as follows. We aim at constructing explicitly a probability
measure P* such that

E*(S))=S0 & E*(AS)=0,
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where AS = S} — So. The basic idea behind the construction is as follows. If we could define
P* via a P-density of the form

*

( )_d (@) = exp(aw)
fal@) = 4 @) = o @AS)’

w e 2,

for some parameter a, we would obtain

E*(AS)= E (ASGXP(“AS)) _ E(ASexp(aAS))

Elexp(aAS)] ) Eexp(aAS)

The right-hand side can be written as };:((5)) if we introduce the exponential

h(a) = Eexp(aAS) = /exp(aAS) dP, aceR.

Indeed, we may differentiate under the integral sign, provided /(a) < oo. Thus, for any min-
imizer a* of i we obtain E*(AS) = 0. This means that the probability measure P* given by
the P-density f+(w) = exp(a*w)/E exp(a*AS),w € 2,suchthat P*(A) = fA far(@)dP(w),
provides us with an equivalent martingale measure. Notice that 4(a) and therefore a* can be cal-
culated, if we know the distribution of AS = S} — S or, equivalently, S1, under the probability
model P of the real world. Indeed, if S1 ~ F under P, such that AS = S1/(1 +7r) — Sp ~
H(x) = F((1 4+ r)(x — So)), we may conclude that

h(a) = /exp(ax) dH(x),

The above construction requires that E(exp(aX)) exists under P. Otherwise, one can perform
a preliminary transformation. The following theorem and its proof provide the general result
and elaborate on the technical details.

Theorem 2.7.1 Suppose P(S1 > So) > 0. Define the probability measure Q by
dO(w) = cexp(—w?)dP, where ¢ = (Ep(exp(—(AS)z))_l.
Let
h(a) = Eg (exp(aAS)), aeR,

denote the moment-generating function of AS under Q. Then h(a) < oo for all a € R and
there exists some a* such that

h(a*) = h* .= inf{h(a) : a € R}.
The probability measure P* defined by

dP*(w) = %Z:)w)dQ(w) 2.7

satisfies P* ~ Q ~ P and

E*(AS) = Ep«(AS) = 0.
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This means, P* is an equivalent martingale measure.
Proof. Clearly, 0 < E(exp[—(AS)z]) < 1, which implies ¢ € [1, co) and
0(Q) =c /Q exp(—x?)dP(x) = 1

by definition of c. Since Q is defined by the strictly positive density w > ¢ exp(—w?), we
have Q ~ P. Notice that under the measure Q for any a € R
h(a) = Eg(exp(aAS)) = cEp(exp[—(AS)* + aAS)]) < cexp(a®/4) < oo,

since the function x — —x? 4 ax attains its maximum at x = /2. This implies that h* =
inf{h(a) : a € R} < oco. Next, define the candidate probability measures

dpP* ex
2 ()= 2 e g
Y h(a)
indexed by a € R. Notice that (155 > 0 such that P; ~ Q. For any candidate P we have
EXAS) = };l((:)) . Thus, each a with 4’(a) = 0 yields an equivalent martingale measure. We

claim that there indeed exists a minimizer a*, i.e. some a* such that
h(a*) = h* = inf{h(a) : a € R}.

Suppose the contrary. Choose a sequence {a,} with h(a,) | h*, as n — co. We claim
ap — Foo. Otherwise, one may extract a convergent subsequence {a,} with limit
a € (—o0, 00). But then h(a) = lim h(a,,) = h* by continuity of 2. We have found a mini-
mizer, namely a, a contradiction. Thus, a, — £oo. Define u,, = |a,|/a, and

u= lim u, € {—1, +1}.
n—>0oo

We will show that /(a,) = Eg(expla, AS]) — 00,asn — 00, a contradiction, since i(a,) |
h* < oo remains bounded if a, converges. On the set A, = {a,AS > §|a,|} we have
exp(a, AS) > exp(dlay|). Since h(a,) > Eg(exp(a,AS)1,,), we obtain

h(an) = Eg(expldlan|]la,) = exp(8la,) Q(An).
The right-hand side converges to oo, provided Q(A,) is bounded away from 0. But
0(A,) = O(AS > duy) — &, n— oo,

if u, — u and § > 0 can be chosen such that §/u is a continuity point of the d.f. F of AS. To
show this, notice that P(AS > 0) > 0 <& Q(AS > 0) > Orules out Q(uAS > §) = 0 for all
8 > 0. Hence, for any ¢ > 0 we may find some § > 0 with Q(uAS > §) = ¢ > 0, and § can
be chosen as a continuity point of F.

Here is a standard example, which is instructive to understand the construction.

Example 2.7.2 Let Y ~ N(0, 1) and define the probability measure P, by

dpP,  exp(AY)
dP  Epexp(AY)’
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Notice that the denominator is the moment-generating function of Y, which is given by
exp(A2/2). For brevity of notation, put E;(Z) = | ZdP,, for any random variable Z. Then
for any measurable set A

Pu(Y € A) = E,(1(Y € A))
= /I(Y A)dﬁ dpr
- < 4p

_ exp(AY)
= /I(Y € A)iexp(kz/Z) dpP

- exp(L)
_ / 1 € A) 0 dPy()

1 L, 5
:/ mexp —E(y + 21y —X1%) | dy
1 1
:/ Eexp (—Z(y—k)2> dy.

Hence, Y follows a N(\, 1)-distribution under P.

2.8 Complete financial markets

Definition 2.8.1 A financial market is called complete if any claim C : Q — R is attain-
able.

Example 2.8.2 Consider the binomial model for one asset and a bank account. Recall that in
this case we may assume 2 = {+, —}. Thus, any claim C : Q — Ry is uniquely determined
by cy = C(+) and c— = C(-). C is replicable, if and only if we can solve the equations

Cl) = ¢'Si(®) = po(1 + 1)+ @1S11(w), e Q,
where ¢ = (@o, @1) is the replicating portfolio. Thus, we have to consider the equations
cy =0l +r)+eisy, o =po(l+r)+ 15—,

where s;+ = S11(+) and s— = S11(—). Obviously, the unique solution is given by

Cy —C— C_S4 —C4 85—
1 = 7’ 0 = —7
o T e —soa
provided sy — s_ > 0.
Let us now discuss the case of a finite probability space Q2 = {w1, ..., w,},n € N. Recall

the definition of the ((d + 1) x n)-dimensional payment matrix
S1o(w1), ..., S1o(wy)
D = . .
S1a(w1), - - -, S1a(wy)
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For finite 2 we may identify a contingent claim C with the n-vector (C(wy), ..., C(w,)) that
we also denote by C. The claim C is attainable if and only if there is some portfolio vector
¢ € R4 such that

D'y = C.

Obviously, for a complete financial market this system of linear equations must have a solution
¢ for any right side C. A standard result from linear algebra now leads us to the following
result.

Proposition 2.8.3 Assume that Q = {w1, ..., w,} for some n € N. A financial market is
complete, if and only if the payment matrix D has n independent rows, i.e. the rank of D’/
equals the number of states.

As usual, the general case is more involved. To proceed recall that the set
V={¢'S 9 e R

of all attainable payments forms a linear space. Clearly, ¢’ S is a o(Sg, . . ., S14)-measurable
random variable with

d d

E*|¢/S1] < ) 1@l EX(S11) =Y _ 19l Soi(1 +7) < 00
i=0 i=0

forall P* € P.Thus,V C LY, o(S11, ..., S14), P*).Since P*(0 < Sj; < 00) = 1, we have
Sii € Lo(2, F, P*)foralli =0, ...,d and all P* such that

V C Li(Q,0(S11, ..., S1a), P*) C Lo(Q, F, P*) = Lo(Q, F. P),

where the equality follows from P ~ P*.

Lemma 2.8.4 For a complete market we have
V=Li(Q,0(811,...,81a), P*) = Lo(Q, F, P*) = Lo(Q, F, P).

Proof. Let X € Lo = Lo(R2, F, P). We may write X = C; — C for claims Ci, C; €
Lo(2, F, P). By assumption, C; and C, are attainable, i.e. there exist ¢1, @3 € Rt with
Ci=¢:S1, i =12 Butthen X = (¢1 — ¢2)'S; € V.

For what follows, we need to know the dimension of the space L ,. Let us fix some integer
n € N and suppose there exists a partition of €2 consisting of n disjoint subsets Ay, ..., A,
with P(A;)) > 0,i=1,...,n,ie.

Q=U_ A, PA)>0, ANA=0(%+)). 2.8)

We claim that in this case the indicators 14, ..., 14, are linearly independent elements of
L ,. Indeed,

arlg @)+ +aply, (@) =0, Yoweq,
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implies o = - - - = oy = 0. Thus, dim(L ) > n. Now let
N = sup{n € N : There are sets Ay, ..., A, € F with Equation (2.8)}.

If N = oo, the dimension of L, is infinite. Now assume n < oo and let Ay, ..., Ay be
a partion with Equation (2.8). It follows that all A € {Ay,..., Ay} are atoms, i.e. for any
B € Fwith B C A we have either P(B) = 0 or P(B) = P(A). Otherwise, we may replace A
by B = AN Band A\ B yielding a partition of N + 1 sets, a contradiction. Thus, A, ..., Ay
is a maximal partition with (2.8). Consequently, any random variable X € L, is almost surely
constant on the sets A;. If we put a; = X(w;),i =1, ..., N, where w; € A; is arbitrarily
chosen, we may conclude that

N
X:ZailA[, P—a.s.
i=1

This shows that the indicators 14,, ..., 14, are a generator, thus forming a basis of the vector
space L.
We have shown the following result

Lemma2.8.5 L, = L,(Q,F, P)isfinite-dimensional, if and only if there exists a maximal
partition of Q2 in N atomic sets Ay, ..., Ay such that P(A;) > Ofori=1,..., N.

We are now in a postion to show the following final main result of the present section.

Theorem 2.8.6 On an arbitrage-free financial market the following assertions hold true.

(i) If the market is complete, there is one and only one equivalent martingale measure,

ie. |Pl =1

(ii) If there is one and only one equivalent martingale maesure, then dim ) = dim Lg <
d+ 1

Proof.

(i) Suppose the market is arbitrage-free and complete. Fix A € F. The claim C = 14 is
replicable. By Theorem 2.6.4, the arbitrage-free price, namely ¢/, So, where ¢4 is a
replicating portfolio, is unique. Thus, the map

P* > P*(A) = EX(C*) = ¢/, S0, P* € P,
does not depend on P* € P. This argument holds for any A € F, which shows that
P* consists of one element.

(i) Suppose P = {P*}. Let C be a bounded claim i.e. C € Lo(S2, F, P). Its unique
arbitrage-free price is given by E*(C*) < co. Due to Corollary 2.6.16, we may
conclude that C is replicable. This tells us that the market is complete such that
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dim(V) = dim(Lg) but dim(V) < d + 1. Thus, (2, F, P) has at most d + 1 atoms
Aty ..., Aay.

The above theorem provides a strong interpretation of financial markets, which are
arbitrage-free and complete: Any contingent claim has the form

N
C = ZC,’IA,.,
i=1

where ¢; € (0,00),i=1,...,N,and Ay, ..., Ay € F are atoms. Notice that ¢; = 0o can
be ruled out, since otherwise P(A;) > 0 for all i (which implies P*(A;) for all i) yields
E*(C) = oco. Arbitrage-free financial markets on which more general claims exist can not be
complete.

We may summarize our findings as follows:

e If there exists an equivalent martingale measure, the price of any replicating portfolio
is unique.

¢ A financial market is arbitrage-free, if and only if there exists an equivalent martingale
measure.

¢ An arbitrage-free financial market is complete, if and only if there exists one and only
one equivalent martingale measure.

* On an arbitrage-free and complete financial market any claim C with E(C) < oo can
be hedged.

2.9 Notes and further reading

The selection of the material of the present chapter and its exposition are particularly influenced
by Follmer and Schied (2004), Pliska (1997) and Shiryaev (1999). There are several proofs of
the fundamental theorem of asset pricing for an arbitrary probability space (€2, F, P). Theorem
2.5.6 is the Dalang—Morton—Willinger theorem for the case 7' = 1, cf. Dalang et al. (1990).
The version for a finite sample space, Theorem 2.5.4, is due to Harrison and Pliska (1981).
The recent book by Delbaen and Schachermayer (2006) provides a thorough discussion of
such theorems and discusses the related mathematical theory. More results on the construction
of martingale measures based on the Esscher transform can be found in Shiryaev (1999).
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3

Financial models in discrete time

Most of the data available in the financial markets are numbers or vectors describing quantities
such as prices, returns and interest rates, which are observed at certain time points. Only certain
objects represent functional data, for example yield curves or pricing models. The time points
at which quantities are observed can be discrete or random and live on different time scales
ranging from yearly or quaterly data to daily and intraday data. Consequently, even when we
fix a certain financial object such as the price of a liquid stock for which price quotes are made
every, say, Ath second, we have to deal with a series of numbers or vectors X1, X», ..., this
means with a time series or stochastic process in discrete time.

Exceptin special cases, there is no reason to assume that the random variables forming such
a time series are independent. One approach to go beyond the i.i.d. framework is to consider
so-called martingale differences that still have the property that they are uncorrelated. They
play an important role in financial statistics for dependent processes and econometrics, mainly
since they are strongly related to the martingales, a really fundamental notion in mathematical
finance, which we therefore discuss right at the beginning of this chapter. We also provide
some of the most important results of the powerful theory of martingales, which we shall
apply in later chapters.

However, martingale differences turn out to be uncorrelated, whereas often the value X, at
current time 7 is correlated with past observations or is even a function m(X, _1, X,,—2, ...)
of those lagged values X, _1, X,,_2, .... If we knew that function m or could infer it from
historical data, we could make more or less perfect predictions for X,,. However, this does not
work on financial markets. A large number of institutional investors, speculators and individ-
uals act and interact on the markets, which introduces randomness and noise superimposing
such relationships. Large trades, unexpected economic and political news, new regulations
and laws, unexpected financial statements or profit warnings, to mention just a few examples
arising in finance, and reactions to (reactions to (reactions to . . . )) such events affect the prices
by smaller or larger shocks, which can best be modelled by random variables.

Financial Statistics and Mathematical Finance: Methods, Models and Applications, First Edition. Ansgar Steland.
© 2012 John Wiley & Sons, Ltd. Published 2012 by John Wiley & Sons, Ltd.
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Assuming a linear influence of lagged values on X, a realistic model is therefore to
assume that

Xp=a1Xp—1+ -+ apXy—p + o€y,

for mean zero random variables €, with common variance 1 and deterministic and unknown
parameters oy, ..., @, € Rand o > 0. The €, model the random shocks that are also called in-
novations. This model is called an autoregressive model of order p and represents a basic time-
series model to capture correlations in series of observations. We also discuss ARMA(p, q)
models and, more generally, linear processes, which form an unifying framework to study
such parametric models and represent a step towards nonparametric time series analysis, as
the dependence structure is coded in an infinite-dimensional parameter.

It turns out that the above autoregressive equations indeed can be solved when the param-
eters satisfy certain conditions, and one can obtain a solution that is stationary in the weak
sense, which essentially means that all moments up to the order two do not change, if we
add a constant to the time index of all observations. In particular, the mean and variance of a
stationary series are invariant with respect to time. Stationarity is a key assumption of many
methods and theorems on discrete-time processes.

Figure 3.1 depicts four simulated time series of length 500 and illustrates that stationary
series may look rather different, including series where the successive observations tend to

3 3 7
2] 2 7
1 7
0 —
O_
_1 —
-1
_2 —
-2 — 3
-3 .
T T T T T T -4 T T T T T T
0 100 200 300 400 500 0 200 400 600 800 1000
4 —
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1 0 —
0 —
1 4 1 -
-2 -
_3 - 5 4

I I I I I I
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I I I I
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o —

Figure 3.1 Four simulated realizations of stationary discrete-time processes (time series)
showing different typical patterns.
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stick together, appear to be repulsive or tend to form clusters of observations of low volatility
and high volatility, respectively. GARCH models provide a convenient class of models to
capture the phenomenon of volatility clusters.

If we do not believe in a parametric model as above, a nonparametric specification such
as

X}’l = m(anl ’ Xl‘l727 ey anp) + O—(anl ’ anza LR} anp)fn (3‘1)

for possibly nonlinear functions m and o is more appropriate. Now nonparametric methods
have to be applied, which work under qualitative assumptions on m and o such as smoothness.
We discuss such methods in Chapters 8 and 9.

3.1 Adapted stochastic processes in discrete time

We have to introduce and carefully discuss some notions for time series, which are crucial
for the following sections and chapters: The notion of a filtration as a mathematical vehicle
to describe the flow of information contained in series or random variables and vectors,
respectively, and the notion of an adapted process to capture the inherent property of time-
series models for real phenomena that they do not depend on future information. But before
introducing those notions, it is time to give a formal definition of our understanding of a time
series.

Definition 3.1.1 A stochastic processin discrete time is a sequence {X,, : n > 0} of random
variables

X0 (2, F,P)—> R,B), n=0.

We need to introduce the notions of a filtration and a stochastic process adapted to such a
filtration. Filtrations are used in probability to model the flow of information. Let us first recall
the following elementary facts. Let (€2, F, P) be a probability space and B the collection of
all Borel sets of R. A function X : 2 — R is measurable (a random variable), if all sets {X €
A}, A € B, are elements of F. For a discrete random variable attaining the values xp, x2, . ..
that condition is equivalentto {X = x;} € F,i=1,2,....

Consider a two period model and an asset, whose price increases (decreases) in each period
by the factor u (d). We may use Q2 = {w1, ..., w4} with o] = (+,+), w2 = (+, —), w3 =
(=, ), w4 =(—, —) and F, := F = Pot(L2). Then, e.g., A = {w1, w>} is the event that the
asset goes up in the first period. Let

Fo=1{0,Q}, Fi=o0(A)={0 A A, Q}

Then o C F1 C F, C F.

To get a better idea what F1-measurability means, we shall define two random variables
X and Y, such that X is Fj-measurable but Y not. Let X : 2 — R be given by X(w1) =
X(wy) = 100 and X(w3) = X(w4) = 50. Notice that X is constant on the sets constituting F7;
the outcome of X only depends on what has occured up to time ¢ = 1, and that information is
given by the o-field ;. Formally, we have

(X = 100} = {01, m} = A € Fy
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and
{X =50} = {w3, w4} = A € T,

which shows that X is indeed Fj-measurable. We even have F| = o(X). F> represents the
more detailed information until time ¢ = 2. The flow of information is described by {#}, 2} C
FircF=F

Consider now the random variable Y given by Y(w1) = 200, Y(w2) = 150, Y(w3) =
150, Y(w4) = 100. Y is not Fi-measurable, since

{Y =200} = {w1} ¢ F1,

but measurable w.r.t. . Moreover, > = o(Y).

Definition 3.1.2

(i) A filtration on (2, F) is an increasing sequence
FoCcHC---CF,CF, neN,

of sub-o-fields.

(ii) A stochastic process {X,, : n > 0} is called F,-adapted or adapted (to {F,}), if X,
is F,-measurable for all n € Nj.

For a given process {X, } one may always consider the natural filtration
Fo=1{9,2}, F,=0Xp,...,X,), neNy.

If no filtration is specified, it is common to agree that the natural one is meant.

The next notion we will use extensively in what follows is the conditional expectation of a
random variable given a o-field. For a definition and properties refer to Appendix A.3. For the
reader’s convenience, we shall illustrate the concept and some basic rules within the stochastic
framework of a binomial tree with one stock and a bank account. To ease the generalization
of what follows to the case of d stocks, let us denote by S;1 the time ¢ price of the asset. Recall
that, given the factors # and d, the model is determined by the one-period model

+
511 = Smu

S, = Soid
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and adhering two further one-period models at both leaves yields the tree

S;ﬁ’ = S(HUZ

Sf—l = Smu
1-py
S;rf = S01ud
e
So1
1-p4
52_1+ = Smud
>
S1; = Soid
1-py
Sy7 = So1d?
Continuing in this fashion yields the binomial model for discrete time points t = 1, ..., T.

Notice that S>; has discrete support {S;'l"’, S;'l_, S5, } with corresponding probabilities
{ p%r, 2p.(1 — py), (I — p4)?}, describing the random experiment how the asset price evolves
in the second period given it went up in the first one. Its expectation is

E(Sa1) = S5 p% + 253 pr(1 = p)+ S5 (1= p)™.
Put
Fo=1{4, Q}, F1 = o(S11), F2 = 0(S11, $22).

Then Foy C F| C F, C F. F; represents the information available at time 7. In general, the
conditional expectation of a node is calculated as we did above. We obtained a function of Sy,
i.e. a F-measurable random variable. Since the events A € F| depend on w € 2 only through
the first coordinate, this is a function of w;. If w; = +,i.e.forw = (+, —)andw = (+, +), S»1
may attain the values S;’1+, S;]_ and we obtain E(Sy|F1)(w) = p+S;r1+ + (1 — p+)S;r1_.
For w; = — corresponding to the outcomes w € {(—, +), (—, —)}, we have E(S21|F1)(w) =
p+S2_1+ + (1 — p4)S,, . Hereby, E(S21|F7) is determined as a random variable on Q2. By
the rules of calculation for conditional expectations, as given in the appendix,

E(E(S$211F1) = EAQE(S211F1))
= E(1gS21)
= E($).
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The above exposition shows that conditional expectations naturally arise even in the simplest
models for financial markets.

In our two-period binomial model, the asset price at time ¢ is a function of its price at time
t — 1, which simplifies calculations of conditional probabilities considerably.

Definition 3.1.3 A process {X,, : n € N} equipped with its natural filtration {F, : n € N},
Fn=0(X1,...,Xn), n €N, is called Markovian (Markov process), if

P(Xn+1 €A|fn)=P(Xn+1 €A|Xn)
holds true for all A € F.

For a Markovian process conditional probabilities of events {X,+1 € A} given its history
until time n only depend on the most recent value X,.

Example 3.1.4 Let {§, : n € N} be i.i.d. random variables with values in {—1, 1} and
p = P& = 1). Define So =0, S, =Y i, &,n € N. Then {S,,} is a Markov process with

P(Sp=jlSp-1=10) = PEn=j—i|Sa1=10)

P, i= J - 1’
= q1l—p, i=j+1,
0, otherwise,
which is a function p(i, j) of i and j, i, j € {—n, ..., n}. p(i, j) is known as the transition

probability that the random walk moves to the state j if its previous state is i.

Generalizing the last example, a sequence Xy, . .., X7 of random variables taking values
in a set S, called a state space, is called a Markov chain, if

P(Xy = xn | Xo =x0, ..., Xn—1 = Xp—1)
is equal to

PXn—1,%p) = P(Xp = Xp | Xpn—1 = Xp—1)
forallx, € Sandn =1, ..., T with P(Xg = xg, ..., Xp—1 = x5—1) > 0. The latter restric-
tion means that the path xo, ...x,—_; is observable. The matrix P = (p(i, )i jes is called

transition matrix, the row vector pg = (p;)ies With p; = P(Xo = i), i € §, the initial dis-
tribution. It is easy to see that the (marginal) distribution after one step is

P =PX1 =)= P(Xi = j| Xo = )P(Xo = i) = (poP)y;
ieS

for j € S, such that p(V = (pgl))jes is given by

PV = poP.
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In general, after n transitions, the marginal distribution p™ = (P(X,, = j)) jes is given by
p" = poP",

where P" = (p"(i, j))i, jes is called an n-step transition matrix. Using Prtn = P . P we
obatin the celebrated Chapman—Kolmogorov equations

p(m-‘rn)(x’ y) = Z p(m)(x’ Z)p(n)(17 y).

zes

3.2 Martingales and martingale differences

The following exposition serves as a motivation for martingales and provides a fundamental
insight as well. Denote the time ¢ price of an asset by S; and let us assume that the increments
Yt = St — S[_l, = 1, ey T, are i.i.d. with

PY;=1)=p and PY;=-1)=1-p.
Put Yy = 0. Suppose an investor starts with ¢; shares at time ¢ = 0, which are held until

t = 1. More generally, let ¢, denote the number of shares held from # — 1 to z. We consider
arbitrary investment strategies where ¢; may depend on the price history, i.e.

or=¢(Yo, ..., Y1)
may be a function of Yi,...,Y;—; (and the constant Sp) and therefore a function of
S0, .., Si—1. If weput Fo = {0, Q}, F; =o(Y1,...,Y),t > 1,then ¢; is F;_|-measurable.

Notice that the current value of the investment can be calculated by the recursion

X, =X+ (Yo, ....Y-Y, t=1,.... T, Xo=0,

t
Xi =Y @i(Yo,.... Yi_DYi.
i=1

Let us calculate the conditional expectation of X, given the information F,_i =
o(Y1,...,Y;—1) until time r — 1.

E(Xt | —7:1—1) = E(X; | Yo,..., Yz—l)

t
=E <Z¢I-(Yo, Y)Y [ Yo, Y,1>
i=1

t
= Z(Pi(Yo, LY DEX | Yo, . Y,
i=1
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where we used the linearity of the conditional expectation and the rule that known factors can
be factored out. Next, notice that by independence of Yy, ..., Y7,
Y; i<t—1,

E(Yl | YOﬂ"'ayt—l): .
EY)=2p—1, i>t—1.

Thus, the expected time ¢ value of the investment given the information until time ¢ — 1 turns
out to be

E(X; | Fi1) = Xi-1 + 2p — Doy (Yo, ..., Yio1).

All the above calculations are a.s. In the special case p = 1/2 we obtain E(X; | F;—1) = X;—1,
i.e. there does not exist any investment strategy that improves in terms of the conditional
expectation. However, if p > 1/2, we have E(X, | F;—1) > X,_1, provided ¢; > 0. This tells
us that in this case it is preferable to be invested. Analogously, if p < 1/2 it is better to have
a short position.

3.2.0.1 Martingales

Definition 3.2.1 {X,} is called a F,-martingale or martingale (w.r.t. F,), if

(i) {Xu}is Fy-adapted,
(ii) E|X,| <ocoVnand
(iii) E(Xp41 | Fn) = Xn, a.s., ¥ n.

If (i), (ii) and
(iv) EXp+1|Fn) = Xy, as,Vn

hold true, then {X,} is called a F,-submartingale, and {X,} is a F,-supermartingale, if
(i), (ii) and

v) EXp+1|Fn) <Xy, as,Vn

are satisfied.

Remark 3.2.2 Using the tower property of conditional expectations, it is easy to verify that
for a submartingale

E(Xn+m | fn) > Xn-

holds true for all n and m > 0, whereas for a supermartingale > has to be replaced by <,
and a martingale satisfies

E(Xn+m | ]:n) = Xp.

Remark3.2.3 [f{X,}isa F,-submartingale and {G,} is a coarser filtration, i.e. G, C F,Vn,
then {X,} is a submartingale with respect to G,, as well, provided X, is G,-adapted, since

E(Xn111Gn) = E(E(Xn411F|Gn) = E(Xn|Gn) = X

Analogous assertions hold true for martingales and supermartingales.
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Example 3.2.4 Here are two important standard examples.

(i) Let X1, X2, ... be independent random variables with E|X;| < oo and E(X;) =0
foralli > 1. Put

n
S, = in, neN.
i=1

Then {S, :n € No} is a martingale with respect to the natural filtration F, =
o(X1,...,X,), n € Ng. Indeed,

n n
ES,| <Y IE(X) <Y EIXi| < o0,
i=1 i=1
foralln > 1. Further, forn > 0

E(Sn—&-ll]—'.n) = E(Sn + Xn—&-ll-/fn)
= E(Snl}—n) + E(Xn-H |-7:n)
= S,

P-almost surely, since, first, S, is Fn-measurable and E(X,11|F,) = E(Xp+1) =0,
and, secondly, X, +1 is independent from F, = o(X1, ..., X;) by assumption.

(ii) Let Zy, ..., Z, be iid. with E|Z|| < oo and E(Z;) = 1. Put

n
Tn=HZl-, n>1l.
i=1

We claim that T, is a martingale with respect to the natural filtration F, =
o(Zy, ..., Zy), n € Ny. First, by independence,

n
ET,| < [] EIZi| < o

i=1

for all n. Secondly,

)

n
=EZun|F0 ][] Z

i=1

n
E(Ty1|F) = E (zn+1 11z
i=1

= E(Zn+l)Tn
= Tny

P-almost surely. Here we used the fact that [[;_, Z; is Fy-measurable and Z,
independent from F,,.
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Part (ii) of the above example has an important application in statistics. Suppose we are
given a random sample
d.
X1, X 5 (),
for a member fy, of some parametric family {fy : & € ®} of densities, where ® C R*, for

some k € N, is a k-dimensional parameter space. It is assumed that 6 is unknown and has to
be estimated from X1, ..., X,. The (random) function

n
LOX1,....X) =[] faxs),  0€O,
i=1
is called the likelihood and its maximizer, providing it exists, which has to be checked in an

application, is the maximum likelihood estimator (ML estimator or m.l.e.) for 6. Notice
that for small Ax > 0,

/ Jo(u) du ~ Axfy(X;)
Ax/2,Xi+Ax/2

is the probability (in an independently repeated experiment) to get an observation close to X;.
In this sense, L(6| X1, ..., X,) can be interpreted as the probability to observe approximately
the sample X1, ..., X, and the m.l.e. maximizes that probability given the sample.

The likelihood can also be used to handle testing problems such as

Hy : 6y = o against Hy:6)= 9(1),
where 6 and 6§ are known given constants. The likelihood ratio statistic

L, — HZ=1 Jo (Xi) H Jo (Xi)
[T foo (X)) foor (Xi)
compares the likelihood of 1) and 6. It is natural to reject the null hypothesis in favor of
the alternative hypothesis, if L, is large.

Part (ii) of Example 3.2.4 now tells us that L,, is a martingale under the null hypothesis.
This follows from

<f9<1>(X )) S (x) Fao () dx

Sfoo (X)) Joo (x)
= /fe(l)(x)dX= L,

where E40) means that the expectation is calculated assuming that X; ~ fy0 (x), provided
we additionally assume that the parametric model under consideration ensures that the ratio
variables

_ Joon (Xi)
oo (X))

arein L.
The next example is simple but important.
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Example 3.2.5 (LEVY MARTINGALE)
Let & be an arbitrary random variable with E|&| < oo and {F, : n € No} be an arbitrary
filtration. Then the sequence of conditional expectations

Xn = EE|Fn), n € No,
defines a martingale called the Levy martingale. Indeed, X,, € L1, since
E|X,| = E|EG|Fn)| < E(E(I§]| Fn) = E|§| < 00,

for all n. The martingale property now follows from the tower property of conditional expec-
tations, since F,, C Fpy1: For n € N we have

E(Xp+11Fn) = ECEE|Fnt1)Fn))
= E(§|Fn)
= X,.
Theorem 3.2.6
(i) If Xy, is a F,-submartingale, then —X,, is a J,,-supermartingale.

(ii) Let X,, be a F,,-martingale and ¢ : R — R be a convex function such that E|p(X,)| <
oo for all n. Then ¢(X,) is a F,-submartingale.

(iii) If {X,} is a submartingale, then
E(Xy) < E(Xm)
holds forn < m.

Proof. Assertion (i) is trivial. (ii) follows from the conditional version of Jensen’s in-
equality, cf. Theorem A.3.1 (xi).

Example 3.2.7 Let X1, X3, ... be independent with X; € L1 and E(X;) =0 foralli € N.
Then S, =Y} Xi, n > 1, is a martingale and S,% a submartingale. Further, the inequality

E(SD) = E(Sp,))
holds for all n.

3.2.0.2 Martingale differences

We are now going to introduce martingale difference sequences, which play a prominent role
in financial statistics. As we shall see later, under an additional moment condition, they form
white-noise processes that allow the powerful machinery of the theory of martingales to be
applied. For this reason, they are a common replacement of i.i.d. sequences in models for
financial data.



90 FINANCIAL MODELS IN DISCRETE TIME

Definition and Theorem 3.2.8 (MARTINGALE DIFFERENCE SEQUENCE (MDS))
Let {M,,} be a F,-martingale. Then the sequence of random variables

€n =My — My, n=1,
is called a martingale difference sequence (MDS). Any such sequence satisfies
(i) Ele,| < oo, for all n.
(ii) {€,}is Fy-adapted.
(iii) E(€y | Fn—1) =0, P-a.s., for all n.

If {€n} is a sequence of random variables such that (i)—(iii) are satisfied, then

n
Ml’l = § eia n 2 07
i=1

is a F,-martingale, such that {€,} is a martingale difference sequence.

Proof. Since M,, as well as M,,_ are F,-measurable, the difference €, = M,, — M;,_1 is
JFn-measurable, for all n. Further, Ele,| < E|M,| + E|M,_1| < oo for all n. Finally,

E(en | fn—l) = EWM, | fn—l) —EM;_1 | fn—l)
=M, 1 —M,_1= 07

a.s. Now let {¢,} be a sequence such that (i)—(iii) are fulfilled. Then M, = > !, €; is F-
measurable with E|M,| < "I E|¢;| < oo for all n and

n—1

E(M, | Furt) =Y €+ E(ey | Famt) = My_1, ass.,
i=1

since ¢; is F;,_1-measurable for i < n — 1 such that E(¢; | F,,—1) = €; a.s.

Martingale differences are centered and, provided they possess finite second moments,
uncorrelated. Indeed, for any m with m < n we have F,,, C F,,—1 such that E(e, | F;,—1) =0
a.s. implies

E(en | Fin) = E(E(en | Fu—1) | Fn) =0,
a.s., which in turn yields E(e,) = E(E(e, | Fm)) = 0. As a consequence,
Cov(ey, €m) = E(€nem) = E(emE(ey | Fin)) =0,

if E(e2) < oo and E(e2,) < oo.
We have verified the following elementary but important result.

Lemma 3.2.9 Ler {M,} be a martingale with differences {€,} satisfying
Eei <00

for all n.
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(i) The €,s are centered and pairwise uncorrelated.

(ii) Var (M,) = Var (My) + Z?:l Var (¢;).

3.2.1 The martingale transformation

Let S, t =0, ..., T, be the price process of a stock, where the initial price Sy is assumed
to be known. Denote the number of shares hold from # — 1 to ¢ by ¢;. We assume that ¢; is
JF;_1-measurable.

Definition 3.2.10 (PREDICTABLE PROCESS)
Let {X,,} be a stochastic process in discrete time and {F,} be a filtration. Then {X,} is called
predictable or previsible, if X,, is F,,_1-measurable for all n.

This means, the porfolios {¢;} form a predictable process in the sense of this definition.
The time ¢ value V; of the investment strategy given by ¢, satisfies the recursion

Vi=Viei + @i(S — Si—1)
and we have the explicit formula

t
Vi=Vo+ Y @ilSi— Sic1)

i=1

forallt =0,...,T.

Definition 3.2.11 (DISCRETE STOCHASTIC INTEGRAL)
Let {X, : n > 0} be a F,-adapted process and {¢, : n > 1} be a predictable process. Then

n
I, = Z%‘(Xi - Xi-1), n >0,
i=1

is called a discrete stochastic integral (with starting value Iy). It is written as

n
In:/ (ptht~
0

To this end, the integral notation in the above definition is formal.

Theorem 3.2.12 Let X, be a F,,-martingale and ¢,, be F,-measurable. Suppose that
on € Ly and X, € Ly,

for all n, with p, q € [1, oo] satisfying % + é = 1. Then the discrete stochastic integral is a
Fn-martingale, and the same holds true for

n n
Xo +/ @dX; = Xo+ Y ¢i(Xi — Xi_1),
0

i=1

for any constant X.
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Proof. By virtue of Holder’s inequality, we have

ElgnXnl < l@nllL, 1 Xnllz, < o0,
for all n. Therefore
n
E|Xo+ Il = E|Xo+ > ¢i(Xi — Xi-1)
i=1

n
< E|Xol+ Y _(ElgiXi| + ElgiX;_1]) < 00,
i=1

which verifies that Xo + I,, € L1 for all n. Since, first, ¢; is F;_i-measurable and therefore
also JF,-measurable, and, secondly, X; is F;-measurable and therefore J, -measurable as well,

we obtain
f,,>

= Xo+ Y E(@i(Xi = Xi- DIFn) + E(@ns1(Xng1 — Xa)| F).

i=1

n+1

E(Xo+ L1l Fa) = E (Xo + ) eiXi — Xi1)
i=1

Notice that fori =1, ..., n,

E(pi(X; — Xi—DIFn) = 0i(Xi — Xi—1)

and
E(@nr1(Xnt1 — X Fn) = onr1 EXn1r — XalFn)
= Onr1[EXn111Fn) — E(Xy | Fn)]
=0.
Therefore

n
E(Xo + L1l F) = Xo+ Y ¢i(Xi — Xiy1) = I.

i=1
All of the above identities hold P-a.s.

Definition 3.2.13 (MARTINGALE TRANSFORM)
In the setting of Theorem 3.2.12, the discrete stochastic integral

n
L= @Xi—Xi-)),  n=0,

i=1

is called a martingale transform.
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3.2.2 Stopping times, optional sampling and a maximal inequality

Suppose the random series Vi, V3, ... represents the value of a trading strategy, say, a long
position in some financial instrument. The question arises what happens if we stop trading
according to some decision rule (exit strategy) N, which takes values in the natural numbers,
such that we stay with the final value V. The corresponding value process is

Vi,Vo,..., VN, VN, ... (3.2)

Assuming that {V,,} is a martingale, say, does the martingale property still apply to the stopped
series (3.2)? Or is it possible to find such an exit strategy such that the series becomes a
submartingale, which would imply that E(Vy) > E(V7), whereas without stopping we have
E(V,) = E(Vy) for all n?
3.2.2.1 Stopping times

It is clear that the decision to either stop at time n or continue trading should be a function of
all the information available up to and including time r, but we cannot use future information.
This means, in mathematical terms, the decision must be a F,,-measurable function. This
leads to the following definition.

Definition 3.2.14 Let {F,} be a filtration defined on the probability space (2, F, P). A
random variable N with values in Ny such that

{N <n}eF foralln € N

is called the stopping time or optional time.

Example 3.2.15 Here are examples and counterexamples.

(i) Let Vi, Va, ... be the value process of some investment strategy such as a buy-and-
hold strategy or some sophisticated trading strategy. Suppose the investor stops his
engagement, if the value process reaches the target wealth v. Then he applies the
stopping time

Ny =inf{t e N:V, > v}.

If, additionally, the investor closes all positions, if the value falls below a threshold
v, then he exits at time

Ny =inf{t e N:V, <vorV, >71v}.

It is easy to check formally, that N1 as well as N, are stopping times in the sense of
Definition 3.2.14.

(ii) Let X1, X2, ...beindependent random variables with E|X;| < oo for all i. Put F,, =
o(X1,..., Xn), n € Ny, and define So =0and S, = > 7, Xi, n € No. Then

N=inf{n >0: §, > 1}
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is a stopping time, since
{(N=n}={S1<1,....85% 0 <1.,$ >1}eF,.
(iii) By contrast,
U=sup{n>0: S, > 1}

is not a stopping time. Indeed, the event {U =n}={S1,...,S,-1 €R, S, >
1, Spt1 < 1, Spy2 < 1, ...} depends on all S;s.

Definition 3.2.16 Let {X,,} be a F,-adapted process and N be a stopping time. Then XV =
{(XN': n > 0} with
Xn, n=<N,

Xyllv = Xmin(n,N) =
XN, n >N,

is called a stopped process.
Using the notation @ A b = min(a, b) we may write X = X, \y.

Lemma 3.2.17 The stopped process can be represented as a discrete stochastic integral,

n n
X}’]Lv =XO+/ (ﬂ[Xm=XO+Z¢i(Xi_Xi71)ﬂ
0

i=1

if we put o, = 1(n < N),n € N.

Proof. This is a simple but instructive exercise. We have

n n
Xo+ Y @iXi = Xi1)=Xo+ Y _1G < N)(X; — X; )
i=1 i=1
nAN

=Xo+ Y (Xi—Xi-1)

i=1
{Xl’la nSNa

XNy, n>N.
It remains to show that ¢, is F,—; measurable. But {n < N} = {N <n — 1}¢ € F,_1.

3.2.2.2 Optional sampling theorems

Optional sampling theorems start with a submartingale or martingale X,, with respect to F,
and consider stopping times N1, N, ..., which are almost surely ordered. This means,

Ny <Ny <.
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where each inequality holds true with probability one. The question arises whether the
corresponding sequence

XNy XNys v -

is again a submartingale or a martingale, if X, is a martingale.
Having in mind what we know about the martingale transform, we can easily establish
the following first result of this type.

Theorem 3.2.18 Let {X,} be a F,,-martingale and N be a stopping time. Then the stopped
process {X ,’1\/ }is a F,-martingale and

E(X,) = E(Xy) = E(X1) = Xo.
If {X,} is a F,-submartingale (supermartingale), then the stopped process {X,Izv }is a Fp-

submartingale (supermartingale).

Proof. {Xflv } is a martingale transformation associated to {X,}, if ¢, = 1(n < N). By
boundedness of {¢,}, the assertion follows from Theorem 3.2.12. The assertion on the sub-
martingale property is shown by straightforward modifications of the proof of Theorem 3.2.12.

The optional sampling theorem has an important interpretation in finance: If an investor
holds a long position in a financial instrument whose price process is a martingale such that
its expected future price given the information until now coincides with its current price, then
there does not exist an exit strategy that breaks that martingale property.

3.2.2.3 Optimal stopping

Suppose X; stands for the value of some financial investment at time ¢, = 1, ..., T. At time
T we know X7 and can easily determine whether the investment was profitable. At time
T — 1 it makes sense to compare the current value X7_; with the conditional expectation
of the future value X7 given the available information Fr_;. Human reasoning suggests to
terminate the investment, if X7_1 > E(Xr|Fr—1), and to stay invested otherwise. Is this exit
strategy optimal in some sense?

Definition 3.2.19 (SNELL ENVELOPE)
If{X,:t=1,..., T} is adapted to a filtration {F; : t = 1, ..., T} and satisfies

E|X;| < o0, t=1,...,T,
then the recursively defined process

Zr = Xr,
Z; = max{X;, E(Z1117)}, t=0,...,T -1,

is called the Snell envelope of {X,}.

Notice that by definition the Snell envelope {Z;} dominates {X,}, that is

thxt, ZZO,...,T
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Further,

Zy = E(Zi1Fo), t=0,...,T,
which shows that {Z;} is a supermartingale.

Proposition 3.2.20 The Snell envelope {Z; : t = 1, ..., T} is the smallest supermartingale
that dominates {X; :t=1,...,T}.

Proof. Let{Y;}be an arbitrary supermartingale that dominates { X, }. We show by backward
induction that

Y > 7Z;, t=1,...,T.

For t = T we have Y7 = X7 = Z7 by definition of the Snell envelope. Assume now that
Y, = Zl‘~ Then

Yio1 = Ei|Fi—1) = E(Zi| Fi-1)
by the supermartingale property and the fact that Y; > Z,. Further,
Yio1 = Xi—1,
since {Y;} dominates {X,}. Therefore
Y-y = max{X;—y, E(Z|Fi-1)} = Zs—1,
which completes the proof.
Now define the stopping time
™ =min{r >0:Z, = X,},
which stops when Z; = X; for the first time. Notice that
(t" =k} ={X0o < Zo, ..., Xk1 < Zik—1, Xk = Zi).
Further, t* takes values in {0, ..., T}, since Z7 = X7.
Theorem 3.2.21 The stopped Snell envelope
7" = Zmingrry,  t=1,....T,
is a F;-martingale.
Proof. We have to show that

E(Z, - ZT|F) =0, t=0,....T—1.
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By Lemma 3.2.17, the stopped process Z,T* can be written as a discrete stochastic integral,
such that for each ¢

*

Z;T = Zmin(r*,t)

t
=Zo+» 16 < ™)Zip1 — Z).

i=1
Hence,
=25 =1+ 1S TN Ze — Z0).
We claim that the above equation still holds true, when we replace Z; by E(Z;+1|F;), that is
T =20 =10+ 1 N Ze — E(Ziy1 |1 F) (33)

forallt =0, ..., T — 1. To verify this fact, fix z. On {¢t + 1 < 7*}° = {r* < 1}, the right-hand
side is zero and we have to check that the left-hand side vanishes as well. But

,r_*H = Znmin(r*,14+1) = Lo
and Zt’* = Z+, such that Zfil — Zt’* =0.0n
t+1<t™={X1<2Z,....X: < Z;}
we have
Zy = max{Xy, E(Zi1|F)} = E(Zi41|F)
leading to

= ZE =10+ 1 < ) Zip1 — Z1)
=1+ 1 < T)Zip1 — E(Zip1 | F)).

Hence Equation (3.3) holds true. Since 1( + 1 < t*) = 1jz+<pc is F;-measurable, we can
now conclude that

E(ZEy = ZD |F) =11+ 1 < ©E (Zis1 — E(Ze | F))Fr)
=10+ 1 < ) (E(Zis1|F) — E(Zi311F1)
= 0,

which verifies the martingale property.

Our aim is to maximize E(X;) among all stopping times that stop latest at time 7. Let us
now denote by 7 7 the set of all stopping times taking values in {k, ..., T},

Tr.r = {7 : T is a stopping time with t(2) C {k, ..., T}}.

Notice that T € 7y, r, since Zr = X7 such that t* < T.
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Definition 3.2.22 A stopping time t € Ty 1 is called optimal for {X, : t =1,..., T}, if it
maximizes the expectation E(Xs) among all o € Ty T in the sense that

E(X7) = sup{E(X,) : 0 € To,7}.
The main result on optimal stopping is as follows.

Theorem 3.2.23 t* solves the optimal stopping problem for {X; :t =1, ..., T} with

Zy = E(X¢+) = sup{E(X,) : 0 € 1o, 7}

Proof. Since the stopped process {Zt’* :t=1,..., T}is amartingale, its mean does not
dependont =0, ..., T, such that

Zo = E(Z§) = E(Z%).
Further, 7* < T implies that
Z% = Zuinee,1) = Zov,
and Z;+ = X+ by definition of t*. Hence,
E(Xy) = E(Zy) = E(Z%) = Zy.
Let € 7y, 7 be an arbitrary stopping time. t* is optimal, if
E(X7) < E(X#).

The stopped process {Z]} associated to 7 is a supermartingale, since the Snell envelope {Z;}
is a supermartingale. Therefore,

Zy=Zj= E(Z}) = E(Zo),

where the last equality follows from Zpminz. 1y = Z7, since v < T. But {Z;} dominates {X,},
such that Z; > X, (argue w-wise), leading to

E(Z;) = E(Xo).
This establishes the optimality of 7* such that
Zy = sup{E(X,) : 0 € To,1}

follows.

Theorem 3.2.23 tells us that t* is indeed the optimal stopping time that maximizes the
expected terminal value E(X;). Further, we see that the maximal value can be calculated by
backward induction, since it is given by Zy, the value of the Snell envelope at time 0.

3.2.2.4 A maximal inequality

We shall now discuss a maximal inequality, which bounds the probability that the
maximal partial sum up to time n exceeds a given bound. Recall that the Chebychev
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i X,‘ > 8)
i=1

that a sum S, = 27:1 X; of i.i.d. random variables X1, ..., X, with E(X;) =0 and ol =
Var (X1) € (0, 00) is larger in absolute value than a given ¢ > 0 can be bounded by

inequality tells us that the probabiliy

P(|Sy| 28):1)(

Var (S,)/e2 = 62 /(ne?).

This means that the probability that a random walk, e.g. a price process, drifts away from its
mean by more than ¢ at time n can be effectively controlled by the second moment regardless
of the underlying distribution of the increments X;. The question arises whether such a result
also holds true for the maximal deviation until time n. This means that we are seeking bounds
for

P ( max Sy > 8) .
1<k<n
Inequalities dealing with such bounds are called maximal inequalities.

Lemma 3.2.24 Let {X,, : n € Np} be a submartingale and N be a stopping time with P(N <
n) = 1 for some n € N. Then E(Xg) < E(Xn) < E(Xj).

Proof. To verify the first inequality, notice P(N < n) = 1| implies that

n
E|Xy| < E (fé‘?é‘n |x,~|) < 2E|Xi| < o0.
=
‘We have
Xmin(N,n) = X, 1(N > n) + Xny1(N < n).

Hence,

Xy =XNyI(N <n)+ Xy1(N > n)
= (Xmin(N,n) — Xn (N > n)) + Xy1(N > n).

Since X min(n,n),n € N,isasubmartingale, E(Xmin(v,n)) > EXo, such that taking expectations
in the second line of the last display yields

E(Xy) = E(Xo) — E(X,1(N > n)) + E(Xy1(N > n)).
‘We may take the limit # — oo and arrive at
E(Xy) = E(Xo)+ lim E(Xy1(N > m) = E(Xo),
by an application of dominated convergence. To show the second inequality,

E(Xn) < E(Xy),
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putg, =1(N <n)=1(N <n—1),n € N, and g9 = 0. ¢, is F,,_1-measurable and

/0 @dX, =Y 1N < )(Xi — Xi-1).

i=1

If N > n, we have [ ¢,dX; = 0, whereas for N < n

n n
/ pdX, = E (Xi —Xi—1) =X, — Xn,
0

i=N+1

such that
n
/ (ptht = Xn - Xmin(n,N)~
0

This identity shows that X,, — Xmin(,v) 1S @ submartingale, since the discrete stochastic
integral is a submartingale. Now we may conclude that

0 n 0, n=>N,
0 0 E(X,) — E(Xx), N <n.

Hence, E(Xy) < E(X,,) follows.

Theorem 3.2.25 (DooB’S MAXIMAL INEQUALITY)
Let {X,} be a submartingale, i.e.

E(X,i1|Fn) = X, P—a.s., foralln € N,

and ¢ > 0 be a constant. Then X;} = max(0, X,) satisfies the inequalities

e P((max X¢ = ¢) = E(Xa gy, x20)) = EXif

0<k<n
In particular,
E(X;))

P( max X,‘: ZC) <
c

0<k<n

Proof. Let N = inf{l < k < n : X} > c} where, by convention, inf § = 0. Thus, N is the
smallest time k such that X exceeds the level ¢, or otherwise k. On the intersection of the
sets {N < n} and

A:{max X,jzc}z{max szc}

0<k<n 0<k=<n
we have X > c. Therefore E(Xy14) > E(cly) = ¢ - P(A). It remains to show
E(Xn1a) < E(X,)) = E(max(0, X,)).
Lemma 3.2.24 tells us that E(X,,) > E(Xy). Thus,
E(Xy) = E(Xn14)+ E(XN1ac).
On A€ we have N = n, such that E(Xy14¢) = E(X;,14¢).
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Hence the above inequality is equivalent to E(X,14) > E(Xyl4), since the term
E(X,14¢) cancels. Finally, by definition of X;', X,14 < X;/14 yielding

E(X;)) > E(Xy1a),

which completes the proof.

We are now in a position to formulate the Kolmogorov inequality, which provides the
generalization of Chebychev’s inequality discussed at the beginning of this subsection. It
appears as a special case of Doob’s maximal inequality.

Corollary 3.2.26 (KOLMOGOROV INEQUALITY)
Let &1, ..., & be iid. with E(§)) = 0 and E(§3) < 0o. If Sy = Y1, &, then S2 is a sub-

martingale and for any ¢ = &, & > 0,

E(S?)  E(S?
P( max |Sk|ZS>=P( max |S,%|Zc>§ ( ")= ( ").
1<k<n

1<k<n Cc g2

3.2.3 Extensions to R¢

Let us extend some of the definitions and results, which are confined to processes attaining
values in R, to series {X,,} with values in R for some integer d > 1. To this end, we denote
by || - || an arbitrary vector norm on R? and assume that we are given a sequence of random
variables X, : (2, F, P) — (R?, B4), where B¢ denotes the Borel o-field on R?. It is natural
to say that { X, } is a F,,-martingale if X,, is F,,-adapted with E|| X, || < cocand E(X,,+1 | F) =
X, a.s., for all n. Here and in what follows, for any random vector X = (X1, ..., X4) and a
(sub-) o-field A E(X|A) = (E(X1|A), ..., E(X4]A)) . Clearly, notions such as predictability
require no modifications.

Definition 3.2.27 Let {X,,} be a Fy,-adapted process with values in R? and {¢,} be a pre-
dictable process also attaining values in RY. Then the R-valued process 1, : (2, F, P) —
(R, B), defined by

n
L =) ¢i(Xi— Xiz)), n=0,
i=1

is called a (multivariate) discrete stochastic integral and written as

n
[n:/ (p;dX[
0

Theorem 3.2.12 carries over in the following form.
Theorem 3.2.28 Suppose {X,} is a F,,- (sub-) martingale and {¢,} F,-adapted. If
lonll € Ly and | Xl € Lg,

where p, q € [0, oo] with ]; + é =1, then I, is a F,-(sub-) martingale, and the same holds
true for Xo + I, for any constant X.
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Proof. We may follow the proof of Theorem 3.2.12 using

n
E|Xo+ I,| < E|Xol + Y ElgiXill + g} Xi1ll < oo,
i=1

since by virtue of Holder’s inequality
) 1/p 1/q
Ellg;Xill < E(lleill - 1 X)) < (/ Ilfpill”dP> . (/ ||Xi||qu> < 0.

3.3 Stationarity

In order to be in a position to draw conclusions from a time series X1, X», ..., the observa-
tions must be comparable in some appropriate sense. What are, in a certain sense, minimal
assumptions to make basic formulas such as sample averages meaningful?

Suppose we observe the first T observations X1, ..., Xr. If those observations are identi-
cally distributed, they have the same mean, E(X;) = E(X)forallt =1, ..., T, and it makes
sense to average them, in order to average out random fluctuations and estimate their common
mean.

Next, suppose that E(X;) =0forallr =1, ..., T. If we want to estimate quantities that
depend on more than one observation such as the covariance E(X;X;11) between successive
observations, that cross-moment should be the same forallt = 1, ..., T — 1, in order to make
averaging meaningful. This means that all pairs of successive observations

(X1, X2), (X2, X3), ... (3.4)
should have the same mean cross-products,
E(X1X2) = E(X2X3)="---.

A sufficient condition for that property to hold is that these pairs (3.4) have the same law.
These considerations lead to the notion of weak and strict stationarity, which we discuss before
introducing the most important quantities to describe serial dependence.

3.3.1 Weak and strict stationarity

Definition 3.3.1 (WEAK STATIONARITY)
Let {X;} = {X; : t € Z} be a time series with values in R or C.

(i) {X:} is called strictly stationary, if forallty,...,t, € Zandallh € Z
d
(thv vy an) = (Xll-i-h’ ey th+]’l)

holds true.

(ii) A time series {X,} is called L,-time series, if

E|X,]> = E(X,X;) < 00, t ez,
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(iii) A Lo-time series is called (weakly) stationary, if
E(X;) = E(X)), t ez,
and if
E(X:X14n) = E(X1X141),
forall h.

Remark 3.3.2
(i) The term stationary refers to a weakly stationary series.

(ii) Strict stationarity means invariance of all finite-dimensional distributions with respect
to time shifts (also called lags), h € Z.: Consider the h-shift operator

Lp({X:}) = {Xtqn 1t € Z}
and denote by
Htl ..... t,,({Xt}) = (th, ey Xt,,)

the projection onto the coordinates ty, . . ., t,. {X;} is strictly stationary, if and only if

forallty, ..., ty,h € Z.

(ii) Although many results only require weak stationarity, in practical applications one
usually applies at least one procedure that makes use of a central limit theorem, and
those results typically make more restrictive assumptions such as strict stationarity
or that the time series is induced by an underlying sequence of i.i.d. error terms.

Definition 3.3.3 Let {X,} be a weakly stationary time series. Then the function
yx(h) = Cov(Xi4p, Xo), h e Z,

is well defined and is called an autocovariance function. Provided yx(0) > 0, the related
function

vx(h)

, hel,
vx(0)

px(h) = Cor(X1, X14n) =
is the autocorrelation function (ACF).

Remark 3.3.4 We shall denote the T x T covariance matrix of the random subvector
(X1, ..., X71)of a Ly series by

Iy = (Cov(Xi, X)), ;-
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if the dependence on the dimension matters, by I'r. Notice that for a weakly stationary time
series

y(0) ya - (T -1
y(1) y© - y(T-=2).
I'r =
yaT -1 - y@ y(0)

It is time for some examples.

Example 3.3.5

(i) Let €, t € Z, be i.i.d. random variables with mean zero and common variance =

(0, 00). It is clear that {€;} is weakly stationary. Define the process
X =¢ —¢€-1, teZ,

of first-order differences. We have E(X;) = 0 and, since E(¢€;€;) = o? ifi = jand
E(eiej) = 0 otherwise,

E(X;Xi1h) = E [(& — €—D)(€rn — €4h—1)]
= E(er€n) — E(er—1€14) — E(€r€r4n—1) + E(€1—1€14n-1)

202, h=0,
=< —0o?, h=-1,1,
0, |h| > 1.

Hence, {X;} is weakly stationary. The associated ACF is given by

1, h=0,
px(h) = —1/2, |h] =1,
0, Ih| > 1.

(ii) Let {X; : t € Z} be a weakly stationary time series with autocovariance function
y(h) = E(XoXp), heZ.
Consider
Y, = X; + Xo, t eZ.
Then one easily checks that
Cov(¥s, ¥y) = y(0) + y(s) + y(1) + y(s — 1).

Hence, {Y;} is not (weakly) stationary.
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The following example looks a little odd: Let X be a random variable X L _Xand
% = Var (X) € (0, c0). Define the time series

X, = (-1'X, reN.
Then {X; : t > 1} is weakly stationary. Indeed, E(X) = 0 implies
E(X;) =0, teN,
and

Cov(X;, Xipx) = Cov ((—1)’x, (—1)f+"x)

— (_1)21+k 0,2
B o2, k even,
| =62, kodd,

Hence, yx(t, t + k) does not depend on t at all.

Nonstationary time series may possess stationary subseries. For example, consider
the following periodic series

. (27
X, =sin| —t | + ¢, t e,
r

where {€;},c7 is weakly (strictly) stationary. The trend function has the period r.
Define forO <h <r

Y = Xt~r+ha teZ,

Then {Y:},c7, is weakly (stricly) stationary.

The following example shows that it is not sufficient to look at the mean and variance
in order to check whether or not a time series is stationary. Let X1, X2, ... be i.i.d.
with E(X1) = 0 and 0® = Var (X}) € (0, 00). Consider the random walk

n
S,,:ZX,», n=1,2,....
i=1

Clearly,
ES,) =0 and Var (S,) = no>.

Hence, {S,, : n € N}isnotweakly stationary, since that would imply that the variance
is constant with respect to n. Let us stabilize the variance and consider
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Then E(S}) = 0 and Var (S)) = o2. Let us check whether S* is weakly stationary.
We have

1
COV(S::, S;:l) = ﬁE(SnSm)

ant|(59) (557)

1 noom
=ﬁE ZZX,‘X]'

i=1 j=1

1 n m
= i > Y EXiX)).

i=1 j=I

But E(X;X ;) = o2 ifi = jand E(X;X ;) = 0 otherwise. Hence,

2

Cov(S?, §F) = ;n_m min(z, m),
foralln, m € N, which is not a function of n — m. This shows that { S} is not weakly

stationary.

Lemma 3.3.6  Strictly stationary Ly time series are weakly stationary, but there exist weakly
stationary series that are not strictly stationary.

Proof. By strict stationarity of {X;},

d d
X1 =X, and (X, Xiqn) = (X1, X148)

for all ¢. Hence, since E(X%) < oo and u = E|X| < oo, we have E(X;) = E(X) as well
as E(X;X:+n) = E(X1X14) for all t and h. Here is a counterexample for a weakly station-
ary time series, which is not strictly stationary. Take independent random variables X; with
marginals

X; ~ N(0, 1/3), if ¢ is even
and
X, ~U(-1,1), if ¢ is odd.

Obviously, {X;} is not strictly stationary. But E(X;) = 0 and Var (X;) = 1/3 for all ¢ as well
as yx(h) = 0 for h > 0, such that {X,} is weakly stationary.

Lemma 3.3.7 The autocovariance function of a weakly stationary process satisfies the
following properties.

(i) y(0) is real-valued and non-negative.

(ii) y(=h) = y(h) forall h € Z.
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(iii) |y(h)| < y(0) forall h € Z.

(iv) y(h) =0, |h| = 1, for an uncorrelated time series.

Proof. Let {X,} be weakly stationary.
(i) Clearly, y(0) = E((X1 — p)(X1 — ) = E|X1]* € [0, 00).
(i) Let u = E(X1). We have
Y(=h) = E ((Xi—n — W)(X; — 1))
— EX, — W Xien — 10)
= E (X = )Xo — )

= E(Xt WX ppn — 1)
= y(h),

for all A.
(iii) This is an application of the Cauchy—Schwarz inequality.
ly(W)] = | Cov(X1, Xi4n)l
</ Var (X)) Var (X11)
(0)?
= y(0).

(iv) Clearly, for h # 0 we have y(h) = Cov(X1, X144) =0
A common replacement for i.i.d. error terms are white-noise processes.

Definition 3.3.8 (WHITE NOISE)

Let {€,} be a sequence of pairwise uncorrelated random variables,
Cov(es, €5) =0 fort # s,

with

E(e,)=0  and Var (¢;) = o2 € (0, 00).

Then {¢;} is called a white-noise process (or series) or simply white noise, denoted by

€ ~ WN(0, o).

Remark 3.3.9

(i) A white-noise process is weakly stationary with autocovariance function

o2, h=0,
y(h) =

0, elsewhere.

107
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(ii) Notice thatthe assumptione; ~ WN(O0, 02) only fixes the autocovariance function but
neither specifies the marginal distributions nor the finite-dimensional distributions.
Therefore, the €; are in general not independent. For these reasons, the assumption

€ ~ WN(0, 6?)
is much more general than

e "% N, ).

(iii) A F;-martingale difference sequence {€;} satisfies, by assumption,
E|€t| < o0 and E(€t|ft—1):0

for all t. If, in addition, €; is a L series, then {¢;} is uncorrelated, cf. Lemma 3.2.9
and the preceding discussion. Therefore, a Ly MDS is a white-noise process, but the
MDS property provides more structure, namely that the conditional means E(€;|F;—1)
vanish, which implies E(€;) = 0, whereas for a white-noise process we only have
E(e;) = 0, but this does not imply E(e;|F:—1) = 0.

The autocovariance function
y(h) = Cov(X1, Xi+n), heZ,

of a weakly stationary process {X;} with mean u = E(X1) is a meaningful approach to
measure serial dependence. The weak stationarity implies that the random variables

(Xt — W) (Xen — 1), t=1,...,T —h,

have the same expectation, namely y(%). Thus, it makes sense to average them and consider
the estimator

_ (-
yriy = —— t;(xﬁh — W(X; = o),

provided p is known to us. It is straightforward to check that

E(yr(h)) = y(h),

whatever the value of y(h). Hence, y7(h) is an unbiased estimator for y(h).
Since u is unknown in practice, one replaces it by the sample mean.

Definition 3.3.10 Let {X,} be a time series. Then

T—h
prin = ;(XM X)X, —X7), O0<h<T-1,
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is called an empirical or sample autocovariance function. If 7(0) > 0, then

5 o Y
prihyi= =g h=0,

is the empirical or sample autocorrelation function (ACF).

Notice that those estimators sum up 7 — & terms but use the factor 1/7T instead of
1/(T — h). This is common in time-series analysis, since usually T is quite large, such that
the difference is negligible.

The autocovariance matrix "7 is then estimated by

yr(©  yr(1) - yp(T—1)
N yr(1)
I'r =
: : yr(l)
yr(T—1) - yr(1)  yr0).

Figure 3.2 depicts the sample autocorrelation function for log returns of Credit Suisse.
There seem to be no significant autocorrelations, which is a rather typical picture for daily
returns of an asset. The horizontal lines correspond to confidence intervals for the sample
autocorrelations. They are are based on the fact that

JTr(h) — y()] % N©, 6*)

1.0

0.8

0.6

ACF

0.4

0.2

00 |||||||I|I||||-

Lag

Figure 3.2 Sample autocorrelation function of the log returns for Credit Suisse from
2/10/2003 to 9/1/2005.
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and
T (Br(h) — p(h)] % N, 1),

as T — oo, provided the X; are i.i.d. with common variance = (0, 00) and a finite moment
of the order 4 4+ § for some § > 0, see Theorem 8.8.3. Therefore, an asymptotic signifi-
cance test for testing the null hypothesis Hy : y(h) = 0 against the alternative hypothesis
Hi : y(h) # 0 is given by

o { Lo Pl > @7 —a/2)/VT,

0, otherwise.

Further, a confidence interval for p(h) is given by

o1 —a/2)
—m

That is, for & = 0.05 the sample autocorrelation pr(h) should lie between —1.96/ VT and
1.96//T.

pr(h) +

Lemma3.3.11 T7is positive semidefinite for all T > 2.

Next, consider the dependence measure
P(X;>0,X;4p >0)=EQAX; >0, Xy, > 0)). 3.5)

If X; is the return of an asset at time ¢, that measure considers the joint probability that two
returns with time lag # have both a positive sign. We could compare that value with the
corresponding probability 1/4 we obtain when the returns are independent and symmetrically
distributed around zero. Notice that weak stationarity does not ensure that Equation (3.5) is
invariant under time shifts, since Equation (3.5) can not be written as a function of the mean
and the autocovariance function. But we may regard Equation (3.5) as a functional t defined
on the set

P = {P: Pis a probability measure on R?}
evaluated at Px, x,,,) € P, if we define 7 : P — R by
(P) = P{(x, y) € R?:x > 0,y > 0}),
for P € P. Suppose now that X1, X», ... is strictly stationary. Then the random vectors
(X1, X14n), (X2, Xo4n), - ..

have all the same distribution and therefore represent identically distributed random vectors.
Thus, it makes sense to consider the estimator

T—h

> X >0, X, > 0),

t=1

- 1
T7r = —
=7 h

which is easily seen to be an unbiased estimator for T(P(x,,x,,,))-
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The question arises whether transformed processes such as 1(X; > 0, X1 > 0) are again
strictly stationary. Indeed, this nice property holds true.

Proposition 3.3.12 Let X¢, X1, ... be a strictly stationary series and
g:RN°—>R, (x0, X1, ...) > glxo, x1,...)
be a measurable mapping. Then the series
Yie = g(Xk, Xi1, .- 2), keN,

is again strictly stationary.

Proof. We shall show that
P((Yo, Y1, ...) € B) = P(Yk, Yk+1,...) € B)

holds true for all measurable sets B C RNo. This implies strict stationarity. Put x =
(x0, x1,...) € RNo and define the functions

8k(x) = g(xk, Xk41, .-+ ),
for k > 1. For a measurable set B C RNo 1t
A = {x:(g0(x), g1(x),...) € B}.
Now we have, by definition of A,

P((Yo, Y1,...) € B) = P((go(Xp, X1, ...), 821(X0, X1,...),...) € B)
= P((Xp, X1,...) € A)
= P((Xg, Xj+1,--.) € A)
= P((Yk, Yk+1,...) € B),

which completes the proof.

3.4 Linear processes and ARMA models

The working horse of classic time-series analysis is the machinery developed for ARMA
models. They appear as special cases of linear processes. Therefore, we start with linear
processes and discuss some important basic concepts related to them such as series in the lag
operator and inversion, and then specialize to ARMA processes.

3.4.1 Linear processes and the lag operator

Definition 3.4.1 Let {X,, : n € I} be a set of random variables defined on a common proba-
bility space with index set I = Nor I = Z and let {a,, : n € I} be a set of real numbers. Then
the formal series

Yt:ZaiXt—i» tel

iel
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is called a linear process or linear filter. A linear process is called causal, if a; = 0 for
i<O.

Notice that in the above definition arbitrary sequences {X,} are allowed. However, often
i.i.d. or white noise sequences are considered.
A simple example of a linear process is the time series {Y;} defined by

Yi=aoX; + a1 Xi1 + - +agXi—g, teN,

i.e. a linear combination of X;, ..., X; 4. Such a process is called a moving average process
of order g, abbreviated by MA(g).

Linear filters can be expressed via the lag operator, which is formally defined on the
space of all sequences of real numbers and random variables, respectively, by

L({Xn}) = {Xn-1}.
Here {X,,_1} = {X,,—1 : n € Z} denotes the shifted series, i.e.
LUX,}) =1{Z,} if and only if Z, = X, for all n.
It is common to write the series L({X,}) element-wise, even if one means the whole series:
L(X,)=LX, = Xn-1, neZ.
Obviously, the operator L is linear, this means it satisfies the following rules of calculation
(i) L(X, +Y,) = L(X,) + L(Yy) for any series {X,} and {Y,}.
(i) L(aX,) = alL(X,) for any scalar a.
We can consider the composition L2,
L*(Xp) = L(L(X,)) = L(Xy—1) = Xu_2,
and more generally powers of L,
LEX, = L (X)) = -+ = Xy
for k > 2. Further, one denotes by L° = 1 the identity operator
1 X, =X,.
Finally, one can also introduce negative powers by
L™ Xy = Xut

for k > 1. Consequently, one can study polynomials in L such as 4L3 — L? + 2L + 3, which
yields

(AL3 — L? + 2L +3)(X,) = 4Xp—3 — Xp—2 +2X—1 + 3X,,

when applied to {X,,}.
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Thus, polynomials in L make sense and are called lag polynomials. More generally, one
can also define (formal) lag series operators

O(L) = Z 6;L!
ieN
with coefficients 6; € C, given by

(L)X, = O(L){Xn D)y = ZQan—i-

When a lag series is given by coefficients {6;}, the associated lag series operator (acting on
sequences) is frequently denoted by 6(L), and the notation 6(L) often means the coefficients
are {0;}. Although not in all instances, we shall often follow this convention.

We see that linear processes can be nicely written as Y, = 6(L)X,, vialag operators of the
form O(L). The question arise when this formal series exists in L, or even a.s. and whether
one gets a stationary process when {X,,} is stationary.

Let us consider the important case of a causal linear process with white-noise innovations,

o0
Xi=> yne k., &~ WN(O, 0%,
k=0

for some o2 € (0, 00). We claim that X, is stationary, provided that the condition
o
Z 1//,% <00
k=0

holds true. Indeed, under that condition the truncated series X E") =Y i_o Vre€r—k satisfies for
n<m

m
E(X{" — X{")? = > v Covier k. €-1)
kl=n+1

m
2 2
=0 ) Wi,
k=n+1

which tends to 0, as n, m — oo. Hence, {XE") :n > 1} is a Ly-Cauchy sequence, such that
the limit

Xi = y(L)er =Y Vi,
k=0

exists in the L sense. A similar argument ensures the validity of E(X;) = 0 and the following
calculation of the autocovariances:

yx(h) = Cov(X:, Xiyn)

o0
= > V¥ Covler+, €ryn—1)

k,1=0

=0 VWi

k=0
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for any lag i € Z. This shows that X; = ¥/(L)e; is stationary. It is worth mentioning that the
convergence of the above series is straightforward for the important case that the coefficients
Yy are nonincreasing, since then Vgyp < V.

More generally, if {¢,;} is an arbitrary stationary time series with mean p and autocovari-
ances ye(h), X, is stationary with mean

EX)=pY i

k=0

and autocovariances given by

yx(h)= > nvnyl —k+h),  hel.
k,[=0

Definition 3.4.2 The lag operator y(L) =3, VL' is called a Ly filter or absolutely
summable, if Y. || < oo.

For L filters the following results hold, cf. Theorem A.5.1.

Proposition 3.4.3 Let y(L) be an absolutely summable linear filter and {X,,} be a sequence
of random variables.

(i) If sup, E|X,| < oo, then Y,, = Y(L)X, exists a.s. and EY,, = (L), where pi, =
E(X,).

(ii) If sup, EX% < oo, then Y, = (L)X, converges in L.

In particular, the above result tells us that if > i IWil < oo, then one can apply the filter
Y(L) = Zi Y¥; L' to a white-noise process {¢;}, i.e. X; = ¥(L)e; exists (a.s.)
If we are given a lag operator

Y(L) =) 6L,
i
we may formally replace the lag operator L by a complex variable z.

Definition 3.4.4 IfY, = Zi 0; X n—i is a linear process with coefficients {6;} and associated
lag operator series Y(L) = Zi 0;L*, then the (formal) series

Y(z) = Z@-zi, z € C,

is called a z-transform. If /(L) is of the form
Y(L) =1 —91L—~~~—9pr
for some p € N, then the associated z-transform
Y(@)=1—601z—-- — 0,2, zeC

is called a characteristic function (of the filter).
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Example 3.4.5 [t is time for some examples.

(i) If y(L) = >, 0;L" is a Ly-filter, i.e. S0 16il < oo, then Y(2) is a power series,
which converges at least on the unit disc

E={zeC:|z] <1}
(i) If p(L) = S0 a;L', then
a a
P =do+ — + 5+
Z Z

is a Laurent series. If {a;} is absolutely summable, then p(z) exists for all z € C
satisfying |%| <1 <& |zl > 1.

Suppose we are given the following two linear processes

Y, = Zaan—h
i
X, = Zb,'Z,,_,z
i
Let

p(z) = Zaizi and q(z) = Z biz',

be the corresponding z-transforms. Then we may write
Yy = p(L)Xn, Xn =q(L)Z,.
Formally substituting X, by g(L)Z, in the expression for ¥, suggests the validity of the rule
Yy = p(L)X, = p(L)q(L)Zy.
This means
Y, =r(L)Z,
with r(L) = p(L)q(L) or equivalently
r(z) = p(2)q(2),

for all z where p(z) and ¢(z) are defined. This rule of calculations is indeed valid.

Proposition 3.4.6 Let Y, = p(L)X, and X, = q(L)Z, be given by lag operators p(L) and
q(L) whose z-transforms converge for z € C with |z| < p for some p > 0. Then Y, = r(L)Z,
where r(L) is given by its z-transform

o0

r(z) = p(2)q(z) = Z aibjzi+j, z € Cwith |z| < p.
i, j=0
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This means that the composition p(L) o q(L) is given by the product

o
p(L)-q(L)= > aib; L.
i, j=0
Proof. We have
Yo=) aiXp—i
biZn—ii+j)

Il
=}

I
M2 10¢ -0
M2

Il
o

o
aib; L Z, = | Y aibL'LT | Z,,
i, j=0

e

(=]

J:
which shows that Y, = r(L)Z,,, where r(L) = p(L)g(L). But the z-transform of r(L) is, by
definition, r(z) = p(z)q(z) = Z?j:o aib;jz'*7. It is well defined for all z € C with |z] < p.
3.4.2 Inversion

Suppose that a time series {Y,,} can be computed from the series {X,,} by a L; filter (L) =

Zi 9,‘Li, i.e.

Yo =O0L)Xy = 60X . for all n.
i

The question arises whether this equation of sequences, {Y}} ='9(L)({Xn}) can be inverted
in the sense that there exists another (L ?) filter ¢(L) = >, ¢; L such that

Xn = @(L)Y, = Z(piYn_,-, for all n.
;

If that is the case, {Y,,} and 6(L), respectively, is called invertible and ¢(L) = 6~1(L) an
inverse filter. In this case, we can reconstruct the input {X,,} from the output {Y, }. Above we
have learned that filters can be composed. Hence, we have

{Ya} = 0(L){ X0 })
= (L) (@(L){Y,]))
=6(L) - p(L)({Yn}),
since (L) o (L) = O(L) - ¢(L). This equation can only be valid for all series, if
B(L)p(L) = id = 1

holds. We want to derive a necessary condition for the corresponding z-transforms. Suppose
that 6(L) is invertible with inverse L filter {¢(L)}. Since 6(L) and ¢(L) are L filters, the
associated z-transforms exist at least for all z € C with |z| < 1. Thus, their product 6(z)¢(z)
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also exists on the unit disc. This means that the product 6(z)¢(z) represents the constant
function 1 on the unit disc, i.e.

0()e(z) =1, for all z € C with |z] < 1. (3.6)

It follows that

1
=, forall |z|] < 1.
¢(2) e lz| <

Consequently, in order to obtain the inverse filter

0 (L) =9L)=) oL,

one has to calculate the series expansion of the function 1/6(z) on the unit disc and then
resubstitute z — L. This works, because Equation (3.6) particularly implies the following
fact.

Lemma 3.4.7 For an invertible filter the z-transform 6(z) has no roots on the unit disc
{zeC: |zl <1}

Example 3.4.8 Let us consider the two simplest cases of linear filters and polynomial filters
(lag polynomials).

(i) Linear case: Consider
p(L)y=1-—alL.

We claim that p(L) possesses an inverse filter with absolutely summable coefficients,
if lal < 1, i.e. if the root 1/a of the z-transform p(z) = 1 — az lies outside the unit
disc. The inverse filter is given by

1 oo
—1 iri
P ==
i=0
This fact can be shown as follows. The z-transform is p(z) = 1 — az forall z € C. If
7 # 1/a, then
1 1
p @)= 1=
—az
and
p@p @) =1.

For |az| < 1ifand only if |z| < 1/|al, we can expand p~'(z) into a geometric series

o . .
p—l(z) — Zalzl'
i=0
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(ii)

FINANCIAL MODELS IN DISCRETE TIME

If la| < 1, the series p~'(1) = > a' converges. Hence, the radius of convergence is
at least 1.

Lag polynomials: The filter

pLy=1—alL—---—a,LP.

attains an inverse filter p~ (L) with absolutely summable coefficients, if all roots of
the characteristic polynomial

p@)=1—aiz—-—ap,
lie outside the unit dics, i.e.
p@)=0 = |z|> L

To verify this result, recall that any polynomial f(z) = ag + a1z + - - - + a,7"* of de-
gree n can be written as

n
f@=a, ] -2,
i=1
with complex roots z1, . . ., 2. Thus, the characteristic polynomial can be factored as
p()=—ap(z—2z1)-- (2 —zp),

where z1, ..., zp denote the (complex) roots of p(z), which all differ from 0. Write
this factorization as

o (1-2) (- 2) i

Hence, up to the constant C = (—ap)(—1) Hle 2j, the lag polynomial p(L) is the
composition of the linear filters

L .
pilly=1——, i=1,...,p.
Zi

We can expand (the z-transform of) each factor —— / into a power series

1 * /1y .
R — ) Z
1 —z/z JZ_;)(Z:)

with radius of convergence greater or equal to 1, if |zj| > 1. Since the product of
series with convergence radii > 1 is again a series with radius of convergence > 1,
we can write

1 p o0 j ™ '
@) —ap(- 1)% HZ( ) =2 byl

p(2) P =1 j=0 j=0
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for coefficients {b}. These coefficients determine the inverse filter

Py = b;L.
j

3.4.3 AR(p) and AR(00) processes
We are now in a position to introduce autoregressive processes
Definition 3.4.9

(i) A stochastic process {X;} is called an autoregressive process of order p or AR(p)
process, if there exists p € N and coefficients 01, ..., 0, € R with 6, # 0 such that

XI:01X1—1+”'+9[)X1—17+6[’ IGZ,
for a white-noise process {€,}.

(ii) If for some sequence {6,} and a white-noise process {€,}
o0
thzeixt_i+€t, teZ,
i=1

then {X,} is called AR(00) process.
(iii) {X; :t € No} is called an AR(p) process (given X _1{,..., X ), if
X, =01 X; 1+ +0pXp + e, t=0,1,...
for a white-noise process {€;} and coefficients 61, ..., 0, € Rwith 6, # 0.

Notice that we do not require that {X,} is stationary in the above definition.

Example 3.4.10 Consider the AR(1) equations
X = pXi—1 + €, teZ,
with |p| < 1. Using the definition of the lag operator, the above equation can be written as
(L)X = &,

where p(L) = 1 — pL. Hence, the characteristic polynomial is given by p(z) = 1 — pz. All
roots of p(z) lie outside of the unit disc, such that

p()#0  forallz € Cwith|z] <1,

if and only if |p| < 1; we have anticipated that condition above. Hence, we can invert the
filter p(L) by determining the series expansion of 1/ p(z), which is, of course, given by

1 ©
oy
i=0

) -
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It follows that the representation of { X} as a linear process is given by
x .
Xi=(—pL e =) plei. (3.7)
i=0

This representation particularly allows us to calculate the autocovariances of X; as

o0 o0
vx(h) = Cov Z 0 €rrh—is Z ple;
i=0 =0

o o . .
=> > pMyeth —i+ ).
i=0 j=0

J

Observe that ye(h — i + j) = o2 iff. i = h + j and = 0 otherwise, such that

yx(h) =0 p*p"

o
1 —p?
We see that the autocovariances decay at an exponential rate,
a(h) ~ e,

with y = —log(p) > 0.

Example 3.4.11 Consider now the AR(1) process with starting value 0, i.e.
Xo=0, X;=pXii+e&, t=1,  &~WNO,0),

which are nonstationary but converge to a stationary process, ast — o0. Indeed, notice that
X0 =0, X1 = €1, Xo = pe1 + € and, in general,

t—1

t
Xe=) pla=) plea. (3.8)
i=1

i=0

which is close to the stationary solution Y ;2 p'e,_; of the AR(1) equations; the Ly distance

is
o 2
E (Xt—Zpie,_i) =0 szi.
=0 i>t

The variance of Equation (3.8) is
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which depends on t. Obviously, we have

2 o
oy > —, t — o0.
I—p
Further, for h > 0

t t+h
COV(XI, X[_;,_h) = COV Z ptilei’ Z pt+h*]6j
i=1 j=1

t
— UZ,Oh Z pZ(t—l).
i=1

Thus, the autocovariances also depend on t, but they converge,

o2 oh

—p

Cov(Xy, Xyp) — 1 3

ast — oo. Forlarge t the differences between Equation (3.8) and the stationary solution (3.7)
are small and often ignored.

The following useful result establishes conditions such that a stationary AR(p) process
can be represented as a MA(00) process, i.e. as a linear process.

Proposition 3.4.12 An AR(p) process
P
Xi=) 0Xiite,  teL  &~WNO o),
i=1

attains a representation as a stationary MA(00) process

o
X, = Z Ci€r—i,
i=0
if all roots of the lag polynomial
p(2)=1—61z— - — 0,77, zeC,

lie outside the unit disc.

Proof. Notice that the AR(p) equations are equivalent to

p
a@=X - 60X, =pL)X,. teZ.
i=1

That equation is invertible, if p(z) = 0 implies |z| > 1. Then

o0
X = P(L)_léz = Zcietfiv
i=0
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where the coefficients ¢; are determined by solving

S
Ciz =
Py p()

with D, |c;] < oo. This means, X, can be obtained by applying a L; filter to ¢, thus being
stationary.

In general, the coefficients ¢; of the MA(oco) representation X; = g(L)e; = Z;ﬁo Ci€r—i
can be calculated as follows. With p(L) =1 — 61L — - -- — 0, L? we have the identity

q(L)p(L) =1,
which is equivalent to
(co+ciL+eal>+-- )1 =6 L —---—0,LP)=1.
Clearly, the left-hand side equals
o+ (c1 —01co)L + (c2 — B1c1 — brco)L* + -+ (¢; — O1cimy — - — Opcip)L' + - -
Comparison of the coefficients now leads to the solution

co=1
c1 = 01co =01
¢y = 01c1 + 09 = 9% + 6,.

Put differently, fori > 1 withc_, = --- = c¢_1 = 0 one has to solve the difference equations

C()Zl, Ci—elci_l—---—epci_pzo.

3.44 ARMA processes

Definition 3.4.13 (ARMA(p, q) PROCESS)

(i) {X;:t € Z}iscalled ARMA(p, q) process, p, g € N, ifit is stationary and satisfies
Xi =1 X1 — - —0pXi—p =€ + 0161 + 0461, teZ,

for constants ¢, ..., ¢p, 01, ...,0, € Rwithd, #+ 0and 6; # 0 and a white-noise
process {€;}.

(ii) {X;:t € Z}iscalled ARMA(p, q) process withmean y, if X; — u ~ ARMA(p, q).

(iii) A ARMA(p, q) process is called causal (with respect to Z; ~ WN(O0, 62)), if X; =
Yo ViZi—i for some filter {y;. : k € No}.
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Define the lag polynomials

p@)=1—¢1z—---—¢pz’,
0(z) =14+01z+ -+ 6427,

for z € C. ¢ is called an AR lag polynomial, 6 is called a MA lag polynomial Then the
ARMA(p, g) equations take the form

A(L)X; = O(L)e;.
In what follows, we assume that the lag polynomials have no common roots.

Theorem 3.4.14 Let {X,} be a stationary ARMA(p, q) process with lag polynomials ¢(z)
and 6(z),

O(L)X; = O0(L)e;.
Suppose that the roots of ¢(2) lie outside the unit disc. Then
Xy = ¥(L)e

is a stationary and causal ARMA(p, q) process with coefficients given by ¥(z) = Z?io %Zi,
where

I+ 601z + -+ 0429
Y(z) = =,
l—grz—-—¢pzP

for|z| < 1.

Proof. For a white noise ¢, the series Y; = 6(L)e; is stationary. Provided the roots of ¢(z)
satisfy |z] > 1, we may solve ¢(L)X; = Y.

The following standard example is instructive to understand the above result.

Example 3.4.15 Consider a ARMA(1, 1) process given by
X — X1 = € + 061,

with coefficients ¢ + —0 to ensure that the lag polynomials have no common root. To deter-
mine the coefficients ;, i > 0, consider the equation

o]

> i =y(2) =

i=0

0z) 146z

p(z)  1—¢z
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Notice that

1+60z
1—¢z_

(1+62)> (¢2)

i=0

= (1+6z) (1 +Z(¢z)l‘>

i=1

=14+ (p+0) "7

i=0

Hence, Yo = 1 and V; = (¢ + 0)¢' ™!, fori > 1.

3.5 The frequency domain
3.5.1 The spectrum
Let {X,} be a stationary process with

n = EXy),
vn = Cov(X1, X141), h e Z.

The function

oo
ex(@ =Y nd
k=—00

is called an autocovariance generating function, provided it exists. A sufficient condition
for gx to be well defined on the unit disc is the summability of the autocovariances. Notice

that y, = ¢'%(0)/k! for k € No.
In what follows, let us agree to define 1 by 12 = —1.

Definition 3.5.1 Let {X;} be stationary with autocovariance function {yy} satisfying
> i vkl < 00. Then

1 —1lw 1 —1wk
= == , eR,
fx(®) o gx(e™®) 2 2 Yke w

is called the spectrum or spectral density of {X;}.

In time series analysis the notation fx for a spectral density is widespread. To avoid
confusion with probability densities, we shall denote them by fx(w). Using the formulas

e ™' = cos(wk) — 1sin(wk), e K 4 ' = 2 cos(wk),
which is a direct consequence of Euler’s identity

e'* = cos(z) + 1sin(z),
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and the symmetry of the autocovariances, i.e. y_¢ = k., leads to the frequently used formula

1 ad —
@) = (Vo +2) cos(wk)) = k_X_joo Vi cos(wk).

k=1

Since fx(w)is periodic with period 27 and even, i.e. fx(—w) = fx(w), itis common to study
it for w € [—m, 7].
It is further worth mentioning that, since f fﬂ cos(wk)dw = 2r1(k = 0),

T 1 T
frwdo=—> "y / cos(wk)dw = yo = Var (X)),
2 p

— -
i.e. when integrating the spectral density over [, 7], one obtains the marginal variance of
the process.
For linear processes, there is a nice formula that allows the spectral density from the
z-transform to be calculated.
Lemma 3.5.2 For a linear process X; = E/ﬁo Yi€r—k, € ~ WN(O, o2),
gx(2) = Y @Y,

such that the spectrum is given by

o2

Ix(@) = (e )P(E),

2

where Y(z) is the z-transform. More generally, gx(z) = ¥(z~)ge(2)¥(z) holds.

Proof. To calculate gx(z) = >, Yiz* plug in the formula
yx®) =D " Wivrjyelk+i— j)
i
to obtain

ex(@ =Y > > Wiyl +i— .
ko0

Now the substitution 2 = k 4+ i — j, such that K = zhz71z7, leads to

gx(2) = <Z wiz—’) (Z Ve(h)zh> > v
i h J

which equals Yz Dge(2)¥(2), where g(z) = o2 for a white-noise process {¢;}. Hence, the
result follows.

Remark 3.5.3 Notice that

fx(@) = > W),
b4
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since Y(z) = Y(z) and e'® = e™'?,
Again it is instructive to illustrate the formula by means of the following standard example.

Example 3.5.4 Consider a stationary AR(1) process
X=X 146, e~WNO,0%).

Then the spectrum fx(w) is given by

=2 :
X = T —2¢cos(w) + ¢2
Indeed, we have
(@) = o? 1 1
X T g0 1 — geto
_ o? 1
C 2 |1 — gerw)?
o2 1

= 27 |1 — ¢cos(w) — 1sin(w)|?
1
T (1 — peos(@)? + ¢ sin’(w)
o? 1

- 2 1 — 2¢ cos(w) + 2~

Let us consider an ARMA(p, g) process
L)X, =6(L)er, & ~WN(O,0%),

with lag polynomials ¢(z) =1 —¢1z2 —--- — ¢pz” and 6(z) = 1 + 01z + - - - + 6,z%. Since
X, = % .— € the spectrum is given by

_ 0% 6(z) 6z
X = S 0 $E )| e

which turns out to be

02 14617+ + 0,79 14618 + -+ - + 0,'9”
2l — e — ... — ¢pe—1pw 1 —¢rew —... — ¢pelpw

3.5.2 The periodogram

It is natural to estimate the spectrum by substituting the autocovariances by some empirical
counterpart such as
T—h
Prn) = ~ > (X = X)(Xeyn — X1). Yr(=h) = Pr(h)
yr T t t+ > )

t=1
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or
1 T—h
vriy == XiXiwn, Pr(=h) = yr(h).

t=1

Here X7 = 1 31 x,.

Definition 3.5.5 The random function

T-1

1 ~ _
Ir@)=>— > e
h=—(T—1)
is called a periodogram and
=
I 5 —1wh
Jr@)=—— % yrne™
h=—(T—1)

is the centered periodogram.

Lemma 3.5.6 A periodogram and centered periodogram satisfy

T
E Xte—la)f
=1

2

)

1
IT(w) = AT
2

1
Jr(w) = AT

El

T
> (X = Xpe !
=1
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The following important result, a version of Herglotz’ theorem, shows that the autoco-

variance function is determined by the spectrum.

Theorem 3.5.7 Let {X;} be a stationary process with autocovariances {yy} satisfying

Dok 17kl < o0

(i) It(w) is asymptotically unbiased for the spectral density fx(w), i.e.

Jim E(I7(w) = fx(@).

(ii) The spectral density fx(w) is even, non-negative, continuous and determines the

autocovariance function via

Yh = /77 cos(wh) fx(w)dw, h e Z.

—TT

Proof. In order to show the continuity of the function

1
fl@) = fx(@)= > yicos(n),
t

(3.9)
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it suffices to show that series converges uniformly. But |y, cos(wt)| < |4 for all 7 and all @
such that | fx(w)| < >, vkl < oc. Recall that the functions

1
@o(t) = E,
1
or(t) = ﬁ cos(kt), keN,

form an orthonormal system w.r.t. the inner product

(fg= f(x)g(x)dx

-7

for functions f, g € Lo([—m, 7]; 1). Since f is continuous on [—z, ] with f(—m)
we have uniform convergence of the Fourier series

= f(m),

F@) = (£ o).

k=0
This means,

Flx) = / f(t)dt—i—ZZ f(t)cos(kt)dt cos(kx)

- Z f(t) dt cos(kx).

keZ
Comparing this representation with Equation (3.9), we obtain

T

Vi = f(t)cos(kt)dt,

-7
for all k, since the coefficients in the Fourier series expansion are unique

To proceed, notice that Lemma 3.5.6 immediately yields the non-negativity of Ir(w),
which implies E(I7(w)) > 0 as well. Let us consider that expectation in greater detail. By
linearity,

T
E(I7(w)) = —T Z E(X X,)ewt™)

1 T
Z 71\6"0('?_{).
T

Here the T2 elements of the symmetric matrix with entries yj;—,e'®“~ are summed up
Summing over all diagonals and using e'“¢~" 4 ¢~ = 2 cos(w(s
that the matrix with elements

— 1)), which implies

1w(s—1
st = Y|s—1|€ (s=1)
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satisfies ag + a; = 2y|5—¢ cos(w(|s — t])), we obtain

1
E(Ir(w)) = o Z (1 — |;|) ¥; cos(wt).

lt|<T

The last expression can be written as an integral w.r.t. the counting measure dv(z) on Z!,
[ Frsoroo.
if we put

1 7]

= 1——) cos(wt), t1<T-1,
Fr) = (1= ) vecostn, 1

0 [t| > T — 1.

)

This means that we know that
0 < E(I7(w) = / Fr(t: ) dv(o).

We will now apply dominated convergence to conclude that the non-negativity also holds for
the limit. To do so, notice that | F7(t; w)| < |y;| for all t € Z and

/|yt|dv(r> =Y Inl<oo

teZ

by assumption. Thus, t — |y;|17(¢) is a dv-integrable dominating function. Further, F7(#; )
converges pointwise, namely

1 t 1
Fr(t,w) = o <1 — |T|) cos(wt) — gyt cos(wt),

as T — oo. Therefore,
0< /FT(t;a)) dv(r)

— /Ly,cos(a)t)dv(t)
2

1 o
= — Z ¥ cos(wt)
2w =

= fx(),

as T — oo, which completes the proof.

We have shown that the spectral density fx(w) is non-negative and satisfies
ffﬂ fx(w)dw = Var (X;) < co. Hence, it defines a finite measure.

! For the counting measure dv and a real-valued function we have f f(x)dv(x) = Znez f(n), provided the series
exists.
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Definition 3.5.8 The measure on ((—m, ], B(—m, ]) given by
vx(A) = / fx(w)dw, A C (—m, 7] Borel-measurable,
A

is called the spectral measure of {X,} (or fx(w)). The associated (generalized) distribution
function

FX(&))Z Y fX()")d)"s we(_n9 T[]’

-7

is called the spectral distribution function.

Since a spectral density can be defined as long as we are given an autocovariance function
(not necessarily of a stationary process), the spectral measure and the spectral distribution
function can be defined for a given autocovariance function as well.

Remark 3.5.9 When dealing with a process {X,} taking values in C, one obtains the
representation

s
e = [ e (o) do.

-
or, equivalently,

yx(h) = / i e"dFy(w) = / ! e dvy ().

-7 -7

One can generalize the above results and omit the assumption of a summable autocovari-
ances, which, however, simplifies the arguments and provides more transparent proofs, since
then the spectral density exists. The general result is as follows.

Theorem 3.5.10 (HERGLOTZ’ LEMMA)

(i) Lety : Z — C be a positive semidefinite function. Then there exists a unique spectral
measure v, such that

y(h) = / " dvw),  heZ (3.10)
(—m,7]

(ii) If v is an arbitrary finite measure on (—m, 7] equipped with the Borel-o-field, then
Equation (3.10) defines a complex-valued positive semi-definite function on Z, i.e. an
autocovariance function of a stationary process.

Remark 3.5.11 The spectral distribution function Fx(w) of a process {X;} with autocovari-
ances yx(k) satisfies

Fx(m) = f(w)dw = yx(0) = Var (X;).

-7
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Since Var (X;) < oo,
Gx(w) = Fx(w)/Fx(n), w € [—m, 7],

Gx(w) =0 for w < —m and Gx(w) =1 for w > m defines the distribution function of a
probability measure on (—m, ). It is related to the autocorrelations via

oy = VX _ /n " dGy(w),  h el
vx(0) —

If a process {X;} does not possess a spectral density, then one studies the spectral distri-
bution function. If particularly

yx(h) =" ae "
j

for coefficients o; € R and fixed frequencies w; € [—m, 7], then the formula yx(h) =
J7_eh dFx(w) shows that

Fx(@) = o8y, (o),
J

where §, denotes the one-point (Dirac) measure in the point a. The spectral distribution
function is concentrated on the set {w;} and assigns the mass «; to the frequency w;.

The following example shows that, first, the above case is not artificial, and, secondly,
makes clear why we call w; frequencies.

Example 3.5.12 Consider the random periodic function
X; = A cos(wt) + Bsin(wt), tez,
for a fixed frequency w € (—m, ] and random and independent amplitudes A and B. Assume

that E(A) = E(B) = 0 and Var (A) = Var (B) = 62 € (0, 00). A straightforward calcula-
tion shows that

elwh _’_eﬂwh
yx(h) = o? cos(wh) = ozf
Hence, the spectral distribution function is given by
0, A< —o,
Fx(\) =% 0?/2,  re[-w, ),
02, A > w.

Fx assigns the mass o /2 to both points —w and w.
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3.6 Estimation of ARMA processes

The estimation and inference for ARMA time series is usually based on maximum likelihood
by assuming that the white-noise series driving the process is an i.i.d. sequence of normally
distributed random variables.

Suppose we are given a stationary ARMA(p, g) process with mean x, such that

Xi—p—=1(Xe1 =) =+ = p(Xp—p — ) = 0161 + -+ - + 0461 + €,
or equivalently
ALYX; — ) = 0(L)&
with lag polynomials ¢(L) = Z?:o d),-Li and O(L) = Z?:o 0;L! with ¢o=1and 6y = 1.

Suppose that ¢(z) has no roots on the unit disc. Then we may invert the process and obtain
the representation of X, as a linear process,

Xy =+ YL,
where Y(L) = Y32 ¥ L' satisfies y(2) = 0(2)/$(2) = 3520 Wiz’ |zl < 1.
Since linear processes are Gaussian processes, the finite series X1, ..., X7 is multivariate
normal, such that
(X1,..., X7) ~ N(u, o> Z()),
where the covariance matrix (%) depends on the parameter vector

O =(¢1,....¢p,01,...,0,).

The exact likelihood function is then given by

T/2 B , o
) det(E)’l/z exp {_ (x — ul) Z(ﬁl (x—pul) } ’
20

L, p, %|x) =
@, 1, 0%1x) (2n02

where x = (x1, ..., x7) is the observed realization of X1, ..., Xrand1=(1,...,1) € R4,
There exist efficient algorithms to compute L(9, i, 02|X = x) or the log likelihood. It is
maximized over the parameter set defined by those parameter values leading to a stationary
solution of the ARMA(p, q) equations.

For AR(p) models, it is also common to consider the conditional likelihood.
The rule fx,y) = frxfx allows us to factorize the exact likelihood for a sample
X—P+1’ ey X(), Xl, ey XT, since

JX g Xy = IXIXC e Xe ) FXC 1 X0

..........

[
T~
=
=
1
+
S
L
Y
5
a1
+
%
<
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Given X_,41, ..., Xo, the last factor can be ignored. This means that it is sufficient to
maximize the conditional likelihood

T
Le(P|xy,...,x7) = H IX0 X X)Xt Xy oy X153 D),
=1

where ¢ = (01, ..., 0p), and any maximizer is called a maximum likelihood estimator. For
an AR(p) model with u = 0, we have X; — Z‘}’:l 0;X;—j~ N, o?) leading to

2

2no

T/2 1 I p
Lc(z?|X1,...,XT)=<2> exp —EZ X =) 6;X,_;
=1 j=1

It follows that any minimizer of the least squares criterion

2
T

P
0 =>" (X = 0;X_;
j=1

t=1

is a conditional ML estimator and those minimizers are solutions of the system of linear
equations

Frﬂ +§T = 0,

where

T T p

~ 1 - 1

I'r = (T ;1 Xt—rXt—s> ) 8T = (T ;1 XtXt—r> 1 .
= = r=

r=1,...,ps=1,....p

This shows that the resulting conditional least squares estimator 7 depends on the time series
through the sample autocovariances.

3.7 (G)ARCH models

The models studied so far dealt with the modeling of dependence structures and conditional
first moments. We shall now study a celebrated class of models aiming at modeling conditional
volatility: The seminal work of Robert Engle was awarded with the 2003 Sveriges Riksbank
Prize in Economc Sciences in memory of Alfred Nobel.

It turns out that those models represent white-noise processes having the additional struc-
ture of martingale differences. To set the scene, we shall first show that any L, martingale can
be written as a product of two factors, one having the interpretation as a conditional volatil-
ity given past information, in such a way that these models appear as natural simplifying
parametric models for the conditional volatility.

Let {X; : t € Z} be a L, martingale difference sequence, that is

E|X[* <oo and  E(X/F-1)=0,

for all 7, with respect to the natural filtration F; = (X5 : s < ¢).
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Definition 3.7.1 The conditional expectation
ol = EX:|Fm1), tel,

is called the conditional variance and o; = ,/o; the conditional volatility, given the past
information F;_.

Notice that
0,2 =H(X;—1, X1—2,...)

for Borel-measurable functions H;. In what follows, let us assume that for all ¢

hy >c¢ >0, almost surely, (3.11)
for constants ¢;. Put
Uy = &, teZ.
O
Then, by definition
X; = oruy, tel.

It is easy to verify the following fact.

Lemma 3.7.2 Under Assumption (3.11) {u;} is a F;-martingale difference sequence with
Var (Mt|ft—l) =1

It follows that {u,} is a white-noise process. Further, we can conclude that any weakly
stationary martingale difference sequence can be written in the form

X = hyuy

for some white-noise process with E(u;) = 0 and E(u%) = 1.
However, model building for the conditional volatility usually proceeds by assuming
specific functional forms for 4, as a function of lagged Values of X;. It is also routinely

assumed in those models that the u; are i.i.d.(0, 1) or even u; bid "N(0, 1). Let us start with
ARCH models.

Definition 3.7.3 Let {u;} be i.i.d.(0, 1). {X;} is called an autoregressive conditional het-
eroscedastic process of order p, abbreviated as ARCH(p), p € N, if

X; = oy,
p
2 2
oy =ap+ ZaiXt_i,
i=1

forallt, where ag > O and ay, . . ., ap > 0 are parameters.



(G)ARCH MODELS 135

Let us first consider the case p = 1 in some detail. Let Xy be a random variable with
E(X3) < oo and define X, ¢ > 1, by the recursion

X;=\Jao+arX> qu;,  t=12,....

Notice that X1 = f(Xo,u1), X2 = f(X1,u1) = f(f(Xo,u1),u1), and so forth, where
f(x,y) = /oy + ajxy. This shows that X; is a function of X, uy, ..., u,. In particular, X;
and u, are independent, whenever ¢ < r. Analogously, o; is a function of Xo, uy, ..., u;—1.
We may conclude that

E(X/|Fi-1) = 0:E(u;) =0,

which implies that {u,} is a martingale difference sequence, provided E|X;| < oo (see below).
Further, 0,2 is the conditional variance of X, since

E(X}|Fi-1) = of,
and the independence of u;j from X; and o, implies that
EX:Xiyn) = E(X1014pUtrvhn)
= E(X(014-n)E(ustn)
= 0’
forall 1 > 1. Finally, notice that the sequence of second moments E(X [2) satisfies the recursion
E(X?) = ap 4+ a1 E(X>_)),

which has a stationary solution given by

E(X?) = E(X3) = —2

1—0[1'

We have shown the following result.

Proposition 3.7.4  For any random starting value Xo with E(X%) = % the ARCH(1)

1—ay’
equations have a stationary causal solution that is a white-noise process.

In practice, ARCH(p) models with large values of p are often appropriate to fit financial
return series. Observing that, by assumption of the model, atz is given by a weighted average of
the past p values X t2—1 yeer X tzi p» motivates replacement of those terms by a smaller number
of past o;s. This idea leads to the following definition.

Definition 3.7.5 A time series {X,} is called generalized autoregressive conditional het-
eroscedastic process of order p and q, abbreviated as GARCH(p, q), p > l and q > 0, if

X = oy,

P q
2 2 2
oy =ao+ E o X+ § :IBjat—jf
i—1 =1
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where ag,ai,...,0p, >0 and By,..., By =0 are constants with ap, By > 0 and u, ~
i...d.(0, 1) is independent of {X;—r : k > 1}.

Empirical work has shown that the intuition leading to their formulation also applies in
practice: Usually GARCH(p, g) models with small p and g nicely capture persistence of high
volatility (volatility clusters), whereas ARCH(p) specifications usually need high orders.

Again let us focus on the simplest model of that class given by p =¢g = 1. The
GARCH(1, 1) often leads to satisfactory model fits in practical applications. The following
theorem provides a necessary and sufficient condition for the existence of a strictly stationary
solution.

Theorem 3.7.6 Let oy > 0 and o1, B1 = 0. The GARCH(1, 1) equations admit a strictly
stationary solution, if and only if

Elog(alu% + B1) <O.

Then, the strictly stationary solution for 012 is given by

oo J
of=ao |1+ > [Jwi+p0)|. tez (3.12)
j=li=1

Proof. We only show the sufficiency part and verify the representation of 0,2. Consider
0t2 =+ OlIX,2_1 + ,310,2_1.
Substituting X> | = 0~ ,u?_, leads to the recursion

2 2 2 2
oy = a0 +aro;_qu;_y + Bro;_

2 2
= o + (ju;_; + B1)o,_;.
This recursion is of the form
2 2
Xy = Qg + Yi—1X:_1,

and we claim that it is solved by the series

R
x? = 1+ZHV:—[ ,

j=1j=1



(G)ARCH MODELS 137

provided the series converges. Indeed,

0 J
a0+ yi1x = a0+ v | 1+ [[vi
j=1i=1

=og+ yi—1a0 +aoVi—1(Vi—2 + Vi—2Vi—3 + -+ 0)
=ap +ao(Vi—1 + Vi-1Vr—2+ )

o J
=010+<XOZHV:—I'

j=1i=1
_ 2
=Xx;.

To verify the convergence of the random series (3.12), notice that the partial sums of the
relevant series 32 | [T/ (a1u?_; + Bi1) can be written as

noJj n J
S Il@uri+p0=> 072,  z;=p [[rui; + B0,
j=1

j=li=l1 i=1

for any real p. If we choose p > 1 and show that with probability one

J
Zi=p H(aluf_,. + B1) — 0, j— oo, (3.13)
i=1

then the above partial sum can be bounded by Z;f:l pI — #, which establishes its a.s.

1—
convergence. To check Equation (3.13), notice that E log(x u% + B1) < 0 implies that there
exists some p > 1 with

log p + Elog(ajut + Br1) < 0.

Since u, are i.i.d. and log(« 1u% + B1) is integrable, the strong law of large numbers ensures
that

1 ¢ )
log(p) + - > log(aruy ; + Bi)

i=1

converges a.s. to logp + E log(alu% + B1), as n — oo. But this implies that

n 1 n
log (p" [T + ﬂ1)> =n <log<p> + > loglaui_; + ﬂ1)>

i=1 i=1
converges to —oo, with probability 1. Hence,

n
p" [Jeru?; + B =0,
i=1

as n — 00, which establishes Equation (3.13).
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The result can be extended to GARCH(p, g) models. A strictly stationary solution {X,}
with EXZ2 exists, if and only if

p q
ZO&,‘—}-Zﬂj < 1.
=1 =1

Then {X,} is a white noise process with marginal variance
(<0]

Iz q ‘
L= imei =25 B

ARCH and GARCH models are usually estimated by relying on the likelihood approach.
Assume that the innovation sequence {u;} satisfies

E(X}) =

iid.

ur ~ f,

for some density f with mean O and variance 1. For a GARCH(1, 1) model, the conditional
density of X, given the past values X;_1, ..., X is easily seen to be

1 Xt
IXX g Xo (Kt lXe—1, - X0) =[x ix,_ (Kelxe—1) = ;f (0 ,
t

t

leading to the likelihood

r 1 Xt
L ) ) = - D
(a0, 01, B1) ,|:|1 a,f <Gz)

where oy = \/ g+ a1 X %71 + B8 101271 can be calculated recursively. Notice that we need to
have a starting o that is unobservable. A common approach is to use the sample standard
deviation of historical data or simply put oy = 0. For a GARCH(p, ¢g) the likelihood can
be established in a similar way, but one needs starting values X_,1,..., Xo as well as
O—p+15---,00-

Given estimates for the unknown parameters of the selected GARCH model, one can calcu-

late the estimators oy, for example we have o; = {/ap + a1 X t2_ | +04—1 fora GARCH(1, 1).
Then, one also calculates the residuals
X
Ur = —,
Oy
which should be approximately white noise, if the model is true. This can be checked by
taking a look at the sample autocovariances of those residuals.

A plethora of modifications and extensions of the classical GARCH model has been
proposed and studied in the literature. Here are only three examples. To allow for an asym-
metric effect of information on volatility, it has been proposed to substitute terms like X [2_1 by
(X1 + 61X, |)2, where the new parameter § is constrained to lie in the interval [0, 1]. Then,
the effect of X? | on o? is (1 +8)>X?_|, if X,—1 >0, and (1 — 8)>X? |, if X,—1 < 0. The
economic reasoning behind such a leverage effect is that when the price of a company falls,
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its debt-to-equity ratio increases, which should increase volatility, since volatility measures
the risk associated with an investment in the stocks of the company.
The GARCH in mean model (GARCH-M) assumes that

X = BZ; + Loy + oriy,
p q
ERTIED LIS S
i=1 j=1

for some regressor Z;. The conditional mean of X, given F;_; is now given by BZ; + Ao,
and therefore depends on the volatility.
The exponential GARCH model specifies the conditional variance as

p q
o? =exp| oo+ Zaig(xt—i) + Z Bjlogor—j) |
i=1 Jj=1

where ap, ..., ap and B1, ..., B, are real-valued parameters. By modeling the log volatility,
the parameters have not been constrained at this point. The terms g(X;_;) are given by

8(Xy) = 0X; + y(|1X¢| — E|X:])

with further parameters 6 and y. One may derive a MA(00) representation

o
log(o7) = o + Y 8(Xi—p).
k=1

Provided Y72, ﬂ,% < 00, atz is strictly stationary.

3.8 Long-memory series

There is some evidence that certain financial series are affected by what is called long memory.
That means that the autocorrelations decay much slower than they do for models such as AR
or ARMA processes. Here we have seen that the autocovariances, say yx, tend to O at an
exponential rate such as y; ~ a~¥, which rapidly decays as k gets large. Thus, one says that
such models have a short memory. But if, for example, y; ~ k~# for some B > 0, the y;
decay much slower. For 8 > 1 they are still summable, but even that property gets lost for
0<pB<l.

A convenient way to understand long-memory processes is to introduce first fractional
differences.

3.8.1 Fractional differences
For d € N the lag polynomial (1 — L) takes differences of order d, i.e.
1 -DX, =Xy — X1,
(1= L)X, = X; = 2X,—1 + X2,
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and so forth. We aim at extending those differences to values —1 < d < 1 and will call them
fractional differences.

For d € R the (formal) series representation of the lag operator p(L) = (1 — L) is ob-
tained from the Taylor expansion of the function f(z) = (1 — z)“ for z € C.Itis easy to check
that

k—1
P = (H(d - i)) D1 -9  keN
i=0
leading to the binomial series
(e.¢]
1-2'=> W, zeC, (3.14)
k=0

with coefficients Yo = 1 and

PO = L (d
Y= = g(d—z):(—l) <k> keN,

where

d\ dd—-1)---d—k+1)
k) k!

are the generalized binomial coefficients. For d > 0 the series converges absolutely on the
unit disc, such that

-0y =Y Lt
k=0

is a well-defined L filter allowing us to consider linear processes of the form (1 — L)det,
where ¢, is a white-noise process. More generally, processes of the form (1 — L)? X, exist
a.s., provided {X,} is a process with sup, E|X,| < oo, and also in L, if sup,, E|X,, 12 < o00.
Before studying the case —1 <d < 0, let us collect some first properties of the
coefficients V.
The coefficients y can be expressed in terms of the Gamma function I'. For that purpose,
write

1 k—1
=1, g(—d + ). (3.15)

Recall the definition of the Gamma function,

n‘n!

I'(z) = lim

C\{0, -1, =2, ...}
L e e sy LU }

For positive real z one has the integral representation

['(z) =/ exp(—n)r~ ! dr.
0
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The Gamma function satisfies I'(n + 1) = n! for n € N and, more generally, the recursion
F'z+1)=zI'(z)

on its domain. That leads to the formula

F+n+1)=@E+mlz+n)=-=[[c+dr@).
i=0

which allows us to express the product in Equation (3.15) by the Gamma function. Indeed, if
we apply the latter with z = —d and combine it with 1/k! = 1/I'(k 4 1), we arrive at

Tk — d)

~Tk+hr—a <N

Yk

The following lemma shows that the coefficients y; decay as k=Y, wherey =d + 1 > 0.
It makes use of Sterling’s formula

[(x) ~ V2me Tl (x — 1)*1/2, x — oo.
Lemma 3.8.1 Ford > —1

k—d+D)

Vi ~ r—d)’

as k — oo.

Proof. By virtue of Sterling’s formula,

T(k — d)
T(k + DI(—d)
ed—k-i-l(k —d— 1)k—d—1/2

l"(—d)e_kkk"'l/z

1 eHZH(k—d—1>’<(k—d—1)—d—1/2
T(—d) k k172 ’

Y =

k k
where (%) = (1 - %) — e @tD a5k — o0, and

k—d— 1)—d—1/2
k1/2

1/2
—(k—d— 1@ (kzdz] /
k

B k k
~ k—(d-H)

as k — o0, since d is fixed.

In order to study negative fractional powers of 1 — L we need the following lemma.
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Lemma3.8.2 For—1/2 <d < 1/2wehave Y jo, ¥ < 00, such that Y je ¥k L* isa Ly
Sfilter.

Proof. Let ¢ > 0. By Lemma 3.8.1 we can find ko such that |y /(k~ @D/ T (=d))| <
1 + & for k > ky. We have for some constant 0 < C| < 0o

00 — 2 2
y2 = Y
Z k= Z + Z <1’*( d) kd+1 ) <k(d+1)/ F(—d))

> 11\
§C1+(1+8)22(F(_d)kd+1> .

k=ko

2
It remains to verify that 3 72, ( dl+l) <00.If0 <d < 1/2, then

k
[e’s) 1 2 [ee) 1 [e’s) 1
S () =S =g
k=ko k=0 k=0

If —1/2 <d < 0, then choose dy with —1/2 < dy < d. Then 2dy € (—1,0) and § = 1 +
2dy > 0. It follows that

<1 =1 <1

< <
> Kted = 2. 2t2dy = > e <o
k=kqo k=kq k=0

which completes the proof.

Having the fractional difference operator (1 — L)d, d > 0, at our disposal, which defines
stationary time series when applied to white-noise processes, we want to invert that filter
yielding (1 — L)~¢. For negative exponents larger than —1 the binomial series converges
only for |z] < 1. Let us solve the crucial equation (3.6), i.e.

Y(2)0(z) =1,

for |z| < 1. The solution 6(z) = (1 — z)_d is an analytic function for 0 < d < 1. The associ-
ated Taylor expansions as in Equation (3.14),

o)=Y 6z, o =000k,

with d replaced by —d yields the coefficients

Tk+d)
“n H( )= Fer Dra)

A further application of Sterling’s approximation shows that

O ~ k471 T(d), k — oo.
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which also implies that ZI?O:O 9,% < 00, i.e. (L) is a L, filter, if 0 < d < 1/2. This means,
forO0 <d < 1/2

o0
Xi=(-La=) ek, &~ WNO, 0%, o €(0,00),
k=0

exists in the L, sense and provides a stationary solution of the equations
(1-L)X, =«
cf. Proposition 3.4.3.

Definition 3.8.3 (FRACTIONALLY INTEGRATED NOISE)
Let —1/2 < d < 1/2. A stationary solution {X;} of the equations

(1-L)YX: =«
for a white-noise process {€;} is called fractionally integrated noise.

We have seen in Lemma 3.5.2 that the spectral density of a linear process given by a lag
operator p(L) is f(w) = %l p(e“")|2 from which one can also calculate the autocovariance
function via the formula y(h) = ffﬂ cos(wh) f(w) dw, cf. Theorem 3.5.7.

For 0 < d < 1/2 the linear filter (L) = j ijj is an L filter and consequently the
spectral density of X; = (1 — L)_det = Y (L)e; is given by

02
fx(@) = —[1 —e®|7%,
2

since ¥(z) = (1 — z)~%. Using |1 — '®| = 2sin(w/2), we obtain the formula

02
fx(w) = —|1 — sin(w/2)| .
27

Let us use the last formula to calculate the autocovariances

yx(h) = / ¢ f(w) do

02 b4 ) by
—/ cos(hw)(2 sin(w/2))”““ dw.
T Jo

The last integral is of the form fon cos(hx)sin* "' (x)dx, which is known to equal

7 cos(hm/2)T(z+1)2! 2
DG+ DT (z—h—1)/2)*

Lemma 3.84 Let0 <d < 1/2 and €, ~ WN(O, 02). Then the autocovariances and auto-
correlations of {X,} are given by

(=D"T(1 = 2d)
I'h—d+ 1I'(0 —h —d)

yx(h) = o?
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and

_ Th+dr( —d)

XM = T —d ¥ D@y
for h € Z. Further,
e T = d)
px(h) ~ h rd)

Another approach to introduce long-memory processes is as follows: A mean zero
Gaussian series {Z;} exhibits long-range dependence, if its autocovariance function yz(k)
satisfies

yz(k) ~ k=P L(k),
as k — oo, for some 0 < D < 1 and a slowly varying function L, that is

L(cx)
m =
x—o00 L(x)

for any ¢ > 0. Then H = 1 — D/2 is also called the Hurst index. Lemma 3.8.4 asserts that
a fractionally integrated series with 0 < d < 1/2 has a Hurstindex H = 1/2 4 d.

3.8.2 Fractionally integrated processes

Let {X,} be a time series. If its fractional differences can be expressed as a ARMA(p, q), it is
called a FARIMA(p, g) process. More precisely, one defines.

Definition 3.8.5 (FARIMA PROCESS)
A time series {X;} is called a fractionally integrated ARMA of order (p,d,q), d €
(—=1/2,1/2), if {X;} is a stationary solution of the equations

Y(LY(1 — L)X, = ¢(L)e;

for some white noise {€;} and lag polynomials v, ¢ of degrees p, q, respectively.

3.9 Notes and further reading

For a thorough introduction to martingales in discrete time the textbook Williams (1991) can be
recommended. A classic comprehensive reference on martingales and related limit theorems
is the monograph Hall and Heyde (1980). Time-series analysis, mainly for parametric models,
can be found in Brockwell and Davis (1991). For a special focus on applications to financial
markets we refer to Fan and Yao (2003), Carmona (2004), Lai and Xing (2008), Tsay (2010)
and Jondeau et al. (2007). The ARCH model was proposed in the seminal work Engle (1982).
For the exponential GARCH model we refer to Nelson (1991). A comprehensive monograph
on such models and their estimation is Straumann (2005). The basic idea of the proof of
Theorem 3.7.6 seems to be due to Nelson (1990), cf. the discussion in Kreiss and Neuhaus
(2006).
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4

Arbitrage theory for the
multiperiod model

Having the martingale theory in discrete time discussed in the previous chapter at our
disposal, we are now in a position to study how to price contingent claims assuming that
trading is possible at discrete fixed time points; without loss of generality these time points
will be denoted by t =0, ..., T, where T denotes the number of time points and coin-
cides with the time horizon. First, we need to extend various definitions and notions, such as
self-financing strategy, equivalent martingale measure and no-arbitrage, from the one-period
to the multiperiod setting, before we can study the question how the no-arbitrage condition
relates to the existence of an equivalent martingale measure P*. We shall see that for a financial
market with a finite state space Q2 we get nice explicit formulas for P*.

After a discussion of the general theory for the multiperiod case, we turn our attention to
the Cox-Ross-Rubinstein binomial model, which allows all quantities explicitly, including the
(delta) hedge for a path-dependent derivative to be easily calculated. The multiperiod binomial
model is also an powerful and simple vehicle to derive the celebrated Black—Scholes option
pricing formula by studying the convergence in distribution of the stock price under the
sequence of equivalent martingale measures appropriately constructed in the binomial model.

Finally, we study how to price American-style derivatives such as American options on a
stock, where one can exercise the right to buy or sell the underlying at any time point before
maturity. We shall see that the problem can be treated in a concise and transparent way by
using the theory of optimal stopping discussed in the previous chapter. The results are actually
constructive and lead to an algorithm for the arbitrage-free pricing of American derivatives
by using a binomial tree.

Financial Statistics and Mathematical Finance: Methods, Models and Applications, First Edition. Ansgar Steland.
© 2012 John Wiley & Sons, Ltd. Published 2012 by John Wiley & Sons, Ltd.
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4.1 Definitions and preliminaries

Our model for the financial market is as follows. Let (2, F, {F;}, P) be a filtered probability
space, where

b,QQ=FcFHcC---CcFrCF

and P is the real probability measure. We assume that investors can invest in d assets traded at
the market or deposit their money into a bank account. The prices are modeled by d F;-adapted
processes

{Si:t=0,1,....T}, i=0,....d

with 0 < S, and E(S;;) < oo for all # and i. As in Chapter 2, it is assumed that at each
period one can borrow or deposit money at the same fixed interest rate. For simplicity of the
exposition, we will confine ourselves to the case that the yield is deterministic and known to
us. That means that a payment C deposited at time ¢ growths to C(1 + r) at time ¢ 4 1, for all
t=0,...,T — 1, where r denotes the interest rate for each period. The bank account can be
modeled equivalently by a bond given by the price process

S0 = Soo(1 + 1), t=0,....T,

where Sqg is the nominal value of the bond.

It is worth mentioning that the theory of the present chapter remains more or less valid
when considering so-called locally riskless bonds, although we confine ourselves to the above
setting, in order to simplify the exposition.

Definition 4.1.1 A locally riskless bond is given by a price process

t
Sz():H(l-i‘Vi), t=0,....T,

i=1

for some predictable process {r:}.

4.2 Self-financing trading strategies

Since investors can trade at times O, ..., T — 1, a trading strategy is given by the number of
shares, ¢;;, of asset i held from time 7 to time ¢t + 1. Clearly, ¢7; are the terminal values. This
means that an investor determines for each investment opportunity i his or her position at
time 0. If ¢1;51; > 0, he has to pay ¢1;S51; and holds a long position, whereas he receives the
amount |¢y;Sy;| and is short, if ¢1;S1; < 0. In other words, ¢; = (19, ..., @14) is what we
have called a portfolio. Then the investor proceeds and sets up a portfolio ¢ = (@29, . . . , ¥24)
for the next period, and so forth.

Since, obviously, the ¢;; are determined given the information available up to and including
time t — 1, the following definition is self-evident.

Definition 4.2.1 A predictable process {¢; :t=0,..., T}, ¢; = (@0, ..., @), taking
values in R with go = ¢ is called a trading strategy.
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Notice that ¢ is not really needed in our model. However, putting ¢g = ¢ will simplify
some of the formulas we are going to derive.

Definition4.2.2 Let{S;: t =0, ..., T} be ad-dimensional price process and ¢ = {¢; : t =
0, ..., T} be atrading strategy. Then the corresponding process V; = V() given by

Vlz(p;S[, IZO,T;
is called the value process of the trading strategy ¢;.

The starting value Vj is the initial capital required to set up the trade. V| = ¢} S is the
value at time 1 and, in general, V; = ¢;S; is the value of the trading strategy at time . In the
real world, a trading strategy can cover additional payments or withdrawals, e.g. income paid
to the investor or additional investments from new investors. However, since such financial
issues can be taken into account by introducing a new artificial asset, we will ignore them in
what follows. Then the initial capital ¢, So has to be financed at time 0 and further portfolio
updates have to be financed from the portfolio itself; buying more shares from one asset
requires withdrawing money from the bank account or selling other assets.

Attime t € {1,..., T — 1} the value of the portfolio ¢; held from ¢ — 1 to #, also called
time 7 value, equals ¢;S;. That portfolio required the capital ¢;S;—; at time  — 1 when it was
set up. We could realize the time 7 value ¢S, at time ¢ by closing all positions. For the next
period we have to determine ¢, giving rise to the costs ¢; | S;. The net value is

C = §0;+1St - @;St = (Pr+1 — (Pt)/St = A¢;+1St-
Here and in what follows, we agree on the following definition of the difference operator
AYri1 = Qi1 — @1

If C; > 0, external money would be needed to finance the portfolio ¢,|, whereas we could
withdraw |C;| if C; < 0. When C; = 0, the portfolio update is self-financing.

Definition 4.2.3 A trading strategy is called self-financing, if forallt =1,..., T
AQD;S;_l =0¢& ‘P;St_l = (p;_lst—l
holds true.

Recall the definition of the stochastic integral in discrete time. Let ¢; and S; be R-valued
processes, ¢; being predictable and S; adapted. Then the discrete-time stochastic integral
f ¢, dS, denotes the R-valued process

¢ t t
I, = / 0rdS, =Y @ AS = @S — S0, r=0,...,T, (4.1)
0 r=1 r=1
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see Definition 3.2.11. If both ¢; and S; are k-dimensional, then ] ¢,.dS, is the R-valued
process

t t
1t=/<p;dsr=z¢;(sr—s,,1), t=0,...,T
0

r=1

Theorem 4.2.4 A trading strategy {¢; : t =0, ..., T} is self-financing, if and only if for all
t=0,...,T

3 t
Vi = V0+Z§0;Asr: VO+/ §0:der
0

r=1
holds true, where Vo = ¢(,So. In other words, a trading strategy is self-financing if and only

if the associated value process is a discrete stochastic It6 integral.

Proof. For t = 0 the assertion is trivially satisfied. We have
¢, self-financing < Ag;S;—1 = 0, t=1,...,T
& @S- — @1 Si—1 =0, t=1,...,T.
Now add ¢;S; and subtract ¢,S;_; from both sides of the above equation to obtain
‘P;St - (p;f]Stfl = QD;St - QD;Stfl = QD;(SI — Si—1).

The left-hand side is the (r + 1)th summand, AV;, of V; = Vj + Zi:l AV,. Thus, we obtain
fort=1,...,T

3 t
V,:Vo—l—ZAVr:Vo—l—/ @, dS,.
0

r=1
Definition 4.2.5 The process S} = (1, Si1/S:0, - -, Sud/Sw), t =0, ..., T, is called dis-
counted price process. V;* = ¢S/, t =0, ..., T, is called a discounted value process.

Remark 4.2.6 If the bank account (numeraire) is a bond with face value 1 paying a fixed
interest rate r, we have

*

< _ Sii VE — QD;St
T+ LA+t

Noting that Ag;S;—1 = ¢;S;—1 — ¢,_;Si—1 = 01is equivalent to Ag; S’ | = 0, we imme-
diately obtain

Proposition 4.2.7 A trading strategy is self-financing if and only if the corresponding value
process V;* = V() satisfies

4 t
V=V o uas = Vi + [ vds;
r=1

fort=0,...,T.
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Notice that when discounting, the stochastic integral does notdependon ¢y9, t = 1, ..., T,
the money deposited into the bank, since ASy, = 0 for all 7.

Theorem 4.2.8 Let Q be a probability measure on (2, F) suchthat {S}; :t =0,..., T}, i =
1,...,d, are martingales under Q, and let {¢;} be a self-financing trading strategy. If the
corresponding value process V; = ¢, S; is Q-integrable for all t, then V;* is a martingale under
Q, such that

Eo(Vi|F) =V Q—as.,
foralls <t, Eg(V}") = Vp and

Vi=Eo(Vi|F) Q—a.s.,
forallt=0,...,T.

Proof. Since ¢, is self-financing, V;—; = ¢,S;—;. Hence,
G St = S) = Vi1 — 1S = Vi1 = V4
is Q-integrable, such that the martingale property of S; implies
Eo(@)11(Sfs1 — SOIFD = @p (Eo(Sfy 1 F) — §F) = 0.

Consequently, forr =0,..., T — 1,

t
Eo(Vi|F) = Eg (v; +) lAS

i=1

ft) + E(W;Jr]( ;*+1 - S,*)U:t)

t
=Vi+ Y ¢AS;
i=1
= ‘/;k7
since ¢; is JF;-predictable, i.e. ¢; is F;_-measurable, if i < ¢, which verifies that {V;*} is a

martingale under Q.

Remark 4.2.9 Here are some sufficient conditions for E|V;| < oo, t =0,...,T.
(i) 2 is finite.
(ii) @ is bounded, i.e. |@o:| < C forallt =0,...,T.

1

(iii) Elg;|P? < oo and ES{ < oo for p,q € [1,00] with p~' + ¢~
Holder’s inequality.

=1, by virtue of

Theorem 4.2.8 provides an important insight. If we have a probability measure Q such
that the price processes are martingales under Q, the discounted value process V;* of a self-
financing trade can be calculated from the discounted final value V7, namely

V= Eo(VEIF).
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Further, the time ¢ value is given by
Vi = Eo(Vi(1 + 1| F) = Eo(Vr(1 + ) D|F).

If a self-financing strategy is used to replicate a claim, these formulas provide the fair value
of the claim. It is time to put these facts into the framework of arbitrage-freeness.

4.3 No-arbitrage and martingale measures

Definition 4.3.1 A self-financing trading strategy ¢ = {¢,} is called an arbitrage opportu-
nity or arbitrage, if the corresponding value process V; = V(@) satisfies

Vo <0, Vr>0P-as, PVy>0)>0. “4.2)

Remark 4.3.2

(i) Whether or not ¢, is an arbitrage depends on the probability measure P. The notion
of an arbitrage is invariant on the set of all probability measures that are equivalent
to P. But notice that the profit we make by an arbitrage opportunity may depend
strongly on P.

(ii) Obviously, Equation (4.2) is equivalent to
Vi <0, V;>0P-as, P(Vyi>0)>0.

Obviously, the multiperiod model is basically a chain of one-period models. One can
also establish a connection between arbitrage opportunities in the multiperiod model and the
corresponding one-period models.

Theorem 4.3.3 There exists an arbitrage opportunity in the multiperiod model if and only
if there exists an arbitrage opportunity in at least one of its one-period model.

Definition 4.3.4

(i) A probability measure Q is called a martingale measure, if Q is trivial on Fy,
i.e. Q(A) € {0, 1} for all A € Fo, and when all discounted price processes {S}; : t =
0,....T}, i=1,...,d, are F;-martingales under Q.

(ii) Q is called an equivalent martingale measure (EMM), if Q is a martingale measure
and Q ~ P.

After these preparations, we are now in a position to study the first fundamental theo-
rem, which we prove for the case of a finite probability space. Recall that for finite Q2 =
{w1, ..., 0y}, n € N, we may identify random variables X with vectors (X(w1), ..., X(wy)),
which will allow us to argue in a similar manner as in the one-period model.

Theorem 4.3.5 A financial market is arbitrage-free, if and only if there exists some equivalent
martingale measure.
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Proof. When Q = {wy, ..., w,} for some n € N and w; with p; := P({w;}) > 0 fori =
1,...,n, we may identify random variables with n-dimensional vectors. We can extend the
idea of the proof of Theorem 2.5.4 to the multiperiod setting. Consider

U= {(—V(;‘(go), Vi) : ¢ = {g}is predictable} c RV

where the random variable Vj () is identified with the vector (Vi (@) (w1), ..., VF(@)(wa)),
whereas V{j(¢) is a constant. Notice that U is a linear subspace of R+, Let

M={0o,.... ) eR™ 1y, >0,i=0,...,n,y; > 0 for some j }.
We have 0 ¢ M and the market is arbitrage-free, if and only if U N M = . Further,
={yeM:y1=1}, 1=(,...,1) e R,

is a nonempty, compact and convex subset of M satisfying U N K = {J. Theorem 2.4.5 allows
us to separate K and U: there is some vector A = (Ag, ..., Ay) € R"*!, such that

AMx=0, Vxel,
Ax >0, Vxek.

Since the unit vectors e arein K, A ; = )Jej >0,j=0,...,n, follows. Thus, the probability
measure
A .
P*({a)j}) = — I j=1,...,n,
PR
k=1

is equivalent to P. We claim that P* is the equivalent martingale measure we are looking for.
We have

M%FEFHMM/ZM
=1

—mew|
Jj=1 P]Z)Lk
k=1

< C - E|S;i| < oo,

where C = 11;1?;(11 A—’/ (Zi:l)“k>_l < 00. Noting that Sy = Spo(1 + r)’, it follows that
E*(S}) < oo as well. It remains to show that

E*(S; — S5|Fs) =0, P*as.,
for s <tand i =1,...,d. By definition, O is a version of the conditional expectation of

Sk — S% given Fy, if forall A € F;

0= / 0dP* = /(S; — S%)dP* = E*[14(S% — S9)1.
A A
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In order to verify that equation, let A € F; and define the trading strategy @, =
(@u0+ -+ -+ Pua), 0 < u < T, with

Puj(@) = 1a(@)sri<u<plijmiy @ €Q, j=0,....d,

and consider the corresponding stochastic integral in discrete time
u u
z,= [ Gasi =3 a0 -5t
0 r=1
min(u,1)
= > 1aSi=S,). u=0,....T

r=s+1

Then (by telescoping) Zr = 14(S}; — S). Clearly, (—Zo, Zr) € U, such that

> xjZr(w)) =0.

a)_,'GQ

Thus, using the definition of P*
E*(14(S; — S3) = E*(Zr) = Zx Zr()) / Z b = 0.
This shows that {S;} is a P*-martingale.

4.4 European claims on arbitrage-free markets

Let us confine our study to European claims C paying a random payment C at maturity 7',
which depends on the underlying(s). It is time to distinguish formally contingent claims and
derivatives.

Definition 4.4.1 A non-negative random variable C, i.e. a F — B-measurable mapping Q@ —
[0, 00), is called a claim or contingent claim. A contingent claim C is called a derivative of

the underlyings iy, ...,ij, 1 < j<d, if C = g(Sti, ..., S1i;) for some measurable full rank
function g : R/ — R. Recall at this point that a vector function g = (g1, ..., gj) is of full
rank, if there is no Borel-measurable function h such that g; = h(g1, ..., gi—1, &i+1,---, &)

foranyi=1,...,j

Definition 4.4.2 An European claim is called replicable or attainable, if there is some
trading strategy ¢ = {¢;}, whose value at maturity T coincides with C, a.s., i.e.

C = ¢7St, P-as.

¢ = {¢;} is called a replicating (trading) strategy.
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If ¢ = {¢;} is a replicating strategy and V; = Vi(¢) = ¢, S;, 1 <t < T, denotes the corre-
sponding value process, then

T
C=Vr=Vot+ Y ¢S —S1),
t=1
or, equivalently, in terms of the discounted quantities,
T
C* =V =V5+D ol(Sf = S
=1
Vice versa, such a representation implies that C is attainable and ¢ is a replicating trading
strategy.
The following basic result asserts that the discounted value process of a replicable claim

is, a.s., the Lévy martingale of the discounted claim. This important result implies that the
discounted value can be calculated without knowing a replicating trading strategy.

Theorem 4.4.3 Any attainable contingent claim C with E(C) < oo is P*-integrable for each
P* € P. Further, the discounted value process V;* = V;*(¢) of an arbitrary replicating trading
strategy satisfies
V) = EXC*|F), P-as,t=1,...,T.
In particular, V' is a non-negative F-martingale under P*.
Proof. Notice that Theorem 4.2.8 remains true, if the generalized conditional expectations
of V; exists, for which V; > 0 P-a.s. is a sufficient condition we want to show now. Noting

that Vr = C > 0, we apply backward induction and therefore assume that V; > 0, P-a.s. Let
@1(¢) = ¢1{jg,1<c}» ¢ > 0, and notice that

o = Clggo ¢i(c) and X, | = Clggo Xi—11{g,1<c}»
w-wise. First, notice that
Vi = VI = gi(S) = Sip) = —i(SF = S
and

E* (Vi Yg 1<) = E* (Vg 1<} Pr—157-1)
= E*(@i—1(c)' S’ )

d
<c- ) E*|S;| < oo.
i=0
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Thus, we obtain

Vt*—ll{I%ISC} = E*(Vttll{\tp;\sc}urt—l)
> E*(—1{jg, <00 (S; — S DIFi-1)
= —@i(c) EX(S} — S} |1 Fi-1)
=0.

Taking the limit ¢ — oo now yields V,* | > 0, P*-a.s., which implies V; > 0, P-a.s., for all
t. Hence, E(V/*|F;—1) is well defined.

On the set A, = {|¢:| < ¢} we have ¢; = ¢;(c) such that for any ¢ > 0 and almost all
w € A,

EX (V]| Fi-D(@) = Vi (@) = EX(V] = V2 | Fim)(@)
= E*(pi(c) (S} = S_DIFi—1)(@)
= @u(e) E*(S — S{_ 11 Fr-D)(w)
=0.

Thus, 1g\a, - 0+ 14, - V' | is a version of E(V}|F;_1), cf. A.3.1 (x). Now, by dominated
convergence, ¢ — oo yields the generalized martingale property of {V;*}. It remains to show
that V;* = E*(C*|F;). We have fort < T

Vi = E*(VilF)
=E*(--- E*(Vp|Fr—1) - |F)
= E*(-- EXNC*|Fr—1) -+ |F0)
= E*(C*|F),

which completes the proof.

Definition 4.4.4 Suppose we are given an arbitrage-free market with d risky assets and
a claim C. n(C) > 0 is called an arbitrage-free price of C, if there exists some adapted
stochastic process {S:d+1 :t=0,..., T}, such that

(i) Sf)k,d+1 = 1(C), P-a.s.;
(ii) S:d+1 >0, P-as., fort =0,...,T;
(iii) S;d-i-l = C*, P-a.s.; and

(iv) the extended market consisting of the d + 2 price processes {Syo}, ..., {St.a+1} is
arbitrage-free.

If an attainable claim is traded at a price p that differs from the initial capital Vo = ¢, So =
E*(C*) required to initiate the replicating hedge, arbitrageurs can earn riskless profits. For
example, if p > V), the claim is sold at time 0 and V} is invested to acquire the hedge, whose
value is always non-negative. The difference p — V > 0 earns the riskless profit. At maturity,
the claim is settled using the payoff of the hedge.
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Theorem 4.4.5 The set of arbitrage-free prices of a claim C is given by TI(C) = {E*(C*) :
P* € P, E*(C*) < o0}

Proof. ‘C’: Let p be an arbitrage-free price. Then the extended market is arbitrage-free.
By Theorem 4.3.5 this holds true, if and only if P # (. Therefore, there is some P* € P, such
that the d + 1 processes {S;; :t=0,...,T},i=1,...,d + 1, are P*-martingales. We have
to show that p = E*(C*). By the martingale property,

P =St.411 = E*(S74411F0) = EX(C*|Fo) = E*(CY),

since Stq4+1 = C.
‘D’ Let p € {E*(C*): P* € P, E*(C*) < oo}. Then p = E*(C*) for some P* € P. Fix
that P* and define {S];, | : =0, ..., T} by the Lévy martingale

St = EX(C*|Fy), t=0,...,T

By definition, Sf,,, is F;-adapted with expectation p = E*(C*). From Theorem 4.4.3 we
know that S/, | is non-negative and coincides with the discounted value process, a.s. Since
the d + 1 processes {S;; : ¢t =0,...,T},i =1,...,d + 1, are F;-martingales under P*, P*
is an equivalent martingale measure for the extended market. By Theorem 4.3.5, this holds
true if and only if the extended market is arbitrage-free. Hence, all conditions of Definition
4.4.4 are checked.

Definition 4.4.6 An arbitrage-free financial market is called complete, if all contingent
claims are attainable.

In a complete market all claims can be hedged by self-financing trading strategies. We
have learned in Chapter 2 that in a one-period model the linear space of portfolios can be
identified with the linear space L (€2, F, P) of bounded random variables. Its dimension is
bounded by d + 1. In the multiperiod model, a similar result holds true.

Theorem 4.4.7 On an arbitrage-free market where all bounded claims are attainable, the
following assertions hold true:

(i) The market is complete.

(ii) The dimension of Loo(2, F, P) is bounded by (d + 1)T.

As a consequence of Theorem 4.4.7, if trading is restricted to discrete time instants, any
arbitrage-free and complete market can be represented by a tree: At each time point ¢ the
price processes attain values in a finite set of at most d 4+ 1 values. In other words, if an
arbitrage-free market can not be presented as a tree, there may be contingent claims that can
not be hedged. Theorem 4.4.3 told us that the value process of a claim, which can be hedged
by a self-financing trading strategy, satisfies

V) = E*(C*|F;) forall P* € P.

What happens if the claim can not be hedged? Is the right-hand side still constant in P*?
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Theorem 4.4.8 Let C be an European contingent claim. Then the following assertions are
equivalent:

(i) C is attainable by a self-financing trading strategy.

(ii) For each equivalent martingale measure the conditional expectation E*(C*|F;) has
the same value, P-a.s., forallt =0, ..., T.

Proof. (i) = (ii) : This is Theorem 4.4.3.
(if) = (i) : Suppose that C is not attainable. Then C* ¢ V = span{¢'S; : ¢ € R4}, Fix
some arbitrary P* € P and let

(X,Y) = E*(XY), X,Y € Ly(P¥).

We have the decomposition C* = C3; + C]*} 1> where CY, (CJ,, ) is the orthogonal projection
on V (V1). Define

Bt = [ 1+-22“ ) prap)
“\ Tapic e '
Then
P =P+ E [ —Y 1) = Pr@) =1,
<sup|c;n2 )

since 1 L C;‘) . (recall that 1g, is attainable such that 1 € V). Further, P* ~ 7’ such that
P is an EMM. For any Z €V

E5(Z2) = E*(Z)+ E*(CT)LZ), = E*(2),

sup|C,, 2

yielding E;(CT;) = E*(CY). But

E5(Cyy) = EX(Cyu) + EX(Cy1) > E*(Cyy).

sup |C;J_ 2
It follows that E;(C*l]—'o) = E;(C*) > E*(C*) = E*(C*|Fyp), a contradiction.

By definition, a complete financial market is arbitrage-free, such that we have at least one
EMM at our disposal. We claim that there is exactly one EMM, if the market is complete. The
proof is as follows: If A € Fthen C = 14 is a bounded claim, which is attainable. Its fair (i.e.
arbitrage-free) price E*(C*) is unique by the above theorem. In other words, the mapping

®:P— R, P*> E*(14) = P*(A), P* € P

is constant. Hence, P = { P*}. By contrast, if P = {P*}, then the set {E*(C*): P* € P,
E*(C*) < oo} of arbitrage-free prices consists of one element. If C were not attainable, we
had more than one arbitrage-free price, a contradiction. Thus, we have shown the following
fundamental theorem.



THE MARTINGALE REPRESENTATION THEOREM IN DISCRETE TIME 159

Theorem 4.4.9 An arbitrage-free market is complete if and only if there is exactly one
equivalent martingale measure.

4.5 The martingale representation theorem in
discrete time

The present subsection is short but important.

Theorem 4.5.1 (MARTINGALE REPRESENTATION THEOREM)
Equivalent are

(i) There exists one and only one equivalent martingale measure P*.

(ii) Any P*-martingale {M, :t =0, ..., T} can be represented as a stochastic integral
in discrete time w.rt {S; :t =0, ..., T}, i.e. there is some predictable process {¢; :
t=0,..., T} and an adapted pocess such that

’ t
M= Mo+ 3 6l(SF — S5 = Mo +/0 ¢, ds;.
i=1

Proof. (i) = (ii) Let {M,} be a P*-martingale. Consider the decomposition M; = M, —
M. M}“, M7y > 0 are discounted claims with EM; < ooand EM; < oo.Since P = { P*},
the market is complete, such that M "T" and M are attainable by self-financing trading strate-
gies. Hence, there are predictable processes {7} und {¢; }, such that ((pJTr)/ St = M;r and
(97) St = M7 . The discounted versions of the processes Vit = (¢)S and V,” = () S,
are martingales under P* by Theorem 4.4.3. But then

(VH)" = E* (V)" F) = EX(M{ | Fy)
(V)" = E* (V)1 = EX(M7|F)

forallt =0,..., T. Now, we may conclude that

M; = EX(M} — My |F)
=(VH* = (V)"

t
= Vi = Vo + Y (o — ) (SF =8P,

i=1
since we have learned that any value process for a trading strategy {¢;} can be written as

t
Vi=W+ Z @(Si — Si—1).

(i) = (li) Let C be a contingent claim with E(C) < oo and consider the value process
E(C|S}), which is a P*-martingale, cf. Theorem 4.4.3. By assumption, that martingale can
be written as Co + fot ¢, dS* for some predictable process {¢,}, which yields the replicating
trading strategy for the claim C.
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It is remarkable that such a general probabilistic result, namely that any P*-martingale in
discrete time can be represented as a discrete stochastic integral with respect to the process
{S}}, is related to mathematical finance in such a natural way. Further, every ingredient and
any step of the proof has a clear and intuitive economic interpretation.

4.6 The Cox—Ross—Rubinstein binomial model

The well known binomial model of Cox, Ross and Rubinstein, abbreviated as the CRR model,
considers a financial market with one share and a bank account. In each period, the price of
the share is described by a one-period binomial model. Formally, let

Q={+ -V ={w=(0,...,01) 0 €{+, -}, t=1,...,T}.

Then, the price process {S; : t =0, ..., T} is given by

= {3 =

Si—1(w)d, W = —,
forw = (w1, ...,07r) € Qandt =1, ..., T. Sy is the asset price at time 0, d the down factor
and u the up factor. The corresponding returns
Sy — Si—
R[=17t1, t=1,...,7—;
Si—1
take values in the set {r_, r1}, where ry = u — 1 and r— = d — 1. Notice that

(Ri=ri}={weQ: o =4} and (Ri=r_}={weQ:o=-}.
We consider the natural filtration
Fo=1{0,2}, Fr=0(Sy,...,8), t=1,...T,

and put F = Fr = Pot (2). For what follows, it is convenient to list some useful formulas.
We have

t
S =So [ [t + Ro. S = Si-1(1+ Ry),
i=1
t
1+ R) 14+ R,
S =53 , SF=35 .
t 0 1+r t t—1 1+r

Clearly, r is the fixed interest rate of the bank account in each period.
The following theorem provides the no-arbitrage conditions of the CRR model and explicit
formulas for the equivalent martingale measure.

Theorem 4.6.1 Suppose P({w}) > 0 for all w € Q.
(i) The CRR model is arbitrage-free if and only if

r-<r<r+<d<l+r<u.

In this case completeness follows as well.
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(ii) If the no-arbitrage condition d <1+ r < u holds true, the unique equivalent
martingale measure P* is given by

Pr({(w) = (pHA —pHTF, k=0,....T,

forw = (w1, ..., 0r) € Q, where k = k(w) = Zthl 1i,=+} and

r—r_ 14+r—d
* = 1t € (0. 1).
ry —r— u—d
* sk 1 kT —k
Further, %(w) = %, w € Q. Finally, the returns Ry, ..., Ry are i.i.d

under P* with P*(R| = ry) = p*.

Proof. Suppose the model is arbitrage-free. Then there is some P* € P such that S/ is a
P*-martingale. The martingale condition

S = E*(S5a 170
is equivalent to
1 +r= E*(l =+ RH‘] |‘7:[),

since S} = S}, Ifirl . Define pf = P*(1 4+ R;+1 = 1 4+ r|F;). Then the above equation can
be written as

L7 =+ r)pf+ 471 = pf)
= prry —r)+ (1 +70).

Since r_ < ry, that equation has the unique and time independent solution

r—r— 1+r—d

K ok
p= P ry —r— u—d
foranyr =1, ..., T. Also, notice that p* € [0, 1]ifand only if r— <r < r; and p* € (0, 1)

if and only if r— < r < r4. Let us now verify the representation of P*. Notice that F; =
a(So,...,8) =0(Ry,..., Ry). Hence,

P*(Rig1 =74|R1, ..., R) = P*(Riy1 = r4|F) = p*
shows that the conditional distribution of R,1| given Ry, ..., R, coincides with P*(R;y1 =
r4). Consequently, R,y is independent of Ry, ..., R,, which implies that Ry, ..., Ry are

ii.d. under P*. If we define f(+) = r4 and f(—) = r_, we have
P*({w}) = P*(R1 = f(@1), ..., Rr = f(or1))
= (pH = pHT
for w = (w1, ..., wr) € Q. Thus, P* is uniquely determined such that P = {P*}.

Notice that under the equivalent martingale measure the returns are i.i.d., although that
must not be true under the real probability measure. Indeed, the evidence from statistical
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analyses that financial returns are dependent is overwhelming. Further, a direct calculation
shows that E*(Ry) = r4 p* +r—(1 — p*) = r, which is in agreement with the fact that P*
can be used to price random future payments by risk-neutral evaluation.

The fact that Ry, ..., Ry are i.i.d. under P* immediately yields the following result on
the distribution of the asset price.

Lemma 4.6.2 Under the equivalent martingale measure, we have

P*(S: = Sou*d"™¥) = (2) (P - p*,

fork=0,...,tandt=0,...,T.
Now we can easily calculate the fair price of an European claim depending on S7.

Lemma 4.6.3 Let C = f(St) be a derivative, where f : R — [0, 00) is a Borel function.
Then the arbitrage-free price of C is given by

S de —k
7(C) = Zf g )(k>(p*>"<1—p*>T—k.

Proof. Notice that f(S7) takes the value f(Sou*d”—*) with probability ({) (P —
Pk k=0,...,T

The simple structure of the CRR model allows us to calculate explicitly the whole value
process V;, which turns out to be a function of S;, provided we know the model parameters

u,d and p*.

Theorem 4.6.4 Let C = f(St) as above. Then, the value process of any replicating trading
strategy satisfies

S de t—k

Notice that V; is a function of S;.

Proof. We use the representation

T
Sr=5- ][ a+R.

i=t+1

Clearly, S; is F;-measurable. Since R;41, ..., Rt are independent of F;, we obtain

d T—t
* < H (1+R) = ude_t_k> = < . >(p*)k(1 _ p*)T—t—k'

i=t+1
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As a consequence,

V= E*C* | Fy)

* f(ST)
((1+r)T f’)
T
F1S I A+Ry)
« i=t+1
(Rig1,eees R7) (1+}")T -7:1

M’*}

f(Su*d™0 (T N s T—1—k
2 TaEnt < k )(p)(l—p) .

Noting that V; = (1 + r)' V¥, the assertion follows.

We may even calculate the value process of a path-dependent derivative, whose time ¢
value is a function v,(Sp, .. ., S;) of the stock price up to time 7.

Lemma 4.6.5 Suppose C = f(So, ..., St) for some Borel function f:RI+! — [0, co).
Define for xi, ..., x; >0

T
vt(-an-~-’-xl)=E*f ('x()’""-xta-xt(l+Rl+1)v"'7-xl‘ H (1+Rl)> )

i=t+1

which equals

T
/"’/f('xOv"'axﬁxl(l+rl+l)7""xt H(1+rl)> dF*(rl)"'dF*(rT)a

i=t+1
where F* denotes the d.f. of Ry under P*. Then the discounted value process is given by
v (S0, ..., S1)

V= ENC I F) = S

Proof. Again we use the formula S;4; = S, .tﬁj (I 4 R:). Under P* the factor IZ[ I+
R;) is independent of F; = o(Sp, ..., Sp). Thus,l=t+1 o
(1+nTVF = EXC|F)
= E*(f(So,...,ST|Fp)
= E*(C(So, ..., ST) | Fp)

T
= E* (c <SO,...,S[,S,(1+R[+1),...,S, 11 (1+R,~)>>

i=t+1
= UZ(SOv e St)

by definition of V;. Now the assertion is obvious.
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The above formulas are simple. However, in practice binomial models are often used with
alarge number T of periods in order to discretize a given time interval. This is also done since
sometimes positions are checked and updated when required on a fine intraday time scale, e.g.
every five minutes. Then the required computing time can be substantial, if a large number of
derivatives has to be priced.

Being in position to calculate the value process yields a way to determine a hedge. Consider
the sequence

So= V& Vi, ..., VE=CY,

where the V;* are calculated according to our above results. We have to find a predictable
process {¢:}, such that the corresponding value process replicates the above values. This
means that we have to find a self-financing trading strategy ¢, such that

Vi =V 4+ e S — Si-1)
forallt =0,..., 7T —1,1.e.
Viw) = Vi (@) + ¢(@)(Si(@) — Si—1(w), Yo € Q.
Attime r — 1, the V' |(w) and S}, () are known and ¢;(w) depends on w = (w1, ..., o)
only through (w1, ..., @,—1) and is therefore fixed as well. S;(w) can take the values §; + =

S;(+) and S; — = S;(—), and V;(w) the values V; 1 = V;(+) and V; _ = V;(—), respectively.
We arrive at the following two equations

VtT+ - Vt*—l = (Pt(S:+ - St*—l)
Vi =V =@(S - =S,

which are easy to solve provided S/, # S _.

Definition and Theorem 4.6.6 Let C be a path-dependent derivative of the European type.
Then we obtain a self-financing hedge, called a delta hedge, when investing
Vi, = Vi Vg = Vi

LS S S

¢r =

or ﬁgj in symbolic notation, into the underlying and deposit the rest, Vi1 — ¢;S:—1, at the

riskless interest rate at the bank account or borrow it from the bank.

Proof. Subtract the second equation from the first one to eliminate V;* | and S} ;. This
easily leads to the equation

Vie = Vie = @S = 570,

which is solved by the delta hedge. At time ¢ — 1, we may sell the shares we have yielding
the revenue V,_1 = ¢;_1S;—1. The new amount of shares costs ¢;S;_1. Consequently, the
difference V;_1 — ¢;S;— is either financed by a loan or deposited into the bank account.
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The delta hedge can be regarded as the workhorse for hedging derivatives. Notice that we
need to be in a position to calculate the current value or, to be more precise, the change of the
current value. For this reason we provided such formulas for the most important cases.

4.7 The Black-Scholes formula

The present section is devoted to a careful derivation of the famous Black—Scholes formula
of the arbitrage-free price of an European call option with maturity 7. That formula can be
found as the limit price when considering a sequence of binomial models for the stock price
with N periods covering the fixed time span [0, T'], as N approaches co. Posing this question
is interesting in its own right for the following reasons. First, as already mentioned above, if N
is large and many options have to be priced, then the computational costs can be substantial.
Secondly, such a result implies that by increasing N we approach a well-defined limit. Indeed,
it turns out that an appropriate and rather natural choice of the model parameters leads to a log
normal distribution for the stock price resulting in the Black—Scholes option price formula.
Recall that forr € N
t

S;=So[[(+R) with Ri= Si = Sizt

i=1

such that

t
log(S,) = log(So) + Y _ log(1 + Ry).

i=1

If ¢ is large and the returns are i.i.d., the central limit theorem suggests that log(S;) is approx-
imately normal. Let us try to anticipate the limit distribution of the stock price by assuming
that the returns satisfy

log(1 + R) " N(u, 2.

Then,
log(S) ~ N(log(So) + ut, o*t), teN,

and that distribution also makes sense in continuous time.
For simplicity of our exposition, let us assume that 7 is an integer. We divide the time
span [0, T] into N = nT equidistant subintervals given by the time points

k
tk =tk = —, k=0,,}’lT,
n

at which trading is possible. This means, for each n € N we consider a binomial model with
nT periods, the nth binomial model, which spans [0, T']. Let Sy denote the stock price within
the nth binomial model after k periods, i.e. at calendar time k/n, k =0, ...,nT. To any
t € [0, T] we may associate the nearest time point * < ¢ at which trading is possible, namely
t* = %, since |nt|/n <t < (|nt] + 1)/n. Thus, we define

Su(@®) = Sp,|ne), t€[0,T]
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In what follows, we fix ¢ € [0, T] and study the log of S, (¢), i.e.

[ni]
log S (1) = log(So) + Y _ log(1 + Ryp).

i=1

Denote by P, the equivalent probability measure of the nth binomial model. We want to study
whether the distribution of log S,,(¢) converges in distribution, presumably to a log normal law,
under the sequence { P/} of equivalent probability measures. If such a central limit theorem
holds true, the limit

Ry
Jn

F(x) = lim Py ( (log S, (1) —log Sp) < x)

exists for all x € R.

Let us first determine how to select the parameters 7,,, d,, and u,, of the nth binomial model.
Let r denote the continuous interest rate in the real world, which corresponds to one unit of
time (usually one year), such that a unit investment grows to e’”. Clearly, we have to select
ry, the fixed interest rate for each of the n periods, in such a way that the binomial model
leads to the same accumulated value. This can be ensured by the choice

ra=e’/"—1
implying
(1 +r,)"T = (er/n)"T —T

The model parameters u,, and d, have to satisfy the no-arbitrage condition

O<d,<14r,<u,, neN.
In addition, we confine ourselves to recombinant binomial models where

dou, =1, neNl,

holds true. But then we may choose them as

u, =¢e*, d,=e“, neN,

for some sequence {w,} of positive numbers. Notice that the summands log(1l + R,;) of
log S, (¢) are i.i.d. under P;; with

pp = P, ((og(1 + Ryj) = log(un)) = Py (log(1 + Rui) = o).
Hence under P

Lni]
d
log $,(t) = 1og(S0) + Y _ Zni,
i=0

if Z,1, ..., Zyy are {—ay, oy }-valued random variables with P;i(Z,; = ) = p}. Recall that
the standard form of the central limit theorem makes an assertion on ﬁ Z’}zl &; withiid.
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random variables &1, &, ... with mean zero and finite positive variance. Thus, we introduce
random variables Y, 1, ..., Yy, that are i.i.d. under P} with

Py(Yu1 = 0//n) =1 = Py(Yn1 = —0//n) = p;,,
for some constant o > 0. Then,
[nt]

d
log S, (1) = log(S0) + —= D _ Yu.
ﬁ i=1

To summarize, we select the parameters as follows:

rp =’/ —1
d, =e V" suchthat r,_ =e 9/VM —1 (4.3)
up = e’V suchthat r,y = eVt —1

Consequently, the equivalent martingale measure of the nth binomial model is given by

«  Tn—Tn— er/n — g=olVn

= . 4.4
pn rn+ _ rn_ e”/ﬁ _ eio,/ﬁ ( )

Does p} converge to some nice value?
Lemma 4.7.1 We have

(i) lim pj = and

(i) lim /a2p;—1="£—3%.

Proof. Tt suffices to show (ii). Notice that

2" — 1) — (VT 4 e~V _ )
* _ =
Vn@2py —1)=n N R

o0
where, by virtue of the Taylor expansione* =1+ > i—k,,
k=1"

1
er/"—1=r+0(2>’
n n

1o2 1 o3 1
U/ﬁ_lzi -7 4 ol =
¢ ﬁ+2n+6n3/2+ n?)’
1o 1 o3 1
—o/n ___°% 29 17 —
© Jnoo2on 6n3/2+0<n2>’
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implying
2
eIV 4 om0/ _ 1 — U+0<12>’
n n
200 1 o3 1
o/n _a=o/n _ 22 4 2 2 _
e e ﬁ+3n3/2+0(n2>'
We arrive at

Noticing that in a recombinant binomial model the trajectories of the price process are
determined by the number of up movements, which follows a binomial distribution, we shall
apply the following version of the central limit theorem.

Theorem 4.7.2 Let Y,,n € N, be a sequence of binomially distributed random variables
with parameters n and p, € (0, 1) satisfying

lim p, = p e (0, 1).
n—0oo

Then,
Y, —
L 5 N, D,
npu(l — py) n—o0
asn — oo.

Proof. We may assume that

with X1, ..., Xun il Bin(p;,) for each n € N. Clearly, the random variables X,,; — pp, i =
1, ..., n, are bounded by 2 and have mean 0. Further, sﬁ = Var (Y,) = np,(1 — pp) — o0,
as n — oo. Thus, Liapounov’s condition with § = 1 is satisfied, since

1 & 2 &
5 D ElXui— pal’ <= 5D B = pa)®
noj=1 noi=1
2
S — — 07
Sn

asn — oQ.
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Theorem 4.7.3 (Convergence in Distribution of the Binomial Model) Under the sequence
{ Py} of equivalent martingale models given by Equation (4.4), we have for each t

d 0.2
Su(®) —2 S = Soexp <oB, + <r - ) t) :
n— oo 2

as n — 0o, provided the model parameters are chosen according to Equation (4.3). Here,
B; ~ N(0, t), under the limiting probability measure P*, such that S, (t) is asymptotically log
normal, i.e.
d o?
log S, (t) —> log(So) + (r - > t+ oBy, 4.5)
n— o0 2

asn — oo.
Proof. We have the representation
Sut) = Soun """
where
K\|n ~ Bin(|nt], p})
is the number of up movements until time |nt]. Since f(z) = e?, z € R, is a continuous

function, it suffices to show Equation (4.5). By definition we have

o
logu, = —logd, = ﬁ
such that

log S, (1) = log(So) + -2 K olnt]
g onll) = 108(50 Jn Lnt] N

Standardizing K ;) in the above expression yields

20/ Int]pp(1 = pp) Ky — nt] pj
NG Lnt] pr (1 = pj)

20|nt]p}  olnt]
NN

The third and fourth terms can be simplified to

log S, (¢) = log(So) +

o %\/ﬁ@p; - 1),

which converges to #(r —02/2), by virtue of Lemma 4.7.1. Since p; — 1/2,n — oo,
Theorem 4.7.2 yields

Kiny — Intlpy  d N, 1)

V ntlpi(1 — pk) n—>o0
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as n — oo. Finally, we have

. 20/lnt] pi(l = p3)
pivs N = ot

Now, the Lemma of Slutzky leads to
d (72
log S, (t) = log(So) + o</t - U + (r - 2> t,

asn — oo, if U ~ N(0, 1). Putting B, = +/tU ~ N(0, t) yields the assertion.

This representation of the distributional limit is reminiscent of the geometric Brownian
motion. Theorem 4.7.3 shows that the distributional limit is given by a geometric Brownian
motion at each fixed time point . Indeed, one can establish the stronger result that distributional
convergence to that process also holds true in the sense of weak convergence of random
(cadlag) functions, see Appendix B.2.

These findings suggest that in a continuous-time model the stock price should be modeled

2
S, = Soexp (aBt + (r— 2) z) , tel0,TI.

We are naturally led to the famous Black—Scholes model. The discounted stock price is then
given by

as

* —rt 02
S, =8e" =Soexp | 0B; — 7t , tel0,T],

and follows a log normal law. Notice that the payoff function f(x) = max(K — x, 0) of the put
option is a continuous function that is bounded by K. Hence, the distributional convergence
obtained in Theorem 4.7.3 implies that

E* (max(K — Sy(T), 0)e ™) =00 E* (max(K — S7,0)e™"7).

Recall that the put-call parity relates the put price and the price of an European call given by
the payoff function C(S7) = max(St — K, 0),

E* (max(K — Sy(T),00e™"") = E* (C(Sp)e™T) — So + Ke ™',
we also obtain the convergence of the arbitrage-free price of a European call
E* (C(Sr)e_’T) — o0 EF (max(ST - K, O)e_’T) ,
but we calculated the expectation at the right-hand side in Section 1.5.5 leading to
E* (C(Spe™T) = So@(d1) — Ke T (),

with d; and d» as defined in Section 1.5.5.
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4.8 American options and contingent claims

It remains to discuss how to price American-style contingent claims that can be exercised
at an arbitrary time point before they expire. We shall first provide the relevant theoretical
results that rely on the theory of optimal stopping discussed in Chapter 3 but are, however,
constructive in that we will see how one can construct a hedge and calculate the arbitrage-free
price.

In practice, the pricing of American claims is often done within the binomial model
framework. Therefore, we provide the details and the resulting algorithm.
4.8.1 Arbitrage-free pricing and the optimal exercise strategy

Recall that the holder of an American contingent claim with maturity 7' can exercise the option
at any time point ¢ = 1, ..., T. When exercising at time ¢, he receives the payment F;. In the
case of an American call on a stock S;, the intrinsic value or no-exercise value is

S —K
and the resulting payment is
F; = max{S; — K, 0},

since the option is worthless, if S; < K. Most of the results discussed here apply to arbitrary
American-style derivatives,

th.f(St)’ t=0""a]:

f a measurable function, or even arbitrary claims where {F;} is a F;-adapted process. We
have to answer the following questions:

1. What is the fair price of an American-style claim?
2. When should we exercise in order to maximize the mean terminal value?

In what follows, we assume that the financial market is arbitrage-free and complete.
Suppose that {¢;} is a trading strategy that hedges the associated value process {V;} of the
American claim, such that

Vi = Vi(p), t=0,...,T

Then the arbitrage-free price x we are seeking is given by the initial capital required to set up
the hedge. We have

Vo=x
VZ‘EFI‘» t=1,,T

For a perfect hedge, the above inequalities become equalities. Denote the equivalent martingale
measure by P*. The discounted value process

M;=Vt*=e_r[V,, t=0,,’T,
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is a F;-martingale under P*. Hence, for any stopping time t,
EX(V)= My =V (4.6)
holds true, as shown in Theorem 3.2.18. Since the hedge {¢,} ensures that
V, > Fy, for all ¢,

we may conclude that

Vi=e "V, >e"F,=F/
for all ¢, and therefore

Vi=>F;

as well for any stopping time 7 : 2 — Np. Combining this inequality with Equation (4.6),
we obtain

Vo=E*(e™"V;) > E*(e7"TFy).
In particular it follows that the arbitrage-free price satisfies
x> E*(eF)
for any stopping time t € 7y 7, where
7o, = {r : 7 is a stopping time with 7(2) C {0, ..., T}}
is the set of all stopping times stopping latest at time 7. In other words,

x> sup E*(F))

€Ty, r

with equality if the hedge is perfect. That is, we have to determine the optimal value of the
optimal stopping problem where one seeks t* € 7o, 7 such that E*(F7,) is maximal. We have
solved that problem in Section 3.2.2.3. There we have seen that we need to determine the
Snell envelope of {F/* : t =0, ..., T} defined recursively by

Zr = F;i,
Z; = max{F;, E*(F} ||}, t=0,...,T—1.

Then, according to Theorem 3.2.23 the optimal stopping time is given by the first time point
where the discounted payment F;" is at least as large as E*(F}, ||J;), for any P-almost all
states w € 2, such that F;* = Z;. In other words,

™ =min{t > 0: Z, = F'}
satisfies

Zo = E*(Zy) = sup E*(Zy).

€Ty, r
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Further, the optimal value and thus the arbitrage-free price is given by
x = Zy.

The fact that the hedge has to ensure V;* > F;* with equality for a perfect hedge suggests that
V;* is already the Snell envelope. Indeed, this holds true as shown in the following proposition,
whose proof is constructive in that we see how one can construct the hedge in practice.
Proposition 4.8.1 The Snell envelope of the discounted payment F}, t =0, ..., T, asso-
ciated to an American-style contingent claim is given by the discounted value process V',
t=0,...,T, for a perfect hedge.

Proof. We have Fr = Vr, by definition. At time 7 — 1 we can either exercise the claim
and receive the payment Fr_; or hold it until time 7. We can apply Theorem 4.4.3 with
C* = Fy to see that the discounted time 7 — 1 value, V7_,, of the contingent claim is given
by the conditional expectation E*(F3|Fr—1). Hence, the no-exercise value at time 7' — 1 is
given by

Ny = T VEXFF| Froy).
Notice that N7_ is also the arbitrage-free price of a one-period call option, i.e. with maturity
T, providing the payment F7. One can use such a portfolio replicating such an option to
construct the hedge. Further, when knowing N;_, we can easily decide in favor of early
exercise, if Fr_1 > Nr_1;if Fr_1 < Nr_1, we keep the position in the claim. Therefore, it
follows that the hedge has to guarantee

Vr_y = max{Fr_y, """ VEX(F}| Fro1),
or when discounting those figures
Vi_y = max{F}_;, E*(F}|Fr-1)}.

Using exactly the same arguments, backward induction shows that

Vi = max{F;, e E*(Fiy1|F)
and

V) = max{F}, E*(F/ |F))}
hold true fort =0, ..., T — 1, where we used the fact that F;ﬁH = e_’(t+l)F,+1 such that

e EN(Fy | F) = e EX(Fral Fr)

Hence, {V/"} is the Snell envelope of {F;*}. Notice also that the above arguments show that
one can construct the hedge by backward recursion.
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4.8.2 Pricing American options using binomial trees

Recall that in an N-period binomial model the stock price can only go down or up in each
period,

S( ) Sl—1u7 wr = +7
w) =
! Si—1d, Wy = —,

where w = (w1, ..., wyN) € 2 = {+, —}N, u is the up factor and d the down factor. If the
time step is A, the equivalent martingale measure is given by

erA _ e—aA

e0A _ g—0A’

*

p:

for some o > 0. In Section 4.7 we put A = 1/,/n, where n denotes the number of periods
corresponding to one unit of time (usually one year). Notice that in the nth period we have n
nodes, say (n, 1), ..., (n, n), which are uniquely determined by the number of up movements
of the stock price. Let us introduce the following notation

Sni : stock price in node (n, i);

Fui, F; : (discounted) payment of the option in node (n, i) when exercising;
N,,; : the no-exercise value in node (7, i);

Vi, V3 ¢ (discounted) value in node (1, i);
E,; : 1if the options is exercised in node (n, i), 0 otherwise.

Let us arrange them according to this natural order, such that node (n, i) corresponds to i up
movements. The following figure illustrates this arrangement.

S0 Su1 Sa2 Sa3

A

S0 S31 Ss3o

e

520 521

e

According to the model, we have fori =0,...,n—1, n=1,..., N

SlO

Spi = Sod'u"""
and

Fui = f(Sod'u"™"),
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where the latter equals
F,; = max{Sod'u"~" — K, 0}
for an American call option. The no-exercise value in node (n, i) is
Nui = e (p* Fst jur + (1= p)Fup1 )

such that
Vi = max{Fui, ¢ (p* Fuy1jp1 + (1 — p)Fuyrj)}

Finally, weput E,,; = 1,if F,;; > e (p*F,,+1,j+1 + 1 - p*)Fn+1,j),thatis when the option
is exercised in node (n, i).

The binomial tree is now calculated by starting at the leaf nodes and going back all the
way until the root node is reached. The price of the option is then Vj.

4.9 Notes and further reading

A standard reference for arbitrage theory in discrete time is Follmer and Schied (2004),
on which the present chapter draws. In particular, Theorem 4.4.7 is proved there and
Theorem 4.3.3 is a simplified version of (Follmer and Schied, 2004, Proposition 5.11). For
comprehensive treatments we also refer to Shiryaev (1999) and Bingham and Kiesel (2004)
and the more elementary presentations of Pliska (1997) and Shreve (2004). The multiperiod
binomial model dates back to Cox et al. (1976) and still provides the framework for option
pricing in practice, when closed-form formulas are not available. The construction of martin-
gale measures based on the Esscher transform can be extended to the multiperiod case, and
we refer to Shiryaev (1999) for a detailed account of the related theory.
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5

Brownian motion and related
processes in continuous time

This chapter is devoted to a basic introduction to stochastic processes in continuous time,
particularly to Brownian motion, its properties and some related processes. The study of
Brownian motion, discovered empirically by the botanist Robert Brown in 1827, is a highlight
of modern science. He studied microscopic particles dispensed in a fluid and observed that
they move in an irregular fashion. Albert Einstein developed in 1905 a physical theory and the
related mathematical solution and calculus. He explained the irregular movement by the impact
of the much smaller fluid molecules. Similar ideas were published by Marian Smoluchowski
in 1906. However, in 1900 Louis Bachelier used the one-dimensional version t — By, t > 0,
of the Brownian motion to model stock prices. The economic reasoning is quite similar. The
stream of orders to buy or sell the stock result in small changes (ups and downs) of the stock
prices. The rigorous mathematical foundation is due to Norbert Wiener, who established the
existence of Brownian motion that is therefore also called Wiener process. He constructed the
Wiener measure that describes the distribution of Brownian motion as a function of ¢.

Brownian motion has a couple of specific properties that appear puzzling at first glance.
The trajectories are almost surely continuous, but nowhere differentiable. Further, the length
of the curve t — By, t € [a, b], a < b, is infinite for any interval. Here, we confine ourselves
to a discussion of some useful general notions for stochastic processes in continuous time,
including the extension of the definition of (semi-/super-) martingales to the continuous-time
framework, a formal definition of Brownian motion and its most important basic properties
and rules of calculation. In addition, we introduce some related processes such as the Brownian
bridge, geometric Brownian motion and Lévy processes.

5.1 Preliminaries

Let 7 C [0, c0) be an interval, e.g. I = [0, T].

Financial Statistics and Mathematical Finance: Methods, Models and Applications, First Edition. Ansgar Steland.
© 2012 John Wiley & Sons, Ltd. Published 2012 by John Wiley & Sons, Ltd.
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Definition 5.1.1 Letd € N. A family {X, : t € I} of random variables (ifd = 1) and random
vectors (if d > 1), respectively,

X, (Q,F. P)— R B, rel
is called a stochastic process in continuous time.

Throughout the book we shall use both notations X;(w) and X(¢, w). Again, we shall
simply write {X;} if the index set I can be inferred from the context or by simple reasoning.

The behavior of a stochastic process as a function of the time variable ¢ plays a crucial
role, both in applications as well as in theory.

Definition 5.1.2

(i) For a stochastic process {X; : t € I} the function t — X(t, w) for a fixed w € Q is
called a (sample) path, trajectory or realization of X.

(ii) {X,} is called a left/right continuous or continuous process, if the function t >
X(t, w) is left/right continuous or continuous for each w € Q. If these properties hold
forall w € Q\N, N a measurable null set, we say that {X;} is left/right continuous
a.s. Or CONtinuous a.s.

(iii) A right continuous process with existing left-hand limits (a.s.) is called a cadlag
process.

The term cadlag is a French acronym for continu a droite, limite a gauche that simply
means right-continuous with left limits. The following notions directly carry over from the
discrete case to case that the time index is continuous.

Definition 5.1.3

(i) A family {F; : t € I} of sub-o-fields is called filtration, if
Fs CF CF, foralls,tel with s<t.

(ii) A stochastic process {X; : t € I} is called F;-adapted, if X; is F;-measurable for
anyt € 1.

(iii) The filtration given by F; = o(Xs : s <t) = G(UsSth_l(Bd)) is called natural fil-
tration.

(iv) A probability space (2, F, P) endowed with a filtration {F;} is called a filtered
probability space and is denoted by (2, F, {F;}, P).

Definition 5.1.4 Let {M; : t € I} be a F;-adapted stochastic process with
()

E|M,| <oco,¥tel
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Then,
(ii) {M;} is called a martingale, if My = E(M; | Fs) (P-a.s.),Vs,t € withs <t.
(iii) {M;} is called a submartingale, if M; < E(M; | F) (P-a.s.),Vs,t € [ withs <t.

(iv) {M;}is called a supermartingale, if M; > E(M; | F;) (P-a.s.),Vs,t € [ withs <t.

It is definitely time for some examples.

Example 5.1.5

(i) For a random variable A defined on (2, F) let
Xi(w) = X(t, w) = A(w) - sin(t), t€[0,27], w € Q.

Then {X; : t € [0, 2x]} is a process with continuous paths, i.e. a continuous process.

(ii) Let X1, ..., X, be arandom sample defined on (2, F, P) and consider the empirical
distribution function

1 n
Fat) = ~ 21: 1(X; < 1), teR.
=

{F,(®) : t € R} is a cadlag process, since all trajectories t — Fy(t, ), w fixed, are
right continuous step functions.

(iii) For a process {X; :t € [0, T1} consider the natural filtration F; = o(Xs: s <t),
t € [0, T). Then the process

Y, :=X>—1t, tel,

is Fr-adapted.

(iv) Suppose{X;: t € I}, I =0, T, is a continuous process and let F; = o(X; : s < t).
Since s — X (w) is continuous for each fixed w € Q, we may define

t
Z(w) =/ Xy(w)ds, tel,
0

for any w € 2, where the integral is understood in the Riemann sense. By construc-
tion, it is F-adapted. We shall study such stochastic integrals in the next chapter in
greater detail.

We shall not stress questions of measurability, but notice that the above definition does
not require that the functions t — X,(w),t € I,and X(-, -) : I x 2 — R are measurable. The
stochastic process X is called measurable, if the latter mapping is measurable when / x Q
is equipped with the o-field B(I) x F and R? with the Borel-o-field 3¢. Having in mind that
in economic applications adapted processes matter it is natural to require that at each fixed
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time instant ¢ the mapping X(s, w) for s € [0, ¢] and all @ is measurable with respect to events
that are determined up to and including time ¢. This gives rise to the following definition. A
process is called progressively measurable or progressive, if for any fixed ¢ the mapping

X:[0,1] x @ — RY, (s, ) —> X(s, w), sef0,1],w € R,

is B([0, t]) x F; - measurable, i.e. if [0, 7] x Q is equipped with the o-field B([0, t]) x F;.
Since B([0, 1]) x F; C B(I) x F, progressive processes are measurable.

For applications left and right continuous processes are of particular importance. The
following result ensures that for these classes measurability problems do not occur.

Lemma 5.1.6 Any left or right continuous adapted process is progressively measurable.

Proof. For a right continuous adapted process X = {X;} define
n
Xi(s, ) =Y X(it/n, @)1 1y/mit/m(5).
i=1
Fix . Notice that for any Borel set A
E/={(,w):0<s<tweQ, Xus,w) e A}

is the disjoint union of {0} x {w: X(0,w) € A} and UL ((i — Dt/n,it/n] x {w:
X(it/n, w) € A}. Since X is adapted, E; € B([0, t]) x F;. This shows that X,,; is progressive.
By right continuity, X,,/(s, ) - X(s, ®), as n — oo, pointwise for all s € [0, ¢] and w € Q.
Since limits of measurable functions are measurable, we have verified that X is progressive.

If (X, Y) is a bivariate random vector with EX? < oo and EX? < o0, the quantities
px = E(X), uy = E(Y), 0% = Var (X), 0% = Var (Y)
and
pxy = Cov(X,Y)

exist. They provide a lot of information on the behavior of (X, Y). For example, Chebechev’s
inequality implies that | X — x| < kox occurs with probability larger than 1 — 1/k?, for any
constant k, and X and Y are located on a straight line a.s., if |pxy| = 1.

The corresponding extensions of the notions mean, variance, covariance and ((strict)
stationarity) to a stochastic process are as follows.

Definition 5.1.7 Let {X; : t € I} be a stochastic process.

(i) A process {X;} is called a second-order process or L, process, if Eth < o0
forallt.

(ii) If E|X:| < oo forallt, u(t) = EX(t) is called a mean function.
(iii) yx(s,t) = Cov(Xy, X;), t, s € I, is called the (auto) covariance function of X.

(iv) rx(s,t) = E(XsX;), s, t € I, is called a correlation function.
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(v) {X;} is (weakly) stationary, if yx(s, t) = yx(|s — t|) for some function y.

(vi) {X;} is strictly stationary, if

d
(X[] g ey Xl‘,,) - (th+h, [ th_l’_h)

forallt; <---<ty,n>1andh € Z.

5.2 Brownian motion
5.2.1 Definition and basic properties

Definition 5.2.1 (BROWNIAN MOTION, WIENER PROCESS)
A stochastic process {B(t) = B, t € [0, 00)} is called Brownian motion (BM) or a Wiener
process, if for some constant o > 0 the following properties are satisfied.

(i) For any time points 0 <ty <t] < --- <1y, n €N, the increments
B(1), B(t1) — B(10), . .., B(ta) — B(ty—1)

are stochastically independent.

(ii) Forallt, h > 0 the increments are normally distributed,
B(t + h) — B(t) ~ N(0, 6>h).

Equivalently, for all 0 < s <t we have B(t) — B(s) ~ N(0, 02(t —5)).
(iii) The paths t — B(t, w), w € 2, are continuous.
(iv) B(0) =0 (BM starts in 0).

If o = 1, then {B;} is called a standard Brownian motion.

In the literature, a Brownian motion also often refers to a standard Brownian motion.

Suppose we are given a Brownian motion {B;}. We may then consider the natural filtra-
tion }; = o(B; : 0 < s <1),t > 0, making B; adapted. Often, one wants to consider larger
filtrations containing more information than the path of the Brownian motion of interest,
e.g. F; = o(By, X : 0 < s <) for some other process {X;} defined on the same probability
space. This gives rise to the following more general definition:

Definition 5.2.2 {B;} is called Brownian motion or a Wiener process w.r.t. a filtration
F;:, if the following properties hold true.

(i) By is Fi-adapted.
(ii) For all s < t the increment B; — By is independent from the o-field Fy.
(iii) Forall s <t we have B; — By 4 Bi—s — By ~ N(0, o(t — s)) for some o > 0.

If o = 1, then {B;} is a standard Brownian motion w.r.t. F;.
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By definition, the value B; of a Brownian motion as well as its increments B; — By,
s < t, are normally distributed. As we shall see below, the independence of the increments
automatically implies that any random vector (By,, ..., By ), wherety, ..., &,k € N, are fixed
time points, corresponding to Brownian motion sampled at k time instants, is multivariate
normal.

Definition 5.2.3 (GAUSSIAN PROCESS)

A stochastic process {X; : t € I} is called a Gaussian process, if forallty, ..., tr, k € N, the
random vector (Xy,, ..., Xy, ) obtained by sampling the process at these time points satisfies
(Xt], s th) ~N (Mtl ..... o Etl,...,tk)

with
W=y, 5=EXq, ..., Xt,l)/v

T =%, .= (Cov(Xy, X;))

I=ij=k’

If %4, 4 is invertible, then (X, , ..., X, ) attains the density

R S S N T
f(-x17"'7xk)_ (2n)’1/2mexp{ 2(x I‘L)E (-x /.L)},

forx = (x1,...,xx) € R¥,

Example 5.2.4 Brownian motion is a Gaussian process with mean function
m(t) = EB(t) =0, t>0.
For O < s <t the autocovariance function is given by
y(s, 1) = Cov(B(s), B(1))

= Cov(B(s), B(s) + [B(t) — B(s)])

= Cov (B(s), B(s))

= azs,

by independence of B(s) and B(t) — B(s). Therefore

y(s, 1) = 0'2(S AL) = o? min(s, 7).

Let us consider the random vector
(Bl‘lv""Bl‘n) (51)

obtained by sampling a standard Brownian motion at n fixed time points #; < --- < #,. It is
clear that this vector is normal, since it is a linear transformation of the random vector

(BI]V Btz - Btlv sy Btn - Bt,,_|)

whose coordinates are independent and normally distributed by the defining properties of
Brownian motion.
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We are interested in calculating its n-dimensional density. Let us first consider the case
n = 2 and calculate the conditional distribution of By, given B; = x. To introduce the notion
of a transition density, let { X;} be some process taking values in a set X C R. If there is some
measurable function ¢(x, y) such that

Z

P(Xyy Sles:x):/ o(x, y)dy, zeR, xe X,

—00

then ¢ is called a transition density of {X,}. More generally, let us fix time instants #| <
- < t, and consider

P(B;, <xp | B; =x;,i=0,...,n—=1)
=P(Btn_Bl‘n,1 §xn—Bln71 |Bfi=.Xi,i=O,...,n—1)
= P(Bt,, _Btn,1 < Xp — Xp—1)

Xn—Xn—1

1 ( u? >
= ————— exp| ————— | du.
\/27T(tn - tn—l) z(tn —lh1)

—00
Putx, =z,t, =s+1t,t,_1 =sand n = 2 to see that
Z—X
P(Byi; <z | By = x) / ! “Y 4
¢ ¢c = X = —F €X _— u
s+t =2 K m p 2t
—0Q0
/Z I ( @—W)
= —— exp| ————— | dy.
0 —00 27t 2t
y=x+u

Hence, for each ¢ > 0 and x € R the function

(t,x. y) (=) = — <“_”ﬁ R

= plt,x,y) =@onx—y) = exp| ——— |, e R,

is a density of By, given B; = x, where P(,02) denotes the density of the normal distribution
with mean u € R and variance o> > 0. Recalling that B, ~ ©(0,5), we find that

(x, ¥) = 90,5 X)@0,n(x — y) is a density of (By, Byi(),

the random vector obtained by considering two projections of the form 7;(B) = B,. This
product form of the joint density extends to the case of a finite number of such projections,
yielding the finite-dimensional distributions (fidis) of Brownian motion. Before discussing
this point, let us briefly provide a simple argument that the random vector (5.1), denoted by
X in what follows, is normally distributed. First, notice that

Y = Cov(X) = diag(t;, 12 — 1, ..., ty — th—1).
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Let
1 0 0 0
1 0 0
A=
1 1 1 1
Then
(Byy.,---, B;,) = AX ~ N(0, &%),
where
t 1 1
t bh—1 153 t
1 15 3—1H 13 13
T*=AZA =
f t N e/ T |

Lemma 5.2.5 (FINITE-DIMENSIONAL DISTRIBUTIONS)
FixO=ty<t; <---<t,, ne€N. Let {B;} be a Brownian motion (with start in 0). Then
(Byy, ..., By,) attains the density

n

1o n) 2 (et xn) = [ [ 90066 — xic1),

i=1

for (x1, ..., x,) € R", where xog = 0.

Proof. We establish the formula by induction, the case n = 1 being trivial, since B;, ~
N(O, t; — tp), where here and in the rest of the proof we assume o = 1. Thus, let us show the

induction step n — n + 1. By conditioning on (B;,, ..., B;,) = (x1, ..., x,), we see that for
any Borelsets Ay, ..., A, theprobability P(B;, € Ay, ..., B;,,, € Ayy1)canbe calculated
as

[ [ PG € Al Ba B = G ) APl 1),
Al Ant

Recall the following facts. If (By,, ..., B;,) admits a density ¢,(x1, ..., x,), then
P(B; € Ay,..., B, € Ay) = / / On(x1, ..., xp)dx; ... dx,
Ay An

and for any d P By By y-measurable function A(x1, ..., x,), the expectation

EWBiye oo By = [ [ B 5 P )
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equals
/~-~/h(x1, e X)@n (X1, ., xp)dx L. dxg,.
We now use these facts with A; = (—o0, x;],i =1, ..., n + 1, to obtain
P(BI,H,I = xﬂ+1|(Bll’ D) Btn) = (xlv ) xl’l))
= P(B,,, — By, < xp+1 —xnlBy; =xi,i=1,...,n)
Xp+1—Xn Xn+1
= / POty —1)(2) Az = / POty —t0) (U — Xn) du.
—oo —00

Putting things together and making use of the assumption we obtain

P(Bll = Xlyenns Bln = Xn, Bln+1 = xn—i—l)

X1 Xn Xn+1
:/ / {/ PO, 151 —1) (1 —x,,)du} dP,....B,) (X1, - - -5 Xn)
—0oQ —0Q0 —0o0

X1 Xn Xn+1 n
= / .. / / OO, 151 —t,) (U — Xp) dut H ©O,1—1_ (X — xi—1)dxy .. .dx,
—00 —00 J —00 i=1

X1 Xn+1 ntl
= / ces / H (0(0,t,'ftl;1)(xi — xifl)d)ﬂ cee dxn+1 ,
- T =1

which completes the proof.

Lemma 5.2.5 allows us to calculate the probability of random events, as long as they
depend on Brownian motion only through its values at a finite number of time points. The
question arises whether this still holds true for events depending on, say, the whole path. One
can show that this indeed holds true, since the finite-dimensional distributions determine the
distribution of a process.

Definition 5.2.6 (BROWNIAN BRIDGE)
Let {B; : t € [0, 1]} be a standard Brownian motion defined. Then the process

B%(r) = B, — tB(1), r€0,1]

is called a Brownian bridge.

Itis clear that E (B?) = 0 for all ¢, and a direct calculation shows that
Cov(B;, By) =s(1 — 1)
for0 < s < t < 1. Further, B® is a Gaussian process. Next, fix some s € (0, 1) and notice that
E(B°B)) = E(ByB; — sB}) = min(s, 1) — s = 0,

which shows that B? and Bj are independent. Similarly, for any 0 < 51 < --- <5, < 1 the
random vector (B?l ey B?n ) obtained by projecting B onto those time points is independent

of B(1), which shows that {Bg : s € (0, 1)} is independent of Bj.
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Brownian motion itself and many derived stochastic processes are martingales. The
following proposition lists the most important three martingales related to Brownian
motion, with respect to the natural filtration F; = (B : s < t).

Proposition 5.2.7 Let {B; : t > 0} be a standard Brownian motion (w.r.t {F;}). Then the
following processes are F;-martingales.

(i) {B;: t >0}
(ii) {B> —t: t>0)}.
(ii) {exp <ch, - ”721) D> 0}, o> 0.
Proof. Let us first check (i). Let s < ¢ and notice that E(B; — By) = 0. Since By is F;s-
measurable and the increment B, — By is independent of F;, we have
E(B; | Fs) = Bs + E(B; — Bs | F5) = Bs + E(B; — Bs) = B;.
To verify (ii) notice that
E(B} | Fs) = E((By+ B; — By’ | F)
= B} + 2B, E (B, — By | F,) +E((B; — B, | F;)
~—_——

=0
=B+ E((B: — By? | F)

=I1—s

= B2+ (1 —s),
yielding E (Bt2 —t| Fy) = B? — s. Finally, (iii) follows from the fact that for s < ¢

E@€ | Fy) = E@BHBB) | 7
— eaBs . E(SJ(B’_BS) | fv)
— eO'BsE(eo'(Bt_Bs)).

4

We have to calculate E(e?Br—Bs)) = E(ef) where Z o(B; — Bg) ~ N(O, o2t — s)). First

consider E(e??) for Z ~ N(0, 1) and b € R:
E(ebZ) _ ebx; efx2/2 dx

V2r
_/ 1 exp(—(x—b)2+b2) e
) Von 2

B »? 1 —(x — b)? q
con(8) [ g en(5)

=1
()
=exp( - |-
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Now put b = o4/t — s to conclude that

02(t7s)
E@e® | Fy) =eBe 2 .

Thus, we arrive at

2

(72 o
E(eaB,—Tt fs) — eGBJ—Ts-

The process appearing in Proposition 5.2.7 is of particular importance.

Definition 5.2.8 (GEOMETRIC BROWNIAN MOTION)
The stochastic process

Xi(w) = Xoexp(ut +oBi(w)), t>0,weQ,

is called geometric Brownian motion with drift u € R and volatility o > 0. Here, B, is a
standard Brownian motion.

Corollary 5.2.9 A geometric Brownian motion with drift 1 = —% and volatility o > O is a
Fi-martingale.

Suppose we are given a Brownian motion {B; : ¢ € [0, 1]}. Our above results on the finite-
dimensional distributions describe its probabilistic behavior. What happens if we zoom in the
process corresponding to ¢ € [0, A], i.e. if we consider B, for ¢t € [0, 1]?

Lemma 5.2.10 (SCALING PROPERTY)
Let B = {B;} be a standard Brownian motion (with start in 0) and fix A > 0. Then,

(B 1> 0} < (2128, 1 >0).
More generally, for t| <---<t,, neN, the random vectors (B, ..., By,) and

Al/z(B,l, ..., By)) are equal in distribution. In particular, {)FI/ZBM : t > 0} is again a stan-
dard Brownian motion.

Definition 5.2.11 A F;-adapted process { X;} taking values in a set X C R is called a Markov
process w.r.t. F; if for any measurable function f : X — R there exists a measurable function
g: X — R, such that

E(f(X0) | Fs) = g(Xs)

holds true forall 0 <s <t <T.

Theorem 5.2.12 A Brownian motion {B(t) : t > 0} with respectto F; = o(Bs: s <t),t >
0, is a Markov process.

Proof. Notice that given F; the value of B is fixed, say By = x, such that

E(f(By) | Fo)(@) = E(f(x + (B: — By)) | Fy)(w)



188 BROWNIAN MOTION AND RELATED PROCESSES IN CONTINUOUS TIME

for all w € Q. Since B; — By is independent of Fj, the last expression is given by

E(f(x+ B, — By) = /f(x + Y)P0,0(—s)(¥) dy = g(x),

which is a measurable function of x.

5.2.2 Brownian motion and the central limit theorem

Let { B;} be a Brownian motion defined on a probability space (€2, F, P). Define the random
variables &,; : (2, F, P) — (R, B) by

Eni(w) = /11 - (B(g,w) —B(%,w)), i=1,....n.
The &,;s have the following properties:
@) &1, ..., &, are independent for each n € N.
(i) & ~ N(0,0%), 1 <i<n,neN.

Further, by definition

k
1
—=> &= B,
e

such that
1 Lnt]
_ C_ ~ 2
7 ;s = Bluj/n —> Bi~ N0, 0%).
If we put aside the concrete definition of the £,;s and just notice that properties (i) and (ii) imply
that &,;,i =1,...,n, n > 1, forms a triangular array of row-wise i.i.d. random variables,

we may apply the central limit theorem and obtain that, for any fixed ¢, [nt|~!/? Z}fﬂ &ni
converges in distribution to N (0, 02), which implies that

Lnt]
1 d 5
NG > &i = B~ N(©,0°0), (5.2)
i=1
as n — oo. This observation indicates that Brownian motion should provide the correct
asymptotic limit for such scaled partial sums in the sense of distributional convergence (of the
fidis or even in a more general sense) under quite general assumptions. The above observations
give rise to the following definition.

Definition 5.2.13 Let {X,; :i = 1,...,n,n > 1} be an array of random variables. Then the
process
Lnt]
S (1) = — Xoi, te0,1],
(0= ; i [0, 1]

is called a partial sum process.
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Before relating our above findings to the results on the convergence of the stock price
process in binomial models which led us to the famous Black—Scholes formula, it is worth
discussing the indicated extension of the CLT in the sense that the asymptotic distributional
behavior of the partial sum process is given by Brownian motion. An appropriate extension
of the notion of convergence in distribution is the notion of weak convergence. A sequence
{X, X, } of stochastic processes taking values in some separable and complete metric space
(S, d) with metric d converges weakly, denoted by

X=X,

asn — 0o, iff f(X,)dP — f f(X)dP,asn — 00, holds true for all bounded functions f :
S — R that are continuous with respect to the metric d. If § = R and d(x) = |x|, x € R, one
obtains the convergence in distribution of random variables. The famous invariance principle
of Donsker now asserts that

Sn => Ba

asn — oo, provide the increments are i.i.d. with mean zero and variance one. Then it follows
that P(S, € A) can be approximated by P(B € A) for a sufficiently rich class of sets A
consisting of cadlag functions. It also follows that one may conclude from this fact that
P(¢(S,) € A) converges to P(¢p(B) € A) for a continuous mapping f. At this point, we shall
not go into the rather involved details and refer to Appendix B.1.

Taking those results for granted, we are in a position to get a deeper understanding of the
central limit theorem for the stock price process that formed the basis of our derivation of the
Black—Scholes price formula.

Revisiting Theorem 4.7.3: Let us first recall the assertion of that theorem. Under the
sequence {P,}, where P, denotes the equivalent martingale measure of the nth binomial
model, the stock price process S, (¢) converges in distribution to the random variable

0_2
S; = So exp((r—2>t+aBt), t> 0.

Here, {B;} is a standard Brownian motion defined on (2, F, P*), i.e. under the probability
measure P* the Brownian motion B has drift O and volatility 1, and P* is the limit of P,
determined by the limit lim,,_, o, p, = 1/2. Consequently, the discounted stock price

Sp(t) = eS8, (1)

converges (point wise) in distribution to a geometric Brownian motion,

S*(t) 5 S* = Soexp(—t02/2 + oB),

as n — o0. By Corollary 5.2.9, the limit process is a martingale under P*. Using the more
involved calculus of weak convergence on Skorohod spaces outlined above, one can show
that the convergence in distribution of Theorem 4.7.3 extends to weak convergence of the
(discounted) partial sum price process {S;(t) : t € [0, T]} to geometric Brownian motion
{Sy :t € [0, T}, as the number n of binomial models converges to oo, thus approximating
continuous-time trading.
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These results suggest that the geometric Brownian motion is an appropriate idealized

mathematical continuous-time model for the stock price. Further, there exists a probability
measure such that the discounted stock price is a martingale.

5.2.3 Path properties

Definition 5.2.14 Let {X;} and {Y;} be two stochastic processes defined on a probability
space (2, F, P). {Y;} is called a modification or a version of {X,}, if

In this case, {X;} and {Y;} are also called equivalent processes.

Lemma 5.2.15 [If {Y;} is a modification of {X;}, then they are equal in distribution, i.e. their
finite-dimensional (marginal) distributions (fidis) coincide.

Proof. We show the stronger assertion that
PXy=Yy,.... X, =Y;,)=1V0=<n,....t, <T, neN. (%)

Then the fidis coincide. Suppose (*) does not hold. Then P(X; =Y, ..., X;, =Y;,) < L.
It follows that there exists a set g € F with P(£2¢) > 0, such that

VoeQ: 3Fjw) efl,....n}: Xy, (o) # Yy, (o).
Clearly, Qo = U?:l A, if A; = {Xy; # Yy}, with P(A;) > O for at least one i.
Example 5.2.16 This example shows that one may change a process, e.g. a Brownian motion,

at a random time point without affecting its distribution. So, let { B;} be a Brownian motion
and U ~ exp(1). Consider the process

B;, U+t
L[ +
B, +1, U=t

fort > 0. Notice that the paths of V; are no longer continuous. By Lemma 5.2.15, in order to
show that {V;} 4 {B;}, it suffices to check that {V;} is a modification of B;. We have

P(Vi # B) = PU=1)=0,

forallt > 0. Hence, the fidis coincide, although {w : Vy(w) = By(w) for all t € [0, 00)} = §,
such that

P(Vi=B;: Vi€[0,00) =0,
there is not a single realization of those processes with equal paths.

We see that equivalent processes do not necessarily have the same paths.
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Definition 5.2.17 {X;} and {Y;} are called indistinguishable, if

P(X, =Y, Vtel)=1.

5.2.4 Brownian motion in higher dimensions

Let B(t) be a (standard) Brownian motion and let By(?), ..., B,(¢) be independent copies of
B(?). It is natural to call the process

t—= (Bi(1), ..., B,@), t>0,

with trajectories in the Euclidean space R" n-dimensional Brownian motion. Clearly, this
process has independent coordinates by construction. By considering linear combinations

Xi(t) = aj1 B1(t) + - - - + ain By (1), i=1,...,m,
for constants g;; € R, we obtain correlated Gaussian processes. Notice that
X(1) = (X1(0), ..., Xx(1)) = AB(),

if we put

, ;
where a; = (a;1,...,ain),i=1,...,m.
In particular,

Cov(X;(s), X (1)) = Cov(a;1 Bi(s) + - - - + ain Bn(s), aj1 B1(t) + - - - aju By (1))
= ajiaj; Cov(B1(s), B1(t)) + - - - + ainajn Cov(By(s), By (1))
= (aj1aj1 + - - + ajpajy) mings, t)

= aja; min(s, 1),

by independence of By, ..., B,. If we denote the m x m matrix of these covariances by
Cov(X(s), X(1)), we obtain the formula

Cov(X(s), X(¢)) = min(s, )AA’.
The general definition of n-dimensional Brownian motion is as follows.

Definition 5.2.18 An n-dimensional stochastic process t — B(t) = (Bi(?), ..., B,(1)),
where {Bij(t):t >0}, i=1,...,n, are univariate stochastic processes, is called
n-dimensional Brownian motion with covariance matrix %, if

(i) EB(t)=0forallt > 0.

(ii) The finite-dimensional distributions are Gaussian.
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(iii) The covariances are given by
Cov(B;(s), B(t)) = E(Bi(s)Bj(t)) = o;; min(s, 1)

SJorall1 <i, j<nandalls,t >0, where o;; are the elements of X.

5.3 Continuity and differentiability

The following famous theorem provides a simple moment criterion in order to determine the
smoothness of the paths of a stochastic process.

Theorem 5.3.1 (KOLMOGOROV—CHENTSOV)
Let {X; : t > 0} be a R-valued process. If for each T > 0 there are constants a, , C > 0
with

E|X;—X/*<C-lt—s|""P, Vs 1el0,T],

then there exists a modification of {X,} with locally Héolder-continuous paths of order y for
any y € (0, /o).

Let us apply Chentsov’s criterion to a standard Brownian motion B;. The fact that

B — By~ NQO, [t —s) < \/lt—s|-U, U~ NQO,1),
implies that
E|B, — By|*" = |t — s|"E|U|".

For n = 2 we obtain E|B; — B,|* = |t — s|2. Hence, we may conclude that there exists a
Brownian motion with Holder-continuous paths. If we put « = 2n and 8 = n — 1, then

B n—1 1
a 2n TZ'

Therefore, for all 0 < y < 1/2 Brownian motion is Holder-continuous of order y.
We have seen that Brownian motion has continuous sample paths. This means that
limg_,, B(s) = B(t) holds true (for a modification).

Definition 5.3.2
(i) A stochastic process {X;} taking values in R is called continuous in probability, if
P (lim X, = x,) = 1.
51

(ii) A stochastic Lo-process {X;} taking values in R is continuous in the mean square
or m.s. continuous, if

lim X, = X; in Ly forall t,

s—>t
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lim E| X, — X;|* = 0.
s—>t

Obviously, the definition can be easily extended to processes with values in R? by replacing
| - | by a vector norm.

Whether or not a process is m.s. continuous can be easily analyzed by investigating the
correlation function rx(s, 1) = E(XX;).

Lemma 5.3.3 A process X; is m.s. continuous, if and only if
rx(u,v) = rx(t, 1), if(u,v) = (,1). (5.3)

In particular, a stationary process is m.s. continuous, if rx(t) = rx(0, t) is continuous at 0.

Proof. The sufficiency follows from the fact that
E(Xs — X0)® = rx(s,8) = 2rx(s, 1) + rx(t, 1),

since s — t implies that (s,f) — (¢,¢#) which in turn yields rx(s,t) — rx(t,t) by
Equation (5.3). The necessity is shown as follows. Notice that

Irx(u, v) —rx(t, )| = [E(X, Xy) — E(X; X})]
is not larger than
|E(Xy X)) — E(X: X)| + |E(X: X)) — E(X: X))|.

Applying the Cauchy—Schwarz inequality to the first term yields

|E(XuXy) — E(X: X)) = |[E(Xy[Xy — X ]| < \/E(X%)E(Xv — X%,

which converges to 0 if («, v) — (¢, t). The second term is estimated analogously. The suffi-
ciency of Equation (5.3) follows.

5.4 Self-similarity and fractional Brownian motion

Let By, t > 0, be a standard Brownian motion. Recall the scaling property, Lemma 5.2.10,
which asserts that for any A > 0

(B :1>0) L (A28, 1> 0). (5.4)

This means that a change of the time scale ¢ + At has the same effect as a change of state space
x — A2x. A process for which such a change of the time scale is equivalent (in the sense of
equality in distribution) to some change of the state space is called self-similar. Precisely:

Definition 5.4.1 (SELF-SIMILARITY)
A process {X; : t > 0} is a called self-similar if for each \. > 0 there exists some v = v(L) > 0
such that

(X3 1> 0L (X, 1> 0).
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When v = A", H is called the Hurst exponent and {X, : t > 0} is called self-similar with
Hurst exponent H. D = 1/H is called the (statistical) fractal dimension of {X/}.

The self-similarity of Brownian motion actually results from its covariance function, since
E(Byy, By) = min(As, Af) = Amin(s, 1) = AE(By, B;) = E(\'/>B,)(W'/* By),

which carries over to the finite-dimensional distributions leading to Equation (5.4).
The question arises whether there is there some covariance function c(s, t) such that

c(As, At) = )\.HC(S, 1),

for some H +# 1/27 The answer is positive: Consider
1
cnts) =5 (IsP7 + 1P —ls =), sreR. (5.5)

For 0 < H < 1 the function cg(s, f) is non-negative definite and obviously satisfies
cg(As, At) = XZHCH(S, 1), s, t e R.

For any non-negative function one may define a mean zero Gaussian process possessing that
function as its covariance function. So suppose that {X; : t > 0} is a process with covariance
function cy (s, t). Then, repeating the arguments for Brownian motion,

E(X;5X30) = cu(hs, 1) = M EX X)) = EQP X)W X)),
leading to
(X t>0 L (HX, 1> 0).

That is, the process {X;} is self-similar with Hurst exponent H. Does there exist a continuous
version? Let us check the Kolmogorov—Chentsov criterion. We have for all 0 < s, ¢

EIX, — X,|* = E(X?) — 2E(X,X;) + E(X?)
=cu(t, 1) + cu(s, s) — 2cu(s, 1) = |t — s>,

It follows that for H > 1/2 the Kolmogorov—Chentsov criterion is satisfied with « = 2 and
B =2H — 1. Before treating the case H < 1/2, notice that {X;} has stationary increments
with zero mean and variance

E(BY = BY)” = |1 — s,
that is

B — BH ~ N(O, |t — s*H).
This implies that the moments of the increments are given by

H 2%k _ 2k! 2Hk
E(B'-B)" = Wlt—ﬂ )
For given 0 < H < 1/2 select k such that 2Hk > 1 to verify the Kolomogorov—Chentsov
criterion.
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Definition 5.4.2 (FRACTIONAL BROWNIAN MOTION)
A continuous Gaussian process with mean zero and covariance function (5.5) is called stan-
dard fractional Brownian motion.

Notice that H = 1/2 yields a standard Brownian motion.
A fractional Brownian motion Bf’ , t > 0, with parameter 0 < H < 1 therefore has the
scaling property

(B .1>0} £ (1B :1>0).

Let us summarize: A standard fractional Brownian motion starts in 0, has stationary normally
distributed increments and is self-similar with Hurst exponent H.

The fact that the differences are stationary but dependent gives rise to the following
definition.

Definition 5.4.3 (FRACTIONAL GAUSSIAN NOISE)
Let {B,H : t > 0} be a fractional Brownian motion with Hurst exponent 0 < H < 1. Then the
sequence

E=B%, —-BI,  1=0,1,...

is called standard fractional Gaussian noise.

5.5 Counting processes

5.5.1 The Poisson process

Suppose 11, 12, . .. are random times. For example, the t; may indicate the time instants when
a certain event occurs such as price shifts due to unexpected news. There are different ways
to represent those random times by a single function. For example, by an indicator process

o0
L= 1), 1=0.

i=1

Then, I, = 1 if and only if t = 7; for some i € N. But usually one also wants to count how
many events already occurred and therefore considers the counting process or point process
associated to the random times,

o0
N=) 15 <0, t=0.
i=1

If sup, 7, = oo, then N, is called a counting process without explosion. Obviously, N; is
the number of events that occurred up to time . Notice that N, is a cadlag function, more
precisely a right-continuous piece-wise constant function with jumps of size 1 at the random
times T;.

It is easy to check that NV; is adapted, if and only if all t; are stopping times.

Notice thatif 71 < 1p < ---, we have

T <t& Ny >, T <t<Tiy1 & N =u.
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Definition 5.5.1 A counting process {N; : t > 0} is called a Poisson process if N; is adapted,
is without explosion and has stationary and independent increments that follow a Poisson
distribution such that

N; — Ng ~ Poi(rt), t>0,
forsome X € (0, 00). A is called the intensity parameter. The corresponding centered process
N = Ny — A, t>0,

is the compensated Poisson process.

The probability to observe k jumps in [0, t] is given by

Ak
P(Nz=k)=%efk', k=0,1,...,

and the mean, variance and covariance function of N; are given by
E(N;) = At, Var (N;) = At,
and
Cov(Ng, N;) = min(s, )\,

for s, t > 0. Notice that E(N;)/t = A is the mean number of jumps (per unit of time). It is
also called the mean arrival rate.
It is easy to verify the following result.

Lemma 5.5.2 N is a martingale with mean 0.

Since the Poi(A)-distribution has the characteristic function u — exp(A [e* — 1]), the char-
acteristic function gy, (1) = E(e*™N1), u e R, of a Poisson process is given by

on, (u) = exp(rr[e™ — 1]), ueR,
and for a compensated Poisson process we obtain

one(u) = E(e"“NM) = exp(rr[e™ — 1 — iu]), uelR.

5.5.2 The compound Poisson process

Recall our introducing example of random time points at which the market processes unex-
pected information that really affects the prices. Suppose that the ith event occurring at time
7; leads to a price movement Y;. Then the additive effect of all such unexpected events on the
stock price is given by

N
Xi=) Y
i=1

since at time ¢ exactly N; events have already occurred with jump sizes Y1, ..., ¥;.
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Definition 5.5.3 If{N; : t > 0} is a Poisson process and {Y,, : n € N} is a sequence of i.i.d.
random variables such that {N;} and {Y,} are independent, then X; = Zl]\i 1 Yi, >0, is
called a compound Poisson process. The corresponding centered process

is called a compensated Poisson process.

The mean, variance and covariance function of a compound Poisson process with Y1 € L»
are given by

E(X,) = ME(Y)), Var (X) = ME(Y})
and
Cov(X, X,) = Amin(s, w)E(Y7).

Clearly, the sample paths of a compound Poisson process are not continuous. However,
the following result shows that the probability of observing an increment X; — X larger than
& > 01is small for s & ¢ and tends to 0, if s — 7.

Lemma 5.5.4 A compound Poisson process is continuous in probability.
Proof. Fix ¢ > 0. Observe that | X; — X;| = | Zf\iNﬁ-l Y;| = 0 if there is no jump, i.e.
{w: Ni(w) = Ns(@)} C{o: [Xi(w) — Xs(w)| = 0},
such that {|X; — X| > 0} C {N; > N,}. We obtain
P(X;: — X5| =€) < P(N; — Ny > 0) =1 —exp(—A(t — 5)) = O,
if s — t.

Lemma5.5.5 A compound Poisson process X; = Zfil Y;, t > 0, has stationary increments
that are independent of each other and of the past.

Proof. Notice that for s < ¢

N, N;—Nj N;—Nj
X =Xo= > Yi= > YyuZ Y Y
i=1 i=1

i=Ns+1

Using N; — N; 4 N;_s, we may further deduce that

Ni—s
d
Xi—Xe£) Yi=Xiy,
i=1
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which shows the stationarity of the increments. Now let us check that X; — X, and X; — X

are independent, if 0 < r < s < t. A similar argument as above yields for all Borel sets A
and B

Ny—Ny Ni—Ns
P(XS—X,EA,X,—XSEB):P< Y vieA ) Y{eB),
i=1 i=1

where Yl’, Yé, ... arei.i.d. copies of Y7, which are independent of Y1, Y>, ... and {N,}. Since
Ny — N, and N; — N are independent of each other as well as independent of {Y7, Yi’}, we
arrive at

Ns—Nr Ni—Ns Ng—Ny Ni—Ng
P(Z YieA Y Y[eB):P(Z YieA>P<Z Y;eB>.
i=1 i=1 i=1 i=1
Hence, the increments Xy — X, and X; — X are independent.

Let us calculate the characteristic function ¢x, (1) = E(e™Xt) of a compound Poisson
process. Let ¢y be the characteristic function of Y. By conditioning on N; = k, we obtain

ox,(u)=E (E (e"“zfil 7 N))

=Nk (e"“ Dy Y'> P(N, = k)

k=0
0 k
s ey i)
=¢ Z k!
k=0

= exp(At[py(u) — 1]),

for u € R. From this formula we immediately get the characteristic function of a compensated
compound Poisson process,

oxe(u) = E (e"XHEND) = exp Gutlpy (o) — 1 = iuE(Y).

As a preparation for our treatment of Lévy processes, we express this formula in terms
of the distribution function F of the jump sizes. We simply have to plug in the formulas
oy(u) = [% e dF(s), 1 = [% dF(s)and E(Y}) = [° sdF(s) to obtain

S .
@x¢(u) = exp <M/ " — 1 —ius) dF(s)> , uelR.
—00

When the jumps Y; are normally distributed with mean u € R and variance o2 > 0, then
one may calculate the density fx, of the compound Poisson process explicitly. Indeed, we
have

k
P> vij=<x
j=1

k
Ne=k| =P Y ¥ <x| =g, 1020,
j=1
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such that

P(X; <x)=Y P(X; <x| N =kP(N, =k)
k=0

A k
= Z q)(k;,L kO.Z)(.X')( [) ,

k=0

leading to the series representation

x eR.

2 k
fx,(x) = L= kw? > @e_“

% «/—kg < ko2 k! ’

5.6 Lévy processes

We have learned that a Brownian motion with drift, which can be represented as ut 4+ oB;,
t > 0, for constants 4 € R and o > 0 and a standard Brownian motion {B,}, is a member
of the class of processes with (i) continuous trajectories and (ii) stationary increments that
are independent of the past. In order to allow for processes with jumps it is natural to relax
requirement (i) to continuity in probability.

Definition 5.6.1 An adapted stochastic process {X;} with Xo = 0 a.s. is a Lévy process, if
the following conditions hold.

(i) {X:} has stationary (homogeneous) increments that are independent of the past, that
is X¢+s — X; is independent of F; and X5 — X, X, fors < t.

(ii) {X:} is continuous in probability.

Less generally, a process { X} with Xo = 0 a.s. having stationary and independent increments
which is continuous in probability, is called an intrinsic Lévy process.

One can show that for a given Lévy process there exists a modification with cadlag
paths. Thus, the latter property is often incorporated into the definition. The extension to the
d-dimensional case is straightforward; then there exists a modification where all coordinate
processes have cadlag paths.

It is easy to verify that the sum of Lévy processes is again a Lévy process.

Lemma5.6.2 If X, t>0, andY;, t > 0, are Lévy processes, then X; + Y, t > 0, is also a
Lévy process.

It follows that a Brownian motion with drift plus a compound Poisson process,

N,
Xi=ut+oBi+y Y., 120,
i=1
where {N; > 0} as well as {Y,, : n € N} are independent of {B; : t > 0}, is a Lévy process.
Clearly, X; is a cadlag process.
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A Lévy process {X;} has stationary and independent increments. Therefore, the marginal
distributions Py, are infinitely divisible. As a consequence, the characteristic function ¢(u) =
E(e“X1), y e R, satisfies

Or+s() = o (u)ps(u),
which implies that
@r(u) = exp(ty(u))

for some function (6), the cumulant generating function. By the Lévy—Khintchine
formule (1.6),

1
(1) = exp {mb, — EuCIG +/ ( MY ] —ux1(|x| < 1)) dv(x)}
R4

with triplet (b, C, v). Combining the last two equations, it follows that
B, = 1b, C; =1C, Vi(x) = tv(x)
and
1
Y(u) =10'b — EuCQ —i—/ ( WX 1 —ux1(]x] < 1)) v(dx).
R4
Recall the formula
o
@xe(u) = exp (At/ (™ — 1 — ius) dF(s)> ueR.

—0o0

of the characteristic function of a compensated compound Poisson process. If we put dv(s) =

dl‘;h(s) , we see that X7 is a Lévy process.

Finally, let us consider the following standard construction of a Lévy with infinite Lévy

measure. Let N; @ , k > 1, be a sequence of independent Poisson processes with parameters
M >0,keN, and let ug, k > 1, be a sequence of real numbers. Then, for each N € N,

(N) Z“ (N( ) —/\kt)

is a Lévy process with Lévy measure (check)

N
(N) _
v =3 " kS
k=1
and characteristic function

oM w) = exp {t/oo (e™* — 1 — 1ux) v(N)(dx)} )

—00

The L,-limit

oo
k
Xo=3"m (NP =)

k=1
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exists, if we assume that
o0
2
Z Aklly < 00,
k=1

and is also a Lévy process and has the Lévy measure

v(x) = Z)»krs{uk}(X),

k=1

which satisfies v(R) = >, A, which may be infinite.

5.7 Notes and further reading

The seminal papers on Brownian motion are Bachelier (1900), Einstein (1905) and Wiener
(1923). Elementary introductions are Wiersema (2008) and Mikosch (1998). Comprehensive
expositions of notions and properties can be found in Grigoriu (2002) and Shiryaev (1999),
where the latter discusses extensively the relation to finance. Thorough and more advanced
probabilistic treatments are Durrett (1996), Karatzas and Shreve (1991) and Revuz and Yor
(1999). A sound introduction from an econometric perspective is Davidson (1994).
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6

Ito calculus

This chapter provides a basic introduction to stochastic integration and It6’s calculus. The
first major goal is to generalize the discrete martingale transform

t
I = /(pr ds, = Z%(Sr = Sr-1), (6.1
r=1

which can be interpreted as the value process of a self-financing trading strategy, see formula
(4.1) in Section 4.2, to continuous time in an appropriate way when the stock price S; is
a Brownian motion. This can not be done w-pathwise by relying on the Riemann-Stieltjes
approach. Generalizing the work of Norbert Wiener, Kiyoshi It6 had the brilliant idea to define
the integral as the mean square limit of appropriately defined Riemann—Stieltjes sums of the
form (6.1). After areview of the stochastic Stieltjes integral, we go through the necessary steps
to define the It6 integral for a sufficiently large class of integrands. We confine the exposition
to Brownian motion as an integrator, but briefly discuss how one can integrate with respect to
more general processes.

Then we introduce the class of Itd processes. Roughly speaking, such a process is simply
the sum of a Riemann integral fé Ws ds, where g is random but integrable, and an Itd integral.
The famous It6 formula asserts that a smooth function of Brownian motion can be represented
as an Itd process, and, more generally, a smooth function of an Itd process is again an Itd
process. We apply those results to identify the stochastic differential equation solved by
certain basic stochastic processes such as (generalized) geometric Brownian motion and the
Ornstein—Uhlenbeck process, which provide building blocks for financial models.

Lastly, we briefly introduce ergodic diffusion processes, an important subclass covering
various models used in finance, and discuss the Euler approximation scheme that allows us to
determine numerical approximations to the solutions in those cases, where explicit formulas
are not available. The Euler scheme also provides the basis for the statistical estimation of
discretely observed diffusion processes.

Financial Statistics and Mathematical Finance: Methods, Models and Applications, First Edition. Ansgar Steland.
© 2012 John Wiley & Sons, Ltd. Published 2012 by John Wiley & Sons, Ltd.
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6.1 Total and quadratic variation

The (total) variation aims at measuring the local oscillation of a function. Suppose f :
[0, T] — R is a continuously differentiable function that is strictly increasing on the in-
terval [0, 1], strictly decreasing on [#1, 2] and again strictly increasing throughout [t,, T'],
where 0 < t; < tp < T.If f attains its maximum at 7| and its minimum at 7, it makes sense
to measure the oscillation by the number

/Idfl = V(f) = f(t) = fO) + (f(11) = f(12)) + (S (T) = f(r2)).

Notice that f |d f| can be calculated as

/Idfl =if'(r)dﬂri—f’(r)err/Tf’(r)dr=/Tlf’(r)ldr-
0 n i 0

More generally, let us define the total variation as follows.

Definition 6.1.1 The (total) variation of a function f : [0, T] — R is defined as

n—1

/ dfl = V(f) = supZ|f(t,+1)—f<tl>|

where we allow for the value +oc. The sup is taken over all partitions I1,, : 0 =19 < --- <
tn =T, n € N. f is of bounded variation, if [ |df| < cc.

It is easy to see that the set of all functions of bounded variation forms a vector space
denoted by BV = BV([0, T)).

Remark 6.1.2

(i) It is straightforward to generalize Definition 6.1.1 to a function defined on R or
[0, 00).

(ii) A function f : [0, 00) — R has locally bounded variation, if its restriction f |[o,4:
[0, 1] — R is of bounded variation for all 0 < t < oo.

(iii) If f has a continuous derivative, it is easy to see that f |df| = fOT | f/(r)| dr.

(iv) Hahn-Jordan decomposition: Any function f of bounded variation can be written
as f = fT — f~, where fT, f~ are non decreasing functions.

Definition 6.1.3 Let f : [0, T] — R be a function. The quadratic variation of f is defined
as

n—1

£ 0 = 1f fl= Jim Z[f(zlm—f(zl)]
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provided that limit exists (in [0, oo]). Here ||I1,|| denotes the size or mesh
[ITIpll = max fi41 — 1]
0<i<n—1
of apartitionIl, : 0=ty <--- <t, =t

Notice that in Definition 6.1.3 the points of the partition 1, may depend on n. For the
sake of simplicity of presentation, we omit the n in our notation.

Lemma 6.1.4 If f has a continuous derivative [’ with fOT | f/(N|dr < oo, then [ f, f1; =0
forallt € [0, T].

Proof. Fix some partition I1,, : 0 =7y < --- < t, = . By applying the mean value theo-
rem, we can find points ¢ € [#;, #;11], such that

n—1
D (fltr) = f@)) = Z FEGIRCIREDE
i=0 i=0

n—1

< Nl LGP En — 1)

i=0

Here we used the simple fact that (¢;+1 — ) < [T, ||(¢ti+1 — #;). It follows that

n—1
U 1= Jim Z(f(t,+1>—f(r,>>2
n—1
= Jim - Tim Z|f<r WAtz — 1) = 0.

Definition 6.1.5 Ler {X; :t € [0, T]} be some stochastic process in continuous time and
O<ry<ti<---<t, <T.Then

n—1

(X, XIn(0) = [X, Xl = Y Xy, — Xi)?
i=0

is called the sampled quadratic variation (w.r.f the partition I, : {t; : i =0, ..., n}).

Theorem 6.1.6 The sampled quadratic variation

n—1

Qni = Qu(t)=> (By,, — By

i=0
of a Brownian motion {B;s : s € [0, t]} converges in Ly and almost surely to t,

Lzas

On() =

as n — 090, along any sequence of partitions {t;} of [0, t].
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Proof. We provide a proof for the L, convergence. Notice that E(Q,; — t)2 = E(Qu —
EQn,)2 + (EQu: — t)z. Hence, it suffices to show EQ,; — t and Var (Q,;) — 0, n — oo.
Notice that the summands of @, are independent random variables with E(B;,_ , — B,l.)2 =

Var (By;,,, — By;) = ti+1 — t; yielding E(Qy) = Z?;ol(tm —4) =t
To calculate the variance, recall that EU* = 36* if U ~ N (0, 02). Thus,
2 2 2
Var ((Bt,ur] - Bt,‘) ) =FE ((Bt,ur] - Bl‘,‘) - (ti+1 - ti))
= E(By,, — B;)* = 2tiy1 — t)E(By,,, — B,)* + (tiy1 — 1)’

=3(tip1 — 1)* = 2(tip1 — 1)* + (tip1 — 1)°

= 2tir1 — 1),
We obtain
n—1 n—1
Var (Qu) = 3 Var (B, = By)?) = 20IMall Y (a1 — 10,
i=0 i=0

yielding Var (Q,;) < 2||I1,|| -t — 0,as n — oo.

Recall that a sufficient criterion for the existence of the Riemann integral fab f(g(t))dris
that g is integrable and f uniformly continuous on [a, b]. Since Brownian motion is almost
surely continuous and thus integrable, the random variable

b
Z(w) = / f(B(t,w))dt, e,

is almost surely well defined, such that

n—1 b
> 1B~ 1) — [ sE)a
i=0 a

as n — 00, a.s, for a partition I, : {#;} with ||IT,|| — 0. The next result shows that in the
above display one may replace (¢;+1 — ¢;) by the independent random variables (B, — Btl.)z,
which have expectations (#;+1 — ¢;), and still obtains convergence in L under a fairly general
condition on f.

Theorem 6.1.7 Let f be uniformly continuous with fé Ef?(By)ds < 0o. Then

n—1

t
> 1B B~ B 2 [ fiBoas
i=0 5

as n — 00, along any sequence of partitions I, of [0, t] such that ||I1,,|| — 0, n — oo.
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Proof. Let

n—1 !
An=E | f(B)By,, — B - / F(By)ds
0

i=0
n—1
B, = Var (Z S(By)( By, — Bti)2> :
i=0
We show A,, — 0 and B, — 0, as n — oo. Consider first A,,. We have A,, = A,;; + A,p, if

n—1
Anl =E ( |:f(Bt,')(Bti+1 - Bt,’)z - f(Btj)(ti+1 - ti):|>
=0

1

—_

n— t
Ap=E Z F(By)(tir1 — 1) — / f(Bs)ds
0

i=0

Our assumptions on f guarantee that A,, — 0, n — oco. Since E ((Btm - B,[,)2 | .7-',[,) =
E(By,, — By)? = (tix1 — 1),

Ap1 = ni:l E (E (f(Bt,‘)(Bti+l - Btf)2 = f(B)(tiy1 — 1) | 'Fti)) =0.
i=0

It remains to discuss B;,. Introduce

Dj = By, — By,
Vi = Df — (tiy1 — 1),
Ui = fB)f(By) (D} = (11 = 1)) -

Then

3
|
—_

o]
=
|

E 1B By (D} = i1 = 1) (D3 = 11— 17)]

0

5J

n—

—_

E (UjV;) .
0

iJ

Ifi < j, Ujj and V; are independent, since Uj; is F;-measurable and D? is independent of F;.
Using EV; = 0, it follows that all those terms vanish. A similar argument applies to the cases
with i > j. Thus, it remains to calculate

n—1
Bo= Y E|fAB)D} =ty — )]

i=0
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By F;,-measurability of f(B;;) and independence of Di2 from F;;, we obtain
E (S2B)(D} = (it — 100 = E ( FABYEND} = (i1 — 1)) 7))
2 2 2
=E | fA(By)E |:Di —(tip1 — fi)} ,

where E (D7 — (ti41 — ti))2 = 2(tix1 — t;)%, as shown in the proof of Theorem 6.1.6. It
follows that

n—1 n—1
By =23 E(£2B0) (tiar = 9% = 20Tl Y gttt — 1)
i=0 i=0

with g(r) = Ef%(B,), t € [0, T]. Notice that
+00
g(t) = / Ef*(B;)dt = / FA@)@0.n(x) dx,

where ¢(o,1)(x) denotes the density of the N(0, ¢) distribution. By assumption, fot g(t)dt < oo,

such that the Riemann sum E;:Ol g(t)(ti+1 — t;) converges to fé f 2(BS) ds, asn — o0o. Now
B, — 0, as n — oo, follows.

6.2 Stochastic Stieltjes integration

In a Riemann sum Y 7 f(t*)(ti+1 — #;) the function values are weighted by the mass
(tiy1 — t;) assigned to the intervals (;, t;+1] by the Lebesgue measure A and the (general-
ized) distribution function id(x) = x, x € R, respectively. Taking this viewpoint, it is a natural
idea to replace the distribution function id by another (generalized) distribution function of
a finite (signed) measure. Having in mind Remark 6.1.2 (iv), the following generalization is
evident. If f : [0, T] — R is continuous and H : [0, T] — R of bounded variation, then we
may define an integral

T
/ f@®)dH(1)
0
as the limit of the so-called Riemann-Stieltjes (RS) sums
n—1
Z f@&) (H(tiv1) — H(t)), e [t tiy1]. (6.2)
i=0

Definition 6.2.1 If the RS sums (6.2) converges for any sequence of partitions I1, with
[IT1,]| = O, n — oo, f is called RS integrable and

T T n—1
/de = /f(t)dH(t) =nli)fgto(f;‘)(H(ti+1)— H(t;))
0 0 i=0

is called the Riemann—Stieltjes (RS) integral of f w.r.t. H. H is called an integrator.
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Clearly, RS integrals such as fab f()dH(t) and j; loo f() dH(¢) can be defined analogously,
0 < a < b < oo. The RS integral satisfies the following properties

Proposition 6.2.2 Let f be RS integrable w.rt. Hand 0 < a < b < oo.

(i) f— fab fdH, f RS integrable, is a linear mapping.

(ii)

J2 £aH| <11 fllso - [ 1dH].

(iii) (7 fd(Hy + Ho) = [P fdHy + [7 f dHo for all functions Hy, Ha of bounded vari-
ation.

(iv) fabfd(aH) = afabdeforalla eR.

(v) fisRSintegrablew.r.t. H, ifand only if H is RS integrable w.r.t. f. Then the following
integration by parts formula is valid.

b b
b
/ F)dH(x) = f(x)H(x)\a = / H(x—)df(x).

(vi) If f is continuous and H is differentiable with derivative h = H', then the RS integral
/ ab fdH can be calculated as a Riemann integral, namely

b

/ fdH = /b FOR(x) dx.

a

(vii) If H is the (generalized) distribution function of a finite measure |Lg with discrete
support {x; . i € I} C [a, b] for some discrete set I, then

b

[ £ar = roomuin.

a iel

Notice that the rules (iii) and (iv) assert that H +— f fdH, H of bounded variation, is a
linear mapping. Property (vii) allows us to represent many quantities arising in statistics as
RS integrals. For example, the arithmetic mean ¥ = n~! >y xjof npoints xi, ..., x, € R
is a RS integral w.r.t. the empirical distribution function

1 n
Fo(x) = - Z 1(x; < x), x eR.
i=1

I [ is a discrete set, if all x € I are isolated points, i.e. for all x € I there exists a neighborhood Uy such that
UyN I = {x}.
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Indeed, noting that the associated measure d F), satisfies dF,,({x;}) = %, we obtain
n
£ = > xdEy(lad = [ dF,
i=1

For this reason, the RS integral (w.r.t. the empirical distribution function) plays an important
role in statistics.

What happens if we integrate Brownian motion B w.r.t. a function H of bounded variation?
In the definition of the RS integral we may replace f by some random process, as long as the
convergence of the RS sum holds true in some stochastic sense, e.g. pathwise or in the mean

square Lj sense. The case of a Brownian motion is of particular importance.

Theorem 6.2.3 Let {X(¢) : t € [a, b]} be a Gaussian process with a.s. continuous trajecto-
ries. Denote

K(s,t) = Cov(X(s), X(#)), a=<s,t<bh.

Let H be a function of bounded variation on each subinterval [c, d] C (a, b). If

b b
e / / K(s, H)dH(s)dH(7) € (0, 00),

then the random variable

b

b
/ XdH = / X()dH()

a
exisits a.s. and satisfies

b
/XdH ~ N(0, ¢?).

a

Proof. W.l.o.g.weassumea = Oandb = 1.Let§ € (0, 1). Then f; -3 XdH — fol XdH,
as 6 — 0. On the other hand

1-5 ln(1-8)]

[ronesn S ()5

8
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The sum on the right-hand side follows a N (O, 0,%) distribution, where

A= 3w (D)) (][ () (5)]

i, j=|né]

1-61-6

—> o2(8) = / / K(s, 1) dH(s)dH(?),
§ &

as n — oo. Since
2, d 2 d 2
N@©, 02 S N(o,a (5)) L N(O,a )
n—oo §—0
the assertion follows.

Example 6.2.4

(i) For a Brownian motion B(t),t € [0, 1], we have
K(s, t) = Cov(B(s), B(t)) = min(s, 1), s, t € [0, 1],

such that

1 1
s 1
o° = K(s,t)dsdtzg.
00

Thus, the random variable Z(w) = fol B(t, w)dt, w € Q, is normally distributed with
mean 0 and variance 1/3.

(ii) For each fixed t we have

'
/ X(s)dH(s) ~ oB;
0

where B; denotes a standard Brownian motion, if
l t t
o2 = ; / / K(s, 1) dH(s) dH(?).
0 Jo

More generally, the integral fab X(¢)dH(t) exists in the sense of the mean square (m.s.)
convergence of the corresponding RS sum, if X is m.s. continuous, i.e. E(X(r) — X(s))*> — 0,
if |t —s| — 0, and H is of bounded variation. Let us list some further rules and properties
holding true under those conditions:

®

I} XOAH®|, < supicia IXO, [ 14H].



212 ITO CALCULUS

>i1) t +— f at X (s)ds exists and is m.s. differentiable on [a, b] with
d t
—/ X(s)ds = X(2), t € [a, b].
dr J,

(iii) If X’ is m.s. continuous on [a, b], then fab X'(¢) dt exists and equals X(b) — X(a).

(iv) Let u(r) = EX(1), t € [a, b]. If [7 X(1)dH(t) or [” H(r)dX(¢) exists in the mean
square sense, then the integrals f ab H(t)du(t) and f ab w(t)dH(t) exist and

b b b b
E( / H(t)dX(t)) - / H(t)du(), E( / X(t)dH(t)) - / w(t) dH ().

6.3 The It6 integral

So far, we are in a position to define an integral as long as the integrator has bounded variation.
The question arises whether one may use Brownian motion as an integrator. If we want to
integrate a bounded variation function f with respect to Brownian motion, we can use the

integration by parts formula, Proposition 6.2.2 (iv), to define f ab f(r)dB(t) by

b

b
/f(t)dB(t)=f(t)B(t)IZ—/B(t)df(t).

a

For more general deterministic functions f € Ly([a, b]) Norbert Wiener studied the following
n
approach. The step functions f,,(t) = foliy(t) + Y filg,i,1(), t € R, form a dense subset
i=1

of Ly([a, b]) w.r.t. the metric

b
d(f g = / fg®)dt, fge Laa,b)).

For such elementary functions one puts

b n
/ fudB(t) =" filB(tiy1) — B(t)].

i=1

The right-hand side is a normally distributed random variable with mean O and variance
n
f?(ti41 — t;) converging to fab f@)de,if f; = f(t;)and fab f2(1)dr < o0, as the size of the
i=1
partition tends to 0, as n — oo. Thus, one can define fab f(#)dB(¢) as the normally distributed
random variable to which f ab fn(£)d B(t) converges in mean square, which is known to exist.

It was Kiyoshi Itd6 who observed that this general idea can be extended to a much larger
class of integrands, which particularly covers those random processes naturally appearing in
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mathematical finance when tracing the (discounted) value of a self-financing trading strategy.
Here, integrands of the form

t
L=Io+) ¢(Sf =S, 1=0....T

i=1

arise, where {¢; : t =0, ..., T} is predictable and {S; : t = 0, ..., T} adapted. Recall that ¢,
is predictable, if ¢, is F;_1-measurable for all 7. To be in agreement with common notation
used in the literature on Itd integration, let us define {g;} by

Or = Qri1, t=0,...,T—1.

t
Then I; = Io+ > ¢i—1(S; — S7*_}). For a trading strategy, ;—1(= ¢;) is the number of
i=1
shares constantly held during (i — 1,{]. ¢;—; is F;—j-measurable and, although formally
being adapted, it still makes sense to call it predictable, having in mind that the function
t > @i—11G—1,(¢) attains the value ;_; if r € (i — 1, i] and vanishes otherwise. The random
left-continuous step function

t
t = Go@lo® + Y Gi@l1a@), €[0T,

i=1

gives at each time point ¢ € [0, T] the number of shares held.

Definition 6.3.1 A stochastic process of the form

n—1

Hy(w) = Holioy(t) + Y Hi(@)1(;.1,,1(0),
i=0

where 0 =1y < --- <t, =T is a partition of [0, T] and H; are F;-measurable random
variables, is called a simple predictable process. The class of such processes is denoted
by H.

Notice that any such simple predictable process can be interpreted as a trading strategy.
For such simple predictable integrands, the stochastic integral is defined as follows.

Definition 6.3.2 Let {H; : t € [0, T]} be a simple predictable process. Then the process
{I; : t € [0, T} defined by

k—1

I; =) Hi [B(tiy) — Bt)| + He [B4) — Bt)l,  tx <1< tiy1
i=0

is called the 1to integral of H and is denoted by

t
I(H):/HdB:/H(s)dB(s): /HSdBS:te [0, T]
0
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Remark 6.3.3
(i) Notice that I(H) denotes a family of stochastic integrals.
(ii) Using s At = min(s, t) we may write I(H) in the compact form

n—1

/ HydBy =Y Hi[B(t Atis)) — Bt A, 1€[0,T].

i=0
(iii) By definition, for t € {to, ..., t,} the stochastic integral fot Hg dBg reproduces the
k—1
sums Y Hi[B(ti+1) — B(t)], k=1,...,n
i=0

The next important theorem shows that the It0 integral is a martingale. By virtue of Remark
6.3.3 (iii), the proof is more or less a repetition of calculations used to verify that the discrete
stochastic integral is a martingale.

Theorem 6.3.4 (Martingale property and It6 isometry) Let {B;:t € [0, T} be a stan-
dard Brownian motion, F; = o(Bs : s < t) and let { H;} be a simple predictable process. Then
the It6 integral fé H dBy, t € [0, T], is a martingale. Further, forallt € [0, T]It6’s isometry
property holds true

t 2 t t
/HrdBr =E/Hr2dr=/EHr2dr.
0 0 0

Proof. Suppose t; < s <t < t;41, i.e. both s and ¢ lie in one interval (#, fx4+1] of the
partition {#;} underlying the simple predictable function H. Then

k—1

/ H,dB, _ZH(Bt,H B,) + Hy(B; — By) (6.3)
i=0

and fos H, dB, is obtained by simply replacing B; by B;. Clearly, the sum is Fg-measurable
and the same applies to Hy and By, . Thus,

e

But E(B;|Fs) = B, as. If ty_1 < s < 1, i.e. s and ¢ lie in adjacent intervals, the first k — 1
terms of the sum in Equation (6.3) are fixed when conditioning on F;. We have to calculate
the conditional expectation of the remaining terms in Equation (6.3), i.e.

) Z Hi(By,,, — By) + H(E(B/|Fy) — By).

E(Hi—1(By, — By Fs) = He—1(E(By | Fs) — By_,) = Hi—1(Bg — By,_,)
and, since Hy is F;,_, C F,; measurable and E(B;, |Fy) = By a.s.,

E(Hi(B; — By)|Fy) = Hi(Bs — E(B; | Fy) =0
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Collecting terms we see that the result also holds in this case. Using the same arguments, it is
now easy to check the result for the general situation where s and ¢ lie in arbitrary intervals.

We aim at extending the It6 integral to integrands being elements of the class
L={Y:[0,T] x 2 - R|Y F-adapted and left continuous with || Y|z < oo},
where the norm is defined by

T
Yl = /E(Y})dz, YeL.
0

Notice that || Y ||z is the L norm of Y w.r.t. the probability measure d P ® dA, where A denotes
the Lebesgue measure, since

T
1Y% = / / Y(t, w) dP(w) dt.
0 Q

As an example, let us verify that a standard Brownian motion B = {B; : t € [0, T]} belongs

to £. We have
T T T T2
E(/ det) =/ E(Bf)dt:/ tdt = — < oo,
0 0 0 2
such that B € L.
If H € 'H, then the It isometry shows that

T 2

T
Wi = [E() o= | [ mas | =i,
0 0
where || - ||, denotes the L, norm on (2, A, P). In other words, the mapping

I:H— L2, A, P), H— I(H),

is an isometry, which justifies the name of Theorem 6.3.4. The next step is to show that one
may approximate any process in £ by simple predictable processes.

Lemma 6.3.5 'H is adense subset of L, i.e. forany Y € L there is some sequence {H,} C H,
such that

T

/ E (Hy,(s) — Y(s))? ds — 0.
0

Proof. Suppose Y is continuous and bounded by some constant C > 0. Then the step
function given by

n—1 .
T
Hay() = Y(O)lioy (1) + )Y (;) l(g Gehr) Q)

N zn 9
i=0
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satisfies H,(t, w) — Y(t, w),asn — oo, forall # € [0, T] and w € 2. By dominated conver-
gence, we may conclude that

T

//(Hn(t, w) — Y(t, w))* dP(w)dt — 0.
Q

0

The details for the general case are a bit technical and can be found in many textbooks.

Before proceeding, let us calculate an important special Ito integral explicitly.

Example 6.3.6 (The integral f BdB) Suppose F(t) attains a derivative f(t) = F'(t). Then,

T T T

/F(t)dF(l):/F(t)f(t)dt=/2d1=g

0 0 0

by a change of variable (z = F(t), dz/dt = f(t)). What happens, if we replace F(t) by a
Brownian motion B(t)? In order to calculate the associated It6 integral, we apply the above
lemma. More specifically, we shall verify directly its validity for Brownian motion. So, consider
the sequence of partitions

I, :0=<...<t, =T, ti=—,1=0,...,T,

which satisfy with ||I1,|| — O. For brevity of notation put
WiZBl,‘a i=0,...,l’l,

and notice that E(W;) = 0 and E(Wl-z) = t;. We claim that the simple, left continuous and
predictable step function

n—1

Hy(t) = Wolio) () + Y Wil (1), £ €0, T],
i=0

satisfies ||H, — Bl|z — 0, as n — oo. Noticing that H,(t) = B(t)) for t € [tj, tj11], by the
independence of the random variables

Ljt1
/ (Hy(1) — B@)* dt, j=0,...,n—1,
t

J
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we obtain

T
A, =E < / (H,(t) — B(1))* dt)
0

n—1

Lj+1
—£( Y [ - b2 a
j=0"1
bt
=Y / E(B;, — By)*dt,
=071

where, of course, E(B;; — B)Y=({—t 7). This leads to

bt 112
= —— —>0,
2 n

n—1 t2
Ap=)" (2 —tjt)

j=0

Ij

as n — 0o, which verifies that ||H, — Bl||c — 0, asn — oo.
To calculate fOT H, (s)dBs, we go back to Definition 6.3.2

r n—1 n—1 n—1
[ B = S Wi = W= 3 Wi = 3 W
0 i=0 i=0 i=0

Using

(Wig1 — Wi)? — W2 — W7
2

WiWiy1 = —

we obtain

T
1 2, 1 — 2 2
/Hn(s)st i Z;(Wi+l - W)+ 3 Z (Wi+1 - W ) .
0 =

i=0

The second sum collapses to W,% /2= B% /2, since W, = Bt and Wy = By = 0. By the prop-
erties of Brownian motion, W11 — W; ~ N (0, tix1 — t;) such that

n—1 n—1
E <Z (Wig1 — W,-)2> = i1 —t)=T. (6.4)
i=0 i=0
Further,

d 2 d
(Wis1 — W* & (Vg1 — 4U)" = (tig1 — 1) V,
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ifU~ MO, 1)and V ~ X% Recalling that Var (V) = 2, we obtain

n—1 n—1
wﬂ<2)WHy—mf>=2§:mﬂ—nf (©6.5)
i=0 i=0

=2-||[Hyll-T — 0,

by independence of the increments W1 — W;, i =0, ...,n — 1. Equations (6.4) and (6.5)
imply that

n—1
L
Sp=_ (W1 = W)* => T,
i=0

as n — 00. Consequently, putting things together we arrive at

T
1 L, B2—T
/H,,(s)st - - (BZT - S,,) RN
2 2
0
T
as n — oo. That means that the sequence of Ito integrals f H, (s)dBg converges in Ly to a
0

2 _
well-defined random varibale, namely BT2 r

the integral fOT By d By, that is to put

T
/ B;dB; =
0

2
Then we obtain the puzzling result that elementary rules such as fOT FdF = % no longer
hold, if one integrates with respect to Brownian motion.

. Hence, it makes sense to define that L, limit as

N‘gfg
0|~

The results from the above example provide the guide as to how we can extend the
definition of the It6 integral to integrands of the class £: For a given Y € £ choose a sequence
{H,} C H with ||Y — H,||z — 0, as n — oo. Clearly, {H,} is a Cauchy sequence, i.e.

T
H&—%%=/Ewm—mmfm»a
0



THE ITO INTEGRAL 219

as n, m — oo. The linearity and isometry of / now yields the following chain of equalities

T T
H/HndB—/HmdB
0 0

2
= E(I(Hy) — I(Hp))?
L

= 11 (Hy) — I (Hp) |13,

= |1 (Hy, — Hw) |17,

= [|Hy — Hyllz — 0,
as n, m — oo. Therefore, the sequence fOT H, dB,n € N, of Itd integrals converges in L.
Since L, spaces are complete, there exists a random variable I* € L,(2, A, P) such that

fOT H,dB — I*, as n — oo, in Lj. That Ly limit, which is almost surely unique, is the
object we were looking for, namely the stochastic integral fOT Y dB. Let us summarize our

findings.
Definition and Theorem 6.3.7 Let {Y;} be a left continuous F;-adapted process with

T

/E(Y,z) dr < co.

0

Then, there is some sequence {H,} of simple predictable processes approximating {Y;} in
the Ly sense with respect to the measure dP ® dt, such that the sequence fOT H,dB,n > 1,
converges in L. The corresponding limit is denoted by

T

0

and is called the stochastic It6 integral of Y w.r.t. Brownian motion.
Clearly, the above construction works in the same vein when replacing the interval [0, T']
by [a, b], a, b € R. We shall now establish some properties of the It6 integral and, along the

way, study the It0 integral fot Y d By as a process in continuous time ¢. For the sake of brevity,
we will not prove all results and refer to the literature.

Lemma 6.3.8 Let {Y; : t € [a, b]} be a left continuous process with fab E(YIZ) dr < oc.

(i) If Z is bounded and F,-measurable, then ZY € L and

b b
/ZYdB:Z/YdB.
a a

b
(i) E (deB’]—"a> =0.
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b
muE< ﬂ):E(fﬁm

Proof. See Friedman (1975), Theorem 2.8 and Lemma 2.9.

b 2

[YdB
a

b
EJ::[E(#|EQdL

For what follows, we need a version of Doob’s maximal inequality 3.2.25, which refers
to processes in continuous time.

Theorem 6.3.9 Let {X, : t € [0, T]} be a left or right continuous submartingale. Then for

p=>1,
E|X,|?
Pl sup |Xs] > A | <
0<s<t AP

forall A > 0, and for p > 1,

<

p

sup | X|

0<s<t

sup || Xsllp-

— 1 0<s<r

Proof. Let us verify the first assertion. Basically, the result carries over to the continuous
case, since for left or right continuous submartingales supy—; | Xs| = supyc4 | Xs|, where
A C [0, ] is a dense countable subset. Choose an increasing _se?]uence of finite sets A, such
that A = U, A,,. Then for each n, since the sup is a max,

sup. . E|X.P su ELX.IP
P(Sup |XS|>)\> < Psea, EIX] - Po<s<r EIXs] .

SEA, A - A

Noticing that {sup,c 4 |Xs| > A} 1 {supsc4 |Xs| > A}, as n — oo, the result follows from

P <sup|XS| > A) = lim P | sup |Xs| > A |.
sEA —>00 SEA,

Theorem 6.3.10 Let Y € L. Then there exists a continuous modification of the It6 integral.

Proof. Let {H,} C 'H be such that ||H,, — Y||; — 0, as n — oo, and put

t
In([)z/ Hy(s)dBs,n > 1.
0

We claim that there is some subsequence I, , k > 1, which converges uniformly inz € [0, T7.
As a result, the (unique) limit is a continuous function. Notice that {I,,(t) : # € [0, T]} is a
martingale for each n. Doob’s maximal inequality 3.2.25 yields for n,m € Nand ¢ > 0

P ( sup |I(1) = In(0)] > & 2 ,

te[0,T]

2
) _ El(D) — In(T)|
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where E |1,(T) — Ln(T)|* = [|I,(T) — Ln(D)||, — 0, as n, m — oo. Hence, we may find
some subsequence ny — oo such that

1 1
Pl sup |In,, —In|>= )| < =%
(te[O,T]| Bt nk’ 2k> 2k

Now we can apply the Borel-Cantelli Lemma to obtain that

N =4 sup |I,1k+1 — Iy, | > 27 0.
tel[0,T]

is a null set, such that sup |In — I,,k’ < 27k holds true for k large enough. This shows
tel0,T]

the uniform convergence along a subsequence.

k1
Remark 6.3.11 When considering an It integral fé Y;dBy, t € [0, T, one always means
its continuous version.

Let us now summarize the most important properties and rules of the It integral.

Theorem 6.3.12 Let {X;} and {Y;} be left continuous processes of the class L and 0 < a <
b<c<T.

c b c
(l) le dBt = fX[ dBl + fX[ dBt
a a b

b b b
(ii) [(AX;+ nY)dB; = A [ X;dB; + u [ Y;dB, forany A, u € R.
a a

a
t
(iii) M, = f XsdBg, t € [0, T], is a martingale.
0

b
(iv) The It6 integral is centered, i.e. E <f X de> =0 and is isometric, i.e.
a

b 2 b
E|[XsdBs| = [EX2ds.
a a

(v)

b b t
[ XsdB, [ XsdB;s [ X2ds, t € [a, b].
a a a

t

(vi) If {X;} is continuous, then

Ny—1

b
P
> Xiy[Bltngs1) — Bltw)] — / X, dB;,
k=0 p
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as n — 09, for any sequence I, of partitions
y:a=tho<...<tyn,=b
of la, b] with ||I1,,|| = 0,n — oo.
(vii) Foranye > Qandc > 0

b b
P /XtdB,>s <P /X?dt>c + 5.
&

a a

(viii) Let {X, X,} C L be a sequence with
b
[1x.0 - xoPar Lo
a

asn — 0o. Then

t t

sup / X, (s) dB(s) — / X(s)dB(s)| 2> 0,

a<t<b
a a
asn — oo.
(ix) Forany A > 0
t 1 b
P sup /XSdBS >\ | < SE /des.
a<t<T A
a a

Proof. (1)—(iv) are left to the reader. We shall verify the formula (v) for the quadratic vari-
ation for simple predictable integrands. W.l.o.g. let [a, b] = [0, ¢] and put /() = fé X, dB;.
Suppose X; has the representation

n—1

Xy = Xo+ Z )?il(t,-,z,url](s)
i=0

for F;,-measurable random variables X ;. Then,

t
n—1 i+1

L1=) /Xsst,/xsst :

=0 | 7 t; 4
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where [-, ~]Z denotes quadratic variation over [a, b]. For a partition I1; : f; = sg) <<

sf,’q), = t;41 of the subinterval [#;, t;11] we have

mi—1 ] ) 2 _ mi—1 ] ) 5
) - () =55 T2 - )
j=0 j=0

which converges a.s. to )N(iz(t,-ﬂ —1;), as ||I1;|] = 0. Thus, we arrive at

n—1 i/

LI = z Xi(tip1 — 1) = /Xs ds.

i=0 0
For proofs of the remaining facts we refer to, e.g., Friedman (1975).

Due to their importance, it is worth discussing the following two issues.
Martingale property:

Theorem 6.3.12 (iii) shows that an It6 integral such as fot X dBy is amean zero martingale
with variance o7 = fé E X2 ds. In particular,

1 N

E /X,dB, Fs :/X,dB,

0

holds true for s < ¢. That property holds true for any integrand {X,}.
Variance and quadratic variation:

Itis important to distinguish the variance and the quadratic variation. According to property
(v), the latter is given by

t
S (w) = /Xz(s, w)ds, € Q.
0

The quadratic variation measures the risk along a path (for any fixed ») and is usually a non
constant random variable. If for some path we take large positions Xj, the risk is high. The

variance 0> = Var (f(; X,dBy) = E(fé X, dBS)2 satisfies
o = ES} = / S(t, w)> dP(w),

(apply It6’s isometry rule), i.e. it averages the quadratic variation over all paths using the
probability measure P.

Let us close this subsection by discussing how one can generalize the Itd integral. So
far, we have defined the stochastic integral for Brownian motion acting as an integrator and
for processes whose sample paths are of bounded variation. Suppose we want to integrate
w.r.t. a process X that can be decomposed in the form X; = Xo + B; + A7, where B; is a
Brownian motion and A, a bounded variation process. Such a process belongs to the class
of semimartingales, which are those processes allowing for a decomposition X; = X¢o +
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M; + A,, where M, is a martingale and A, has bounded variation. Then, it is natural to set

/HdX:/HdB+/HdA,

provided both integrals at the right-hand side are well defined.

We adopted the classic L, approach to introduce the stochastic It6 integral, which requires
that the predictable integrands f satisfy ij Ef?(t)dt < oo. This is not always the case. In
the present section we outline a more general approach that allows us to integrate functions
f which are only almost surely finite but have the nice property of being cadlag, i.e. right-
continuous with existing left-hand limits.

Denote the underlying probability space by (€2, F, P) and let Lo denote the class of
random variables X that are a.s. finite, i.e. P(X < oo) = 1. Again, the starting point are
simple predictable functions,

n—1

H,(t) = Holjg) + Z Hil, 1,10 tel0,T1],
i=0

where now the F;-measurable random variables H; are elements of the space Lq. Further,
the points 0 = Ty < 71 < --- < T, = T partitioning the interval [0, 7] may be random, as
indicated by our notation, but they are assumed to be stopping times, i.e. 7; is F;-measurable.
Clearly, deterministic partitions appear as special cases.

Given an adapted cadlag process X, we define the stochastic integral [ H dX as usual, i.e.

T n—1
I(H) = / HydX, =Y H{(Xt,, — X1,)
0 i=0
and, more generally,
t n—1
I(H), = / HydXs = HoXo+ Y Hi(Xint,,, — Xint),
0 i=0

for ¢ € [0, T]. Denote the class of such elementary functions by £. Suppose we are given a
cadlag function H and know that we can find a sequence {H,} C &, such that H, converges
in probability to H uniformly on each interval [0, #] and uniformly in w € Q, i.e.

|Hy, — H|loo = sup sup |Hy(s, w) — H(s, w)| — O, n — oo. (6.6)
s€[0,t] weR

Anintegrator is called nice if this already implies that I(H,,)) = f H,, dX converges in probabil-
ity to a random variable we shall denote by I(H) = [ H dX,asn — oo.If X is a semimartin-
gale, i.e. X = M + A for some martingale M and a process A being of bounded variation,
the following important result holds true.
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Theorem 6.3.13 If X is a semimartingale, then I : £ — Ly is a continuous linear mapping,
when we equip &€ with the supnorm as in Equation (6.6) and Lo with any metric inducing
convergence in probability.”

In other words, for a semimartingale X we may extend the notion of the stochastic integral
to integrands H appearing as limits of sequences { H,} of the space £ of simple predictable
functions, since then there exists a random variable I* € L that we shall denote by f HdX
such that for any ¢ > 0

> 8> = 0.

This procedure yields the stochastic integral as a random variable corresponding to integration
from O to 7. In order to obtain the stochastic integral as a process, one considers for a simple
predictable function H,, as above the mapping

lim |Hy, — Hlw = lim P <’/HndX—/HdX
n—oo n—0o0

n—1

I(H,)(t, w) = Z Hi(@)(Xmin(,7,)(@) — Xmine,1)(@)), 1 € [0, T], 0 € Q,
i=0
i.e. for given 0 < t < T one takes only those summands with 7; < ¢. This gives a mapping
defined on the space £ and attaining values in the space of stochastic processes with trajectories
being elements of the Skorohod space D[0, T], the latter consisting of all functions defined
on [0, T] that are right-continuous with existing left-hand limits. We equip that space with
the uniform convergence.

6.4 Quadratic covariation

We have seen in Theorem 6.1.6 that the L, limit of the observed quadratic variation of
Brownian motion converges to the identity, i.e.

[B,B]; =t.

Combining this fact with the formula obtained in Example 6.3.6 gives

t
(B, B, = B> -2 / By dB;.
0
That result suggests the following definition.

Definition 6.4.1 Let {X;} and {Y;} be two processes such that the Ité integrals [ X dY and
f Y dX exist. Then

t t
[X,Y]th,Y,—/XdY—/YdX, x e[0,T],
0 0

is called the quadratic covariation or bracket process.

2 Convergence in probability can be metricized, e.g. by virtue of the Prohorov metric.
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We immediately obtain an integration by parts rule.

Corollary 6.4.2 (Integration by parts)

t 1

/XdY:XYK)—[X, Y],—/de.
0 0

The quadratic covariation can be calculated as the L, limit of the corresponding observed
quadratic covariation.

Definition and Proposition 6.4.3 For any partition 11, :0=1y < ... <t, =t with
[|TT, || — O the observed quadratic covariation

n—1

(X, Y1n(0) = [X. Y1 = > (Xiyy — X)) (Vi — ¥s)
i=0

converges in Ly to [ X, Y];. The convergence is uniform int € [0, T].

Proof. Using (b — a)(d — ¢) = bd — ac — a(d — ¢) — (b — a)c leads to

n—1 n—l1
XY@ =D X Vi — D X0 Yy
i=0 i=0

n—1 n—1
- Z Yti (Xti+1 - Xli) - lei (Yfi+1 - Yli)
i=0 i=0
t t

—>X,Y,—X0Yo—/YdX—/XdY,
0 0

as n — 00, since the first two sums collapse to X;, Y;, — X, Yy, = X;Y; — XoYo, whereas the
third and fourth sum are the It6 integrals w.r.t. the approximating step function

n—1

Xn(1) = L0y Xo + Z Xil,1,11(0),
i=0
n—1

Y, (1) = i)Yo + Z Y1l 11(0).
i=0

By virtue of Theorem 6.3.12, the convergence is uniform in ¢ € [0, T7].

6.5 Ito’s formula

Let f be a smooth function and B; be a Brownian motion. Our aim is to derive a formula for
the stochastic process f(B;).
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Fix an arbitrary partition0 =19 < t; < ... < t, = t of [0, #]. Clearly, we may write

n—1

f(B:) = f(Bo) =Y [f(Bi,,) — f(B)].

i=0

Consider the ith summand and plug in a Taylor expansion of f taking into account the linear
as well as the quadratic term to obtain

1
f(Byy) — f(By) = f'(By)(By,, — By) + if”(Bz,-)(Bz,-H — B, +R.

To this end, let us ignore the remainder term R. Taking sums at both sides yields

n—1 1 n—1
f(Bt) - f(BO) ~ Z f/(Bl‘l‘)(Bti+1 - Bl‘,‘) + 5 Z f//(Bl‘i)(Bt,’+1 - Bl‘l‘)z-

i=0 i=0

The first sum converges (in L;) to the It6 integral fot f'(By)dBy. By Theorem 6.1.7, the second
sum due to the quadratic term of the Taylor expansion converges to fot f"(Bs)ds. We shall
see that a rigorous treatment of the remainder term confirms this conjecture. To do so, let us
recall the following version of Taylor’s theorem:

If f € C?, the space of twice differentiable functions, we have

1
FO) = f@+ [0 -0+ OO0 - x)?

for some point £ between x and y. We may write this in the form

1
)= fO+ fex)y—x) + Ef”(x)(y — x>+ R,

with a remainder term
1
Re= (" = [0y = x)%.

Theorem 6.5.1 (It6’s Formula)
Suppose that f : R — R is twice continuously differentiable. Then for each t,

t t
1
F(BY) — f(Bo) = / F(B)AB + / F/(By)ds.
0 0

Proof. LetIl, :0=1y < ... <t, =tbeasequence of partitions of [0, ] with ||T1,|| —
0, as n — oo. A Taylor expansion of f applied to each summand of the representation

n—1
f(B) = f(Bo) =Y f(By,,)— f(By)

i=0
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yields

1
f(BZ,ur]) - f(Bt,) = f/(Bl,')(Bllur] - Bl,‘) + 7f//(Bt,')(Bti+1 - Bt,‘)z + R[,'
2
with
1
Ry = S(f"&) = [ (Bi))(Byy = By,
§; is a (random) point between By, and By, ,. By continuity of B;, the set
Ky ={Biw):1€[0,T]}

is compact for each @ € Q. Hence, f” is uniformly continuous on K. Let ¢ > 0 and § =
8(¢) > 0 be such that

|Bs — B, <5:>|f//(Bs)_f//(Br)| <e 0=<rns=t

Since ||I1, || = 0, as n — o0, we can find some ng = no(§) such that ||I1,|| < é forn > ng

as well as sup ||IT,|| < 8. Therefore, we may estimate the ith remainder by
n=ng

1 e
IRyl = 1" &) = [ (BI(Byy — By < S (Byy = By)™.
Consequently,
n—1 e n—1 e
Z |Rl‘i| = E Z(BI,'+1 - Bl‘l‘)z —> 5 -1,
i=0 i=0

in L; and a.s. by Theorem 6.1.6.

2
Example 6.5.2 Consider Y; = %, i.e. f(By) with f(x)= % x € R. It6’s formula yields

t t
1
f(By) = f(BO)+/f/(Bs)st+§/f//(Bs)ds
0 0
t t
=f(0)+/BSdBS+%/lds
0 0
t
—/B dB +£
- N N 2'
0

Again, we are led to the formula
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Example 6.5.3 Let B; be a Brownian motion with respect to a filtration F;, and let pi; and
oy be Fi-adapted processes. Concerning oy we also assume that o; > 0 and

T
E/ o7 dt < oco.
0

' o2 t
X; =/ <,us — A) ds+/ o5 dB;
0 2 0

is well defined. Consider the process

t o2 t
SI:Soexp{/ (/Ls—23> ds+/ asst}, t€[0,T],
0 0

is well defined. Notice that

Then, the Ito integral

S = f(Xt)

with f(x) = Spe* = f'(x) = f"(x). An application of It6’s formula shows that

t ot
S,:/ /LuSudu+/ 0uSudB,,  tel0,T).
0 0

6.6 Ito processes

We shall now introduce an important class of stochastic processes.

Definition 6.6.1 Let B;,t > 0, be a Brownian motion with respect to the filtration {F;}. {i1;}
and {o;} are assumed to be F;-adapted and Dr ® Fr-measurable processes with

T T
/l/ledS < oo and /|US|2dS < 00,
0 0

almost surely. Then the It6 integral [ o5 dBy is well defined and a process {X,} satisfying

t t

X; = Xo—i—/usds—l-/anBs
0 0
is called an Ito process with random starting value X. u, is called the drift and o, is called
the volatility.

The integral definition of X; is often written in differential form
dX[ = Ut dt + o dB[

We are now in a position to establish the important fact that the logarithm of a geometric
Brownian motion belongs to the class of Itd processes. Indeed, it corresponds to those Itd
processes having a constant drift as well as a constant volatility.
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Example 6.6.2 (Geometric Brownian Motion)
Recall that {S;} is a geometric Brownian motion if

S = So exp(ut + oBy)
for fixed constants @ € R and o > 0. Put X; = In S;. Then,
X: = Xo+ put+ oB;
is an Itd process with drift i, =  and volatility o, = o for all t. In differential notation

Lemma 6.6.3 The quadratic variation of an It6 process

t t

X,://Lsds—i—/asst

0 0
is given by
t
X, X]; = /052 ds.
0
Proof. For brevity of notation put

t t

mtz/usds and S;=/OSdBS.

0 0

LetIl,:0=1y < ... <t, =tbe apartition of [0, #]. Then,

n—1 n—1 n—1
Z(Xti+l - Xl,')z = Z(S[i+l - sl‘,‘)z + Z(mt,'+1 - mt,‘)z
i=0 i=0

i=0

n—1
+2 Z(Stm — Si) My — my).
i=0

The first term converges a.s. to fot 032 ds, by Theorem 6.3.12. The second term can be bounded
by
n—1

0<I}1<anx,1 lmg ., —mgl - E :|mti+l —my
== i=0

where
n—1 n—1 lit1 !
D iy, —ml = / psds| < / |ias| ds (6.7)
i=0 =0y 0
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and

max |mg,, —m,| — 0, if [|T1,|| — 0,
0<i<n-—1

by continuity of M : u +— f(;‘ s ds, which implies that M is uniformly continuous on [0, ¢].
Finally, the last term is not larger than

n—1
2051}?”’(_1 ISt — 851 - Zo My —my).
=

Noting that s; is continuous and using Equation (6.7) completes the proof.
Corollary 6.6.4 If{X,} is an Ito process such that F; = [X, X, is differentiable with deriva-

tive F| = 0,2, then integrals w.r.t. [ X, X]; can be calculated by

t 1

/ Z,d[X, X1y = / Zs02 ds,

0 0

for any process {Z;} such that the integrals exist.

We also need the following result that tells us how to integrate a proper adapted process
w.r.t. an It process.

Theorem 6.6.5 Let

t

t
X,:Xo—l—/usds—l-/anBs
0 0

be an It6 process and Z; be an adapted process. If
t t
E/Zfofds<oo and /|Zsus|ds<oo
0 0
hold true for any t € [0, T], then

t

t
/ZSdst/Zs,usds—i—/Zsasst, 0<t<T
0 0 0

t

Proof. We show the result for the case that {Z;}, {i;} and {o,} are simple predictable w.r.t.
the partition 0 =#y < ... <t, = T. Then u; = p; and o; = oy, for t € (¢;, t;41]. Hence,

fit1 fit1

Xz,-Jrl—Xz-:/Mst-l-/Gsst

1
t t

= /’Lli(ti-‘rl - li) + Gti(Bti+1 - Bt,')s
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yielding

! n—1

[zax =3 2y, - x0)

0 i=0
n—1 n—1

= Z Ztth,‘(ti-‘rl - ti) + Z Z[jati(Bt;+1 - Bt,‘)
i=0 i=0
t t

:/Zsusds+/Zsosst.

0 0

We are now in a position to formulate 1t6’s formula for Itd processes.
Theorem 6.6.6 (It6’s Formula for Ito Processes)

Let {X,} be an It6 process and f(t, x) be a function with continuous partial derivatives

fi(t, x), fx(t, x) and fy(t, x). Then,

t t t
X0 = (0, Xo) + / Fils, Xp)ds + / fils, Xs)dxs+% / Fuals, X9 dIX, X,
0 0 0

t t

1
= (0, Xo) + / |:ft(s, Xs) + fi(s, Xo)ps + Efxx(s, Xs)052:| ds + / Sfx(s, Xs)og dB;,
0 0

fort € [0, T]. In other words, f(t, X;) is again an Ité process with drift

~ 1
e = fils, Xo) + fuls, XOpts + 3 franls, X)o?
and volatility

os = fals, X5)os.
This theorem tells us that any smooth function of an It6 process is again an It6 pro-
cess and the way how we map the value X; to the new process may depend on the time

coordinate .

Example 6.6.7 Consider a geometric Brownian motion
St = So exp(ut + oBy),

where u € Rand o > 0 are constants. We already know from Example 6.6.2 that X, = log S, is
an Ité process with drift us = p andvolatility o = o. Let us apply Itd’s formulato S; = f(X;)
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with f(x) = e*. Then S; = f(X;) is also an Ito process with drift
~ 1
s = fr(Xpus + Efxx(xs)asz
oo
= Ssis + ESSJS
o2
=|\u+ X Ss
and volatility gs = fv(Xy)os = Ss0, such that
2 t t
S; = So + (,u—i— 2) /Srdr—l—U/SrdBr.
0 0
As a differential
o2
dSt = (,LL + 2) S{ dt + O'Sl dBl
We have found that a geometric Brownian motion allows the representation
02 t t
S; = S()+ (,LL"‘ 2) /Srdr+a/S,dBr.
0 0
Ifweputu = — %2, the drift term vanishes and we obtain S; = Sy + o f(; S, d B, amartingale.

Corollary 6.6.8 A geometric Brownian motion
S; = So exp(ut + oBy)

with

is a martingale.

Example 6.6.9 (Generalized Brownian Motion)
Let u; and o; be adapted processes with

T T
/o |y dt < o0 and /0 otzdt<oo,

almost surely. Consider the process

t 2 t
S,:Soexp{/ </Lr—02r> dr+/ ardBr}, tel0,T].
0 0
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Then

2

t t
X, =log S, =log Sp ~|—/ (ur — Uzr) dr+/ o,dB,, te0,T],
0 0

is an Ito process with drift {1, and vola &, given by

2
oy

ﬁtzﬂt_jv o = 0y.

Since S; = e*t, Ité’s formula shows that S; is again an Ité process with drift

_ 1
e = fx(Xom, + Efxx(Xt)at2

2 2

X oy oy

= et - = )
(Mz 2>+2 t

= Siis,
and vola
o = fx(Xp)oy = Si0;.

Thus, we obtain the representation

t t
S; = So +/ wrSydr —l—/ o0,S,dB,, tel0,T].
0 0

In other words, {S;} solves the stochastic differential equation
dSt = /L[St dr + O'tS[ dBt

Example 6.6.10 (Vasicek’s Model for Interest Rates)

The process

t
X, =e "X+ 2(1 —e Py foe / e dB,, rel0,T], (6.8)
0

where X is a fixed starting value and a > 0 as well as b, o > 0 are parameters, is often used
to model interest rates. It depends on Brownian motion B; via the process

t
z,:/ebSst, t €0, T).
0

Let f: [0, T] x R — R be given by

ftx) =e P Xo + g(l — ety 4 ge .
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Then the partial derivatives are given by

fi(s, x) = —be Xy + ae™? — obe Py,

fuls, x) = e,

Sax(s,x) = 0.
X; = f(t, Z;) is an It6 process with drift
~ 1
s = fi(s, Zy) + Efxx(sa Zs)e%s =a—bf(s, Zs) =a— bX;
and volatility
gs = fx(s, Zs)ebs =0

Hence,

t
X; = X0+/(a—bXS)ds+oBt,
0

235

i.e. dX; = (a — bX;)dt + o dB;. That equation is a stochastic differential equation where
X appears at both sides of the equation. We may understand Equation (6.8) as an explicit
solution of the above differential equation. The latter allows for an intuitive interpretation of
the model. The drift term depends on the level. Compared to the geometric Brownian motion,
where the drift is constant, the correction term —bX; is present if b > 0. High values of X;
lead to a reduced local trend. The drift is positive for X, < a/b and negative for X, > a/b.

For a = 0 we obtain the Langevin stochastic differential equation
dXt = —bXt dt + O'dBt,

which is solved by the Ornstein—Uhlenbeck process

t
X, =eP'Xxy+ ae_bt/ e dBy, t>0.
0

Clearly, {X;} is a Gaussian process with mean E(X;) = e PXy— 0,ast — oo, ifb > 0. To

calculate the autocovariance function,
VX(S’ t) = COV(X35 Xt)7 N S t’

we may assume Xo = 0. Let us approximate X and X, by sums

n
X =oe™ N "M [B, — By,
i=1

n+m

X" =oe " P 1[By, — By,
i=1
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where sg < --- < s, 1s a partition of [0, 7] and 59 < - - - 5, a partition of [0, s]. Clearly,
those approximations converge to X and X, respectively, in Ly, as n — oo. It holds that

yx(s, 1) = lim Cov (Xgm’ Xﬁ’”),
n—00 K

by continuity of the inner product. But

n
Cov (XE,”), Xﬁ")) = gl bl+D) Z e?Dsi-1(s; — 5i_1)
i=1

!
— 0o O_Ze—b(s+t)/ est ds
0

2
_7 (e—b(s—t) _ e—b(s+t)) _

2b
In particular,
2 2
o o
Var (X)) = —(1 —e ) - —,
ar (X;) 2b( e ) b

as t — oo. Since {X,} is Gaussian, the candidate for a stationary solution, which is then also
strictly stationary, corresponds to the random initial condition

o2
Xo ~ — .
0o~ N <0, 2b> ; (6.9)

independent from {B; : t > 0}. Then Cov(e > X, e "' X() = g—Ze’b(H”, leading to

2
o
Cov(Xy, X) = Ee"’"‘s‘, s,1>0, (6.10)
which is a function of |t — s| thus establishing the existence of a stationary solution.

Proposition 6.6.11 The Langevin stochastic differential equation attains a strictly stationary
solution given by the initial value (6.9). That solution has mean zero and autocovariance
function (6.10).

6.7 Diffusion processes and ergodicity

A solution {X,} of a stochastic differential equation of the form
dX; = u(Xy)dt + o(Xy)dB:, , Xo = xo, t>0,

is called It6 diffusion. Up to now, we have calculated the solutions of such equations by
using Itd6’s formula, and the solutions were (automatically) functions of the underlying Brow-
nian motion and of the coefficient functions ©(x) and o(x). In general, a solution with these
properties is called a strong solution. A strong solution exists, if the functions p(x) and o(x)
satisfy a global Lipschitz condition

lu(x) = uI + lo(x) —o(y)| < Lix — yl,
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for some constant L. Such a solution may be stationary, and the Ornstein—Uhlenbeck provides
an example.

A diffusion is called ergodic if there exists some measure 7, called an invariant (prob-
ability) measure, such that

t
%/ h(Xs)ds:/h(x)dn(x)
0

with probability one for all functions 4 with f |h(x)| dm(x) < oo. Sufficient conditions for a
strong solution to be ergodic are as follows: Define the scale density by

s(y) = exp <—2 /y (%) dx) , —00 <y < 00,
0

o2(x)

and assume that the scale function
X
S(x) = / s(y)dy,
0
satisfies

S(x) = +o0,

as x — F00. Introduce the norming constant

K = / %dx < 00.
o-(x)s(x)

Then, the unique stationary measure is given by the invariant density

1 ot
du(x) = m exp (2/0 % dt) dx.

Further, if the initial condition is chosen as
X0~ u,

then the corresponding strong solution is strictly stationary. In this situation, it is common to
denote that strictly stationary and ergodic solution by {X,}.

Example 6.7.1 For the Ornstein—Uhlenbeck process we have identified the unique stationary
2
measure as a normal distribution with mean zero and variance 3, that is u is given by

b
W@ = [0y 2 0dn  asb
L 0.5
The geometric Brownian motion, the Ornstein—Uhlenbeck process as well as the CIR
model appear as special cases of the family of stochastic differential equations
dX; = (@ + BX,)dr + oX! dB;,

parametrized by «, B, o and y, known as the Chan—Karolyi—Longstaff—Sanders (CKLS) model
in finance.
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Here is a list of special cases and how they are referred to.
(i) Merton: dX; = adr + odB;;

(ii) Vasicek: dX; = (o« + BX;)dr 4+ odB;;

(iii) CIR square root: dX; = (« + BX;)dt + o+/X;dBy;

(iv) Brennon-Schwartz: dX; = (o 4+ BX;)dt + o X;dB;
(v) CIR variable rate: dX; = O’X?/ 2dB,;

(vi) CEV (constant elasticity of variance): dX; = X dt + 0X }/dB,.

6.8 Numerical approximations and statistical estimation

Consider a time-inhomogeneous It6 diffusion

t t
X, = / (s, X,) ds + / o(s. X)dB,, 120,
0 0

where w(t, x) and o(z, x) are deterministic functions and B; is a Brownian motion. In differ-
ential notation, we have

dX; = u(t, Xy)dt + o(t, X;)dB;. (6.11)
In general, explicit solutions are not available and one has to rely on numerical approximations
of a solution {X,}, that is a process in discrete time ¢ € {t, f2, ... }, which approximates the
solution in an appropriate sense. Also, notice that in reality we cannot observe full trajectories
and a continuous-time model is an idealized mathematical description. We can only observe

a snapshot taken at discrete time points 1, 2, . . .. Let us assume that these time points are
equidistant with time step A,

ti =ty =ty +iA,, i=1,2,...,
and denote the corresponding sample (snapshot) by
X" =x,, i=1,...T

of the process {X; : t > 0}. Assuming that A, is small justifies the approximations
1
/ (s, Xg)ds ~ p(ti—1, Xy )i — ti-1)
i
and
1
| o XdB o1, X, B~ By,
fi—

where t; —t,_1 = A, foralliand By, |, — B, ~ VAN, 1).
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These approximations and the SDE (6.11) lead to the Euler approximation scheme

AXY = pulto + (i — DA, X\ Ay + 0t + G — DA, XDV Ager, (6.12)

i— i
where
(n) (n) (n)
AX =X =X,

and ¢; are i.i.d. standard normal random variables.
For the special case of a time-homogeneous diffusion,

dX; = u(X)dr + o(X)dB;,

the Euler approximation scheme (6.12) is given by
AXE") = M(Xz(ri)l) Ap + G(Xﬁ'l)l) V A€, (6.13)

where X g') =X E") is the approximation at time t; = ty + iA,. Between the grid points, one

constructs X E") by piecewise constant interpolation or linear approximation.

Observe that Equation (6.13) fits the framework of the general nonparametric regression
model (3.1), which we will further discuss in Chapter 9.

The following results shows that the above approximation scheme has a strong conver-

gence rate A,]/ 2, under a Lipschitz and linear growth condition.

Theorem 6.8.1  Suppose that E|Xo|* < oo, || X — XE)")Hz = 0(8'/2). If the Lipschitz
condition

Iz, x) — (e, )| + lo(t, x) —o(t, Y| = Kilx — y|
the linear growth condition
la(t, x)| + 1b(t, x)| < K2(1 + |x]),
as well as
la(s, x) = a(t, )| + |b(s, ) = b(t, 0)| < K3(1 + [xDls —#]'/?

hold true for all s,t € [0, T] and x, y € R4, where the constants K1, K>, K3 do not depend
on Ay, then the Euler approximation X ﬁ”) satisfies the uniform estimate

sp E ([x, - xi) = 0(a)/?).

t€[0,T]

6.9 Notes and further reading

Various monographs and textbooks were valuable sources for this chapter. For non random
integration with respect to functions of bounded variation we refer to Lang (1993). A classic
reference to stochastic integration is Friedman (1975). A concise treatment of the L, theory
of It6 integration can be found in Pksendal (2003). Klebaner (2005) provides a careful in-
troduction to the issues raised in this chapter. The proof of 1t6’s formula is adopted from
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Klenke (2008). The nice and intuitive treatment of Shreve (2004) inspired the present
exposition as well. For a reader not being interested in a rigorous mathematical treatment
where all results are shown, the comprehensive as well as demonstrative book of Grigoriu
(2002) can be recommended for additional reading as well as the concise and didactic treat-
ment of Mikosch (1998). An advanced text towards stochastic analysis is Protter (2005), from
which various elegant arguments, e.g. the derivation of the integration by parts formula, are
taken. Our discussion on how to generalize the stochastic integral to cadlag processes also
follows Protter’s approach, see also Kurtz and Protter (1996) and Jacod and Shiryaev (2003).
The CKLS model is due to Chan et al. (1992). Theorem 6.8.1 is (Kloeden and Platen, 1992,
Theorem 10.2.2).
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The Black—Scholes model

The Black—Scholes model assumes that one can either invest money in a stock whose future
prices are random or deposit it at a bank account. Compared to the discrete-time models
we have studied so far, the striking difference is that we now model the financial market by
stochastic processes in continuous time and allow for continuous trading. Consequently, all
relevant quantities such as the stock price or the trading strategy are now stochastic processes
in continuous time as well.

We first discuss the classic model formulation, where the bank account pays a fixed and
known interest rate. It turns out that the model is arbitrage-free and complete and the unique
equivalent martingale measure constructed by virtue of Girsanov’s theorem leads to the famous
Black—Scholes formula for the arbitrage-free price of a European call option already discussed
in the first chapter. The model can be extended quite easily to the case that the volatility of
the stock price process is still deterministic but depends on time. Lastly, we briefly discuss
the generalized Black—Scholes model, where the stock price volatility as well as the interest
rate may be random processes.

7.1 The model and first properties

To simplify the exposition in the continuous-time world, we shall change our standard nota-
tion. Up to now, when using double indices, the first one was the time index and the second
referred to the financial instrument. This means, S;; denoted the time ¢ price of the ith finan-
cial instrument. From now on, we use the notation S;;. The reason is that we have to work
extensively with integrands with respect to time for a fixed instrument. In such a situation, it
is more natural to write fot S1, du instead of f(; S, du.

The model due to Black and Scholes is now as follows. We are given a bank account
{Sor : t € [0, T]} for depositing and lending money at a fixed interest rate r and a risky as-
set, say an exchange-traded stock, {S1; : ¢ € [0, T']} defined on a filtered probability space
(2, F, {F:}, P). As in previous chapters, P stands for the real probability measure. It is

Financial Statistics and Mathematical Finance: Methods, Models and Applications, First Edition. Ansgar Steland.
© 2012 John Wiley & Sons, Ltd. Published 2012 by John Wiley & Sons, Ltd.
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assumed that the processes {So;} and {S1;} are given by

SOt = e”? re [05 T]a

2
S1r = S10exp ((M - 62> I+UBt) , tel0,T1],

for constants © € R, o0 > 0 and S;g. Here, {B; : t € [0, T]} is a standard Brownian motion
under P. Notice that {S},} is a geometric Brownian motion with drift parameter u — /2
and volatility o. Clearly, the bank account satisfies the integral equation

t

Sor = Soo +V/S()u du, te]0,T],
0

or equivalently
dSo; = rSo; dt,
and has the explicit representation
Sor =€, te[0,T].

According to Example 6.6.7, {S1;} attains the representation

t t

Slt=SIO+M/S1udu+G/SludBus tel0,T],
0 0

dS]t = [,LS]tdt +US]tdBt.

We interpret the latter model equation as follows: During a small time interval [z, t 4 dt],
the stock price change is approximately uS1,dt, a deterministic quantity since Sy; is known
at time ¢, which is disturbed by a random noise term ¢S1;+/d?Z, where

7 — Biydar — B
Vi

is independent of Sy;. Put differently, the relative price change, that is the return, is modeled
by a linear trend disturbed by a normally distributed error term.

~ N(0, dr)

dsSi;

1t

~ udt + oVdiZ.

It is common practice to measure time in years. Then u is the mean rate of growth of
the stock per year and o the volatility per year. Let us briefly discuss how to estimate those
parameters in practice. Notice that the log price of the stock,

2
o
log S1; = log S10 + (M — 2) t+oB;
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follows a normal distribution with mean log Sjo + (,u — "72) and variance o¢, and the log

returns corresponding to time lag A,

2

o
Ry = Ria =10g Sy 144 —log S1y = (M - 2) A+ 0o(Biya — By)

. 2 . . o
are normal with mean ( uw— %) A and variance Ao, When sampling the process at an equidis-
tantgridt; = iA,i =1, ..., n, the corresponding log returns Ry, ... R, are independent and
identically normal with those parameters. Hence, the volatility parameter o can be estimated
by

~ sdg
o, = —
n \/Z
where
- 1 <
2 _ Ry 5 _ L
sdp=-—7> (R=R)",  Ri=—-> R,
=1 =1
and
o1y +sd§ %
Mn—A n ) NA n

Figure 7.1 depicts simulated trajectories of the Black—Scholes model with parameters p
and o estimated from a real price series, which is added to the plot for comparison.
Let us now consider the discounted stock price process

St = Sp,' Si

— e_rtSh

o2
=Sloexp((,u—r—2>t+oBt).

The question arises, whether {S7,} is an It6 process. Noting that S}, is again a geometric
Brownian motion, we immediately obtain the following result of Example 6.6.7.
Lemma 7.1.1 The discounted stock price process {S7,} is an It6 process,

t t
STZ:S10+(M—r)/Sikudu+U/Si"ud3u,
0 0

or equivalently,
dsy, = (u — r)Sy,dr + oSy, dB;.

We shall allow that an investor can trade continuously until the time horizon 7. However,
we have to impose some regularity conditions on the continuous-time process describing such
a trade. First, as in the discrete-time case, we will require that the number of shares held at
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Figure 7.1 Simulated trajectories of the Black—Scholes model. The straight line is the bank
account, the trajectories starting at 100 are three independent replications of the stock price.
The parameters are estimated from daily log returns of Credit Suisse, whose price process
has been added for comparison, data from R’s free EU Stocks Data Set.

time ¢ does not use future information. Secondly, we impose a condition ensuring that the
associated (stochastic) integrals are well defined.

Definition 7.1.2 A trading strategy (portfolio) is a bivariate stochastic process

Y = (alv ﬂt)v te [Ov T]a

with the following properties.
(i) ¢:[0,T] x Q — R?is (B([0, T]) ® F;)-measurable.
(ii) ¢ is Fi-adapted.

(iii) [y @?dt < oo and [y 1B, dt < oo

Given a trading strategy {(c;, B;) : t € [0, T}, o is interpreted as the number of shares of
the risky asset shared at time ¢, and B, is the amount of money deposited at the bank.
Notice that condition (iii) guarantees that the stochastic integrals

t t
/,BM dSo, = r/,Bu Soudu since (Sp, = re™)
0 0
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and

1 t t
/au Sy, = M/auslu du +a/auslu dB,
0 0 0

are defined.

For clarity of the following definition, let us recall the interpretation of an Itd integral
such as fot o, dSy, in mathematical finance, which is crucial to understand the economic
meaning of the calculus. It represents the value process of a time-dependent position «,,, the
integrand, in the tradable financial instrument Sy,,, the integrator. The position at time u is o,.
During the infinitesimal period of time [u, u + A] the position’s change in value is given by
oy dS1y (& @y (S1,u+a — S14))- The value process associated to a trading strategy ¢ = (o, B)
is given by

Vilp) = o811 + BrSor, 1 €0, T].

Vo(g) are the initial costs required to set up the trade {¢;}.

Definition 7.1.3 A trading strategy {¢,} is called self-financing, if the value process satisfies

t t

V() = V(o) + / 0ty dS1u + / BudSow. 1[0, T],
0 0

or, equivalently, dV(¢) = a; dS1; + B dSo;-
A self-financing strategy is characterized by the fact that the change in value of the portfolio

is the result of the corresponding changes in value of the positions held in the stock and the
bank account.

Lemma 7.1.4 Let ¢ = {¢;} be a self-financing trading strategy. Then, the value process
{Vi(@)} is an It6 process,

t t

Vi) = V(o) + / oy (o) du + / ovu)dBa, 1 e[0,T],
0 0

with drift
wy(#) = pou St + rBeSor
and volatility
oy(t) = oo S1;.

Proof. Since ¢ is self-financing, V; = V;(¢) satisfies

1 t

Vi=Vo+ / 0 dS1 + / Bu dSou, (7.1)
0 0
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where

t

Sor = el = Soo + / rSo, du
0

and

t t

Sy = S10+/M51udu+/051u dB,
0 0

are It6 processes. Let us calculate the stochastic integrals appearing in Equation (7.1). Noting
that in both cases the integrator is an Itd integral, we may apply Theorem 6.6.5, yielding

t t t

/au dS1y :/auﬂslu du+/auc751u dB,

0 0 0

1 t
/IBu dSou =71 / IBLleru du.
0 0

The following result shows that the discounted value process of a self-financing strategy
has a specific structure.

and

Proposition 7.1.5 A trading strategy is self-financing, if and only if

t
Vip) = Vo(<p)+/au dsj,, tel[0,T],
0
where
t

1 t
/au sy, = /(,u — oy, ST, du +/aauS’fu dBy,
0 0 0

fort €0, T].

Proof. We show that the stated representation is necessary. For brevity of notation let
Vi = Vi(p) and V}* = Vi(p) = e "V,. Since e~"" has bounded variation, the bracket process
[V, e~"*]; vanishes. Thus,

t

t
0=[V.e™"*] = Ve |, —/Vu de™™) - /e—’“ dv,.
0 0
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Here, the first term equals V;* — V{ yielding

1 t

V=V +/Vud(e_”‘) +/e_”‘ dVv,.

0 0
Let us calculate the integrals at the right-hand side. For each ¢ € [0, T'] we have

t t t

/e—”’qu = /e_’“uv(u)du -I-/C_MGV(M)dBu

0 0 0

t t
= /(;LauS’fu +rBy)du + /oauS]“u dB,.
0 0

Further, since V,, = o, S1, + BuSo, and Sp, = e™

t t

/Vud (e™) = - / V,re™ ™ du

0 0

t
= - /(rauSi‘u + rBy) du.

0
Putting things together, we arrive at
t

Vi-Vy= /(u — roy ST, du + /oot,,S]"u dB,,
0
for any ¢ € [0, T'], which completes the proof.

7.2 Girsanov’s theorem

247

The Girsanov theorem provides the means to change the real probability measure P in such a
way that the discounted stock price process becomes a martingale. Since in the Black—Scholes
model the log stock price is driven by a Brownian motion plus a linear drift, the first — and

crucial - step is to solve the problem for such a process.

We need some preliminaries. Suppose L > 0 is a random variable on a probability space
(2, F, P) with E(L) = 1. Then we can define a new probability measure Q by using L as

the Radon—-Nikodym derivative ?j—%, ie.

Q(A):/LdP, AeF
A

(7.2)

Any probability measure defined by a P-density is absolutely continuous with respect to P.

If, in addition, L is positive, i.e. L(w) > 0 for all w € €2, then Q is equivalent to P.
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Lemma7.2.1 SupposethatX : (Q, F, P) — (R, B) follows a N(u, o%)-distribution, i € R,
o2 > 0. Define

2
L(w) = exp <—:2X(a))+ 2122> , we€ Q.

Then E(L) = 1 and under the probability measure dQ = L dP, given by Equation (7.2), X
follows a N(0, 0?) distribution.

Proof. Clearly, L > 0. The proof of E(L) = 1 is left to the reader. Let us calculate the

characteristic function of X under Q, in order to show that it coincides with the characteristic
function of a N(0, o%) distribution. For any ¢ we have

202

1 2u wro o (x—p)?
- zyfa/e"f’(‘zaz”zaz““‘zaz &

: / ( < i ) d
=——— [exp| ——= +itx ) dx
J2ro P 202

= Ep(e™),

2
— Epexp (—:“ZXJr L itX)

if Y ~ N(0, 0%) under P.

Let{B; : t € [0, T']} be a standard Brownian motion under P, as appearing in the definition
of the stock price process. By Corollary 6.6.8, for any fixed m € R the process

m2
Lt = exXp <—th - 2[) s t e [0, T], (73)

is a positive martingale and E(L;) = 1 holds true. Thus, we may use L7 as a P-density to
define an equivalent probability measure by Equation (7.2).

Lemma 7.2.2 The probability measure Q defined by dQ = Lt dP, where {L; : t € [0, T}
is given by (7.3) attains the P-density L; with respect to the probability space (2, F;, P).

Proof. We have to show that
Q(A) = / L;dP forall A € F;.
A

Let A € F;. Then
O(A) = E(14L7)
= E(E(AaLT1|Fy)
= EAAE(LT|F))
= E(lALt)»

which proves the assertion.
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Lemma 7.2.3 Let A C F be a sub-o-field. Suppose that X is a random variable with
E (ei’X|A) = 671202/2, teR.
Then X is independent of A and X ~ N(0, 62).
Proof. Let A € A and notice that
E (14e"™) = E (14E (e"¥|A))
=F (lAe*’Z"z/z)
— P(A)e """/

forall € R. In particular, the characteristic function g x of X is given by px(¢r) = e’ 20/ 2te
R, (put A = ), such that X ~ N(O, 02). By assumption, the conditional distribution of X
given A € Ais also N(0, o2), ie.

P(X5x|A)=<1>(f>, xeR.
o
It follows that forallx e Rand A € F
PU{X <x}NA)=P(X <x|A)- P(A)
= () Pa),
o

Since the intervals (—oo, x], x € R, generate the Borel o-field B, we may conclude that X
and A are independent.

In what follows, we make use of the fact that the formula
ox(t) = E (¢"¥) =™~/ 1R,

for the characteristic function of a random variable X ~ N(u, 02), neR, 0% > 0, also
holds true for complex arguments. This can be seen as follows. The function ®x(z) =

2.2 . . . . .
eh—0/2 e C, is analytic, agrees with ¢x for real numbers and all derivatives of @y
and gy exist. Hence, all algebraic and absolute moments

ar = EX*, Be=EIXI*, k=0,1,2,...

exist and @y admits the series expansion

i lkak k
ox(x)=>» —— zeC
k=0

It also holds true that the series

0 k

Zﬂk%, zeC,

k=0
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converges. To verify this, it suffices to establish the following upper bound for Sax—1, k € N:

Bak—1 1 [ ax %2
2k — 1)! =32 ((21«)!(2]‘) + 2k — 2)!) '

But this follows from the inequality
‘ka_ll < %(ka +x2k_2), k=1,2,...,
which can be shown by induction and implies
Bu—1 = E|X*7!| < %(E(sz) +E(X*7?) = %(OKZk +a-2).

It follows that for any A > 0

> Br = [yl
o=k => —EIx/*
| !
Py k! = k!
A
vk
I R )
k=0 " 7,
A
= |}’|k k
= [ Y=l dFx(
Za k=0

(0.¢]
Therefore, the integral [ el d Fy(x) exists, which implies that the integral

—0o0

o
/ e*dFx(x), zeC,
—00
converges and agrees with ¢(z) if z is real. But then it must agree with ¢(z) for all z € C, such
that
E(e%%) = 2 e
We are now in a position to prove the following version of Girsanov’s theorem.

Theorem 7.2.4 (GIrRsANOV) Let {B; : t € [0, T} be a standard Brownian motion under P.
If Q is defined by dQ = Lt dP with Lt as in Equation (7.3), then

B, =B, +mt, te€l0,T],

is a standard Brownian motion under Q.
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Proof.
We have, since B, — B, is independent from F; and A € F,

E (1 Ael“(B?—Bﬁ)Lt) —E (1 Ael”(B;_Bg')LtL;lLQ
= E (1aLE ("B BL,L7 7))

Let us calculate the second factor
/ / m2
E (e‘”(Bf_Bf)LtLS_l) =F (exp {m(B, — By) +wum(t — s) — m(B; — By) — 70 — s)})

2
=F (exp {(iu — m)(B; — By)} exp {mm(t —5) — m7(t — s)}) .

We aim at calculating the first factor via the characteristic function of B; — By, which is given
by u — e~ (=92 for y € C.
Eexp{(u —m)(B; — Bs)} = Eexp {1(u + im)(B; — By)}

— e—(u+1m)2(t—s)/2.

Hence,
7 7 m2
E (e‘“(B'_B-Y)L,LS_I) = exp {—(u + 1m)2(t —8)/2 +wum(t —s) — 7(t — s)}

u? m? m?
=expq(t—y) —7—1um+7+1um—7

= exp{ — uz(t — s)/2},

which completes the proof.

7.3 Equivalent martingale measure

We are now in a position to determine an equivalent martingale measure P* such that the
discounted stock price process is a P*-martingale. The discounted stock price is

* —rt __ 02
Sty =Sue”" = Soexp | (u—r)t — ?t + 0By | . (7.4)

2 . . . .
The term — ¢ is the right trend we have to take into account to ensure that the geometric
. . N . . .
Brownian motion exp (JW, - %t) inherits the martingale property from W;. Obviously, we
may write ST, in this form, if we put

—r
WIZM t+Bt
o
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W; is not a martingale under P, but, by virtue of Girsanov’s theorem, there exists an equivalent
martingale measure P* given by

P*(A):/LTdP, AeF,
A

where

92 w—r
LT=exp —@BT— T . 0= 5

such that W; is a martingale under P*. ® is called the market price of risk. The stock price

S1; is given by
o2
S1: = S10exp ((,u — 2) r+ aB,)

where B; is a standard Brownian motion under P. In terms of W; = %t + B;, we have

0_2
S1: = S10exp <<r — 2> t+aW,> ,

where W, is a standard Brownian motion under P*. This means that for calculations concerning
S1; under P* one may simply replace u by the riskless interest rate r.

. . 2 . .
The discounted price process S}, = exp ( - St+ oW,) can also be written in the form

t

f,:/asfudwu, t€0,T].
0

Next, consider the discounted value process. We have

t
Vi=Vo+ /auoSTu dw,, te][0,T],
0
provided the It6 integral fot o, 08T, dW, is defined. Let us restrict the class of trading strategies

to ensure that this is the case. This means, in the following we only consider self-financing
trading strategy satisfying

T

E* /(ausrufdu < 0.
0

7.4 Arbitrage-free pricing and hedging claims

We may now use the results obtained in the previous sections to price and hedge contingent
claims in the Black—Scholes framework.



ARBITRAGE-FREE PRICING AND HEDGING CLAIMS 253

Let C : (22, F, P) — (R, B) be a claim providing the payoff C at time 7. The arbitrage-
free time O price is

n(C) = E* (e7'TC) = / e T C(w)dP(w).

In particular, consider a European call option C = (St — K)™. We have to calculate
E* (e77C) = E* (7" max(Sy — K,0)),

where log St is log normal under P*,

p* o2 o2 )
log ST ~ r—; T+oWr~N r—7 T,0°T ).

We are led to the calculations provided in detail in Section 1.5.5.

Consider a claim, i.e. a Fr-measurable random variable. Notice that, by F7-measurability,
the payment at maturity may depend on the whole trajectory of the price process thus including
path-dependent derivatives.

Definition 7.4.1 A claim is called replicable (attainable) if there is a proper trading strategy,
¢ ={¢; : t €0, T1}, called a hedge, such that

Vr(p) = C.

Suppose we are given a claim C and have a predictable process {c;} at our disposal such
that

T
cr=eTC = oy + /Olu deu.
0

Then, one may define a self-financing trading strategy by choosing B, such that ¢, = (o, B;)
satisfies

t

Vi) =aSi + B =0+ /(xu dsy,.
0

This means, the hedge is financed via the bank account. The hedge replicates C,i.e. Vr(¢) = C.
Let P* be the equivalent martingale measure and assume that E fOT (xtz dt < oco. Then
Jo @ dS§, is a P*-martingale and we obtain

E* (Vi) = ao.

Consequently, «g is the arbitrage-free price.
The following theorem provides a way to calculate the value process without requiring an
explicit hedging strategy.
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Theorem 7.4.2 Let Ct be a claim with E*(C%) < oo. If Cr is replicable, then its time t
value is given by

Vi = E* (7" Cr|R)
and, in particular, Vo = E* (e_’ TCT) represents the fair price.

Proof. Let {o;} be number of stocks of a replicating hedge such that
T

Ci = ao+/au asy,,
0

and let ¢; = (o4, By) be the associated self-financing trading strategy constructed above. Then
the corresponding value process V;* = op + fé o, dST,, t € [0, T1, is a P*-martingale, since
the stochastic integral has that property. This means,

Vi = E*(V;|F) = E*(CTFY)
holds true for all ¢ € [0, T']. Since C = e TCrand V; = ¢’ V/, we obtain

V, = E*e" T 0Cr|F), tel0, Tl

Our next aim is to show that the Black—Scholes model is complete, i.e. any F;-measurable
claim can be replicated. The proof is based on the following representation theorem for
martingales in continuous time.

Theorem 7.4.3 (Representation Theorem) Let M = {M;:t € [0,T]} be a right-
continuous P*-martingale. Then there exists a (B[o,r] ® fr)-measurable adapted process

n={n;:t €0, T]}, such that
T
/r}t2 dt < o0
0

P*-a.s. and

t
M, = My +/nsdB§‘, t €10, 7.
0

Theorem 7.4.4 (Completeness) Let C be a Fr-measurable random variable with E*|C| <
0. Then there exists a replicating hedge ¢ = {¢; : t € [0, T]}, i.e.

Vr(p) = C.
In addition, V}(¢) = E*(C|F;), t € [0, T].

Proof. We have already shown that any replicating hedge satisfies

V= E*"C*|F), tel0,T].
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This means that the right-hand side of this equation yields the discounted value process. Thus,
we consider the P*-martingale

M, = E*(C*|Fy), te€]0,T].
‘We may assume that M; is continuous. The representation theorem yields the existence of an
adapted process {n;} with fOT n,2 dt < oo, P*-a.s., such that

t
M, = Mo+/mdB:‘.
0

To determine a self-financing replicating trading strategy, we make the following ansatz. If
or = (0o, By) 1s such a self-financing hedge, then

t
Vi=Vo+ /au dsy,
0
follows. Since
t
st = / oSt dB!
0
is an Itd process, we have
t

t
/ozu dsy, = /oeuaS’fu dB;.
0

0

Let us equate M, — My = fot nudBE and V} — Vg = fot o, 08}, dB} and solve for a,. A
solution is given by

_
= —
oSy,

o te[0,T].

Put 8, = M; — «,S7,. Notice that both a; and B, are adapted. Now ¢; = (c;, B;) satisfies
V[*((p) = atST[ + ﬂf = Mla re [07 T]

It remains to verify, that ¢, replicates C, is proper and self-financing. It is trivial to note that
¢, replicates C, since

Vi(p) = My = E*(C*|Fr) = C*.

Further, ¢; is self-financing, if

t
V() = Volp) + /au dsy,, te€l[0,T]
0
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t
Let us first check that the Itd integral [ «, dS7, is well defined. We verify the sufficient
0

condition

ozﬁ du < o0, P-as.

St~

Since S}, > 0, P*-a.s., forall ¢ € [0, T, we have inf ;¢ 7] |S],| > 0O, since S}, is a discounted
stock price process. Hence

T T 5

/aﬁdu=/< 77:1) du
oSy,

0 0

<|(o- inf |S} 2 du < oo,
_( te[O,T]| 1") /n”
0

P*-as. @, is self-financing, since Vy(¢) = My and 1, = a,,0S7,, such that

V[*(go) = Mt

Vo +

which ensures the self-financing property by Proposition 7.1.5. Finally, ¢; is admissible, since

T

T
/(aqu Y2 du :/n'%du < 00.
u 0,2
0

0

7.5 The delta hedge

Let us assume that the value process of a derivative C,
Vi=e"E* (Ce™ | F),

is a twice continuously differentiable function of # and Sy;, i.e.

Vi=V@ 1), t€[0,T],
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for some C2 function V : [0, T] x R = R, (¢, x) — V(1 x), for (¢, x) € [0, T] x R. Denote
v v

the partial derivatives of V by -, 7, etc. Let {¢,} be a self-financing trading strategy. Then,
by Definition 7.1.3,

1 1

Vi) = Vo(p) + /au dsSi, +/,3u dSou
0

0
t t

= Vo(gD)—i—/ozu dSi, ~|—/'Bureru du.
0

0
An application of It6’s formula to V(z, S1;) yields the representation

1 8%V

t

v aVv )

Vi=Vo+ 5(”» Stu) + a(u, S1u)itS1y + Eﬁ(lfh S1u)o Slu du
0

t
1%
+ / W (. $1)0S14 dBy.
ox
0

Since dSi; = uS1; dt + 0S1; d By, the last expression can be written as
[ ov [ Tav 192V
V= Vo+ / w1 dSiy + / {atm, S0+ 5 3 @ s1u>azsli,} du,
0

Equating the integrand leads to the delta hedge
av
oy = 7(t7 Sll‘)s
ox

v 1%V 5o .
B = E(L S1) + Eﬁ(h S11)o” St (”e ) .

If we plug these formulas in V; = «;S1; + B;Sor, We obtain

1%V
w(r, S1)0? 83,

Vi —av(t S1:)S1: + —av(l‘ S1e) +
rVi=r ) ; =
t o 1)1+ 1)+ 5

This means that the value process satisfies a partial differential equation.

7.6 Time-dependent volatility

So far we have assumed that the volatility of the stock price is a non random constant. However,
real data from financial markets show that this is an unrealistic assumption. Let us now assume
that the volatility is a function of ¢. Thus, taking the stochastic differential equation as a starting
point, let us assume that the stock price S;; follows the model

dS1; = uyS1, dt + 0,51, d By,
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for some deterministic function o : [0, T] — [0, co) satisfying

T
/ o,fdu < 00,
0

ensuring that integrals such as fé o0,dB,, t € [0, T], are well defined, and an adapted drift
process (i, satisfying
T
/ lpe| dt < o0,
0
almost surely.
Solving the above equation means that we are seeking a solution of the integral equation

t t
slt=/ Msludm/ odB.  1e[0.T].
0 0

We have shown in Example 6.6.9 that the generalized Brownian motion solves that equation,

t 02 t
S1r = Sjoexp (/ (,u,—”) du+/ oudBu>,
0 2 0

fort € [0, T], where S1¢ denotes the initial value. Here fot 0, dBy, t € [0, T], is a martingale
under P. Notice that we may write

a2(0, 1) t
S1r = Swoexp | | 1 — > t+ [ oydBy |,
0

wherefor0 <s <t <T

_ 1 t
2(s, 1) = —— 2 du.
o4(s, 1) p s/sauu

Now, the discounted price process is given by

. 02(0, 1) '
S; = Sipexp w—r— > t+ o,dB, |,
0

which has exactllthe same form as for the case of constant volatility, see Equation (7.4), with
o replaced by 02(0, 1) and 0B, by fot o, dB,. It follows that the price of a European call

option within this model is given by the Black—Scholes formula with o replaced by 1/ 62(0, T).

The function o; can be inferred from implied volatilities as follows. Suppose we have
determined at time ¢ implied volatility oiyp(7) for maturity T’ by equating the Black—Scholes
formula and option prices for a fixed strike price and maturity 7. Then, one solves

1 "y 2
ﬁ ; o, du = aimp(T)
by differentiating both sides, which leads to the formula

03 = 202 (T) (020p) (TNT — 1) + 02 (T,
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which holds true for any maturity 7', thus revealing the functional form of time-dependent
volatility.

7.7 The generalized Black—Scholes model

Let us now assume that the volatility o; is an adapted process, which is more realistic than
working with a deterministic function. Again taking the stochastic differential equation as a
starting point, let us assume that the stock price Si; follows the model

dSi; = wsS1; dt + 0451, d By, (7.5)

for some (possibly random but adapted) function o : [0, T] — [0, co) satisfying

T
/ a,fdu < 00,
0

almost surely, ensuring that integrals such as fé o0,dB,, t € [0, T], are well defined and an
adapted drift process p, satisfying
T
/ [l dt < o0,
0

almost surely. Recall our interpretation of the differential Equation (7.5): From ¢ to ¢ + d¢, dr
small, the stock price changes by the linear drift part u,S1,d¢, which is known at time ¢, and
is affected by a random disturbance o0; S t\/aZ, with Z ~ N(0, 1), which is proportional to
level Si;. In other words, Equation (7.5) models the relative change d.S1;/S1; by

dsSi;

1t

~ [Ltdt + «/aatz,

where i, and o; are known at time ¢.
The bank account (money-market) is modeled by a locally riskless bond that is driven by
a riskless rate (short rate, instantaneous rate) r;,

SO[ = rldtv te [07 T]v

T
/ |ryldu < o0,
0
almost surely.

The explicit solutions of the above equations are as follows. By virtue of Example 6.6.9,
the generalized Brownian motion solves the above stochastic differential equation,

t 0.2 t
S1r = S0 exp (/ (Mu - 2u> du +/ Oy dBu) s
0 0

where



260 THE BLACK-SCHOLES MODEL

for t € [0, T], where S1o denotes the initial stock price at time 0. For the bank account we
obtain the explicit solution

t
Sor = Soo exp (/ Ty du) , tel0,T].
0

where we may assume that Spp = 1.
To proceed, we need a general version of Girsanov’s theorem.

Theorem 7.7.1 (GIRSANOV’S THEOREM)

Let { B;} be a Brownian motion under the real probability measure P and {y;} be a F;-adapted
process satisfying Novikov’s condition

1 T
E {exp (/ y,2 dt)} < 0.
2 Jo
t 1 t
2
L; =exp (—/ yudBu—f/ yudu>
0 2 Jo

and let P* be the probability measure defined by

Define

P*(A) = /A L7(w)dP(w), tel0,T]

Then, under the probability measure P*, the process

t
B[*:Bt"‘/ Yu du, te[0,T],
0
is a standard Brownian motion.

We have to determine an equivalent martingale measure such that the discounted stock
price is a martingale. Let us make the ansatz

t
B;‘:Bt+/ yudu,  1€[0,T].
0

The discounted stock price process is given by

t
ST, = Sirexp (—/ Tu du)
0
t 0,2 t
= Sloexp{/ <,uu —ry - ”) du —|—/ O’udBu},
0 2 0

which is a solution of the stochastic differential equation

dsy, = (us — r)S, dt + 0,57, d By,
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that is,
1 t
Sikt = / (Hu — FM)STM du +/ GMSTM dB,.
0 0

Noting that B} is an Itd process with drift y; and volatility 1, an application of the rule of
integration given in Theorem 6.6.5 shows that

t t t
/OUM TudB;:A Guyusikudu‘f"/o oy ikudBu.

Hence, we can rewrite ST; in terms of By,

! t
Sikt = / (I’Lu —ry — VuUu)STM du +/ UMSTM dB;k
0 0

We can eliminate the trend if we put

— T,
p=2"0 e0.T),
O

such that S}, is a martingale if B} is a martingale. But having defined y, this can be achieved
by the probability measure P* given in Girsanov’s theorem. y; is the market price of risk.
One can now easily see that under P* the undiscounted stock price Si;,

t t
S1r = S10 +/ M Sy du +/ 0y Sy dBy,
0 0

has a mean rate of return equal to the riskless interest rate. Indeed, the substitution

' ' t
/ 0SS, dB; = / 0uS1udB;, —/ 0uVuSty du,
0 0 0

t t
S1r = Sio +/ (Wy + 0uvu)Sy du + / oy Sy dB;
0 0

gives

t t
=510+/ ruSy du+/ o, S, dB;.
0 0

Notice that this change of measure from the real probability P to the risk-neutral one, P*,
only changes the drift but not the volatility.

7.8 Notes and further reading

To some extent, our presentation is inspired by the concise treatment of Williams (2006)
and can be supplemented by the treatments of Etheridge (2002) and Shiryaev (1999). The
classic reference for the representation theorem for square integrable martingales is Kunita and
Watanabe (1967); also see (Karatzas and Shreve, 1991, Ch. 3, Th. 4.15). Further extensions can
be found in Jacod and Shiryaev (2003). The elementary proof based on analytic characteristic
function arguments of Girsanov’s theorem is taken from Nualart (2011). Proofs for the general
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case presented in Theorem 7.7.1 can be found in many books, e.g. Revuz and Yor (1999). More
on (analytic) characteristic functions can be found in Lukacs (1970). For a nice derivation of
the general case we refer to Shreve (2004). The connection to partial differential equations is
discussed in various books, e.g. Shreve (2004).
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8

Limit theory for discrete-time
processes

We have already mentioned that limit theorems play a crucial role in the analysis of financial
data, since often the knowledge about the underlying data generating processes is not sufficient
to formulate appropriate parametric models. Further, the analysis of the method of estimation
and inference of those parametric models also makes use of nonparametric or model-free
concepts and results of the asymptotic distribution theory.

Our exposition starts with a law of large numbers for correlated time series justifying the
common averaging procedures used in the construction of estimation methods, which rely
directly or indirectly on that basic result. Whereas the law of large numbers asserts that

T
— 1 P
XTZT E Xt_>E(X1)7

t=1

as T — oo, even for dependent time series, the central limit theorem provides approximations
of the scaled error ~/T(X7 — E(X1)). We discuss a general central limit theorem that asserts
that

VT(Xr — E(X1)) % N, n?).

for some 1 € (0, 00). Those two results ensure that those two fundamental probabilistic results
are also valid for correlated series under weak regularity conditions.

Regression is a fundamental tool of statistical data analysis. In financial applications, the
regressors are typically random. Thus, we discuss multiple linear regression with stochastic
regressors under general conditions that also cover the case that one regresses a time series
on its lagged values. Along our way, we introduce and apply some useful limit theorems for
martingale differences.

Financial Statistics and Mathematical Finance: Methods, Models and Applications, First Edition. Ansgar Steland.
© 2012 John Wiley & Sons, Ltd. Published 2012 by John Wiley & Sons, Ltd.



264 LIMIT THEORY FOR DISCRETE-TIME PROCESSES

Then we proceed to nonparametric density estimation and nonparametric regression. For
quite a long time, nonparametric methods have played a minor role in empirical work in
finance, but the situation has changed drastically and nonparametrics is now ubiquituous.
Thus, we provide detailed derivations of the main results.

The class of linear processes provides the right framework to work with ARMA(p, ¢)-
processes. The Beveridge—Nelson decomposition provides an elegant tool to derive the central
limit theorem for linear processes using rather elementary arguments. For this reason, a sep-
arate section is devoted to an exposition of this nice and useful result.

We then discuss a-mixing processes in some detail. Although the derivation of the related
calculus is a little involved, measuring the degree of dependence by a-mixing coefficients is
very intuitive and allows powerful results to be established without the need to assume that
the underlying time is a linear process or even belongs to a parametric class.

The chapter closes with a discussion of the asymptotics of the sample autocovariances and
the commonly used Newey—West estimator for the long-run variance parameter that appears
in many asymptotic formula.

8.1 Limit theorems for correlated time series
Whereas martingale differences are uncorrelated, time series such as ARMA(p, q) processes
have non vanishing autocovariances for lags |#| > 1. We will see that arithmetic averages
still converge to their means, provided the autocovariances die out sufficiently fast, as the lag
increases.

To understand the effect of correlations on probabilistic calculations, which is usually

substantial and far from being negligible, let us consider the case of a stationary Gaussian
time series

w=EX), o°= Var(X,)
with autocovariances
y(h) = E(X; — w)(Xygipn) — 1), heZ.

We assume that we can observe the process until time 7 leading to the sample X1, ..., X7.
It is natural to estimate the unknown expectation p by

1 T
/J'T:?;Xt-

By stationarity, E(ti7) = w. But what about the variance? The summands X, are not inde-
pendent. So let us calculate Var (fi7) explicitly.

Var (ir) = E(ir — p)*

1 T T
== D) Cov(Xy. X)).

=1 s=1
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The double sum sums up all elements of the symmetric (T x T)-dimensional matrix with
elements Cov(X;, X;). We may also sum over all diagonals leading to the formula

R 1 T—1
Var (jir) = 7 {2 D (T —kyy(k) + Ty((»}

k=1

_1 _ K
_TZ (1 T)y(k).

lk|<T
An alternative expression is

- | 2 T-1
ne = Var (ir) = 7 Var (X)) + — ;(T — k)y(k).

This is an exact calculation and we are led to the following exact distributional result.

Proposition 8.1.1 For a Gaussian time series { X;} with autocovariances y(h) we have for
allT e N

VT(ir — ) ~ N(0,n7),

where
k
=y (1 — 'T'> y (k).

The above proposition has a direct consequence: it = % Zthl X, converges in proba-
bility to its expectation u, i.e. the weak law of large numbers

nr = u,

as T — 00, holds with convergence rate T'/2. Two questions arise:
(1) Does the the convergence also hold when the time series in non-Gaussian?

(i) Does the distribution of ~/T(fi7 — ) converge to a normal law, at least under appro-
priate conditions on the dependencies?

The first question can be answered rather easily under the weak assumption that the autocor-
relations tend to 0, as the lag increases. But the validity of the central limit theorem is much
more involved and requires stronger assumptions on the dependencies of the time series. We
will study several central limit theorems working under different types of assumptions, which
will turn out to be very useful to address different model classes for dependent processes in
discrete time.
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Recall the notion of a Cesaro sum. If {«, : n € N} is a sequence of real numbers with
ap — a € R, as n — oo, then the Cesaro averages %Z?:l «; converge as well to «, as
n — oo. Put

T
— 1
sz?;xt, T>1.

Theorem 8.1.2 (LAW OF LARGE NUMBERS)
Let { X} be a weakly stationary time series with mean u = E(X) and autocovariances y(k),
k eZ.

(i) If limg_ o y(k) =0, then

Var (X7) — 0, T — oo,

such that
Xr 25,
as T — oo.
(ii) If
> vkl < oo,
keZ
then
Var (VTX7) = TEXr — > = ) (k).
keZ
as T — oo.
Proof.

(i) Notice that

k
y(k) — '%y(k) < max{0, (k).

Hence, the Cesaro average lT Z,{: 1 ( — KTl)y(k) converges to 0, if 7 — oo, which

in turn implies that
lim Var (X7) =0.
T—o00

Now the result follows from the Chebychev inequality: For any ¢ > 0,

Var (X7)

P(XT —pl>8) = ——
&

— 0,

as T — oo.
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(i1) Next consider

— k
T Var (X7) = ) <1 - |T|) V(k)=/fT(k)dV(k),

|k|<T

where v denotes the counting measure on Z and

Jrk) = (1 - |§|> y(OL(k| < T), ke Z.

fr attains the majorant f(k) = |y(k)|, k € Z, which is v-integrable by assumption,
since [ | fldv =),z ly(k)| < oo. Further, fr converges pointwise. Indeed, for ar-
bitrary but fixed k € Z,

k
Jr(k) = <1 - |T|) yUOL(lk| < T) — y(k) =: f(k).

Now by dominated convergence,

Tvar (X = [ St > [ 50 duio = 3 b

keZ

as T — oo, which completes the proof.
Remark 8.1.3 Notice that assertion (i) tells us that Var (X7) converges to 0, which suffices
to obtain the weak law of large numbers. Part (ii) of Theorem 8.1.2 is stronger and asserts the
convergence of T Var (Xt), which coincides with Var (VT Xr), thus providing the existence

of the asymptotic variance of the statistic ~/T(ir — ), which we expect to be normally
distributed in large samples under certain conditions on the correlations.

The limit

> =Y v =y0)+2> yh) 8.1)

heZ h=0

of n%, that is the the asymptotic variance of the scaled sample mean, is called the long-run
variance. Let us briefly consider an example.

Example 8.1.4 Let {X;} be an AR(1) process with AR parameter p satisfying |p| < 1, i.e.
Xy —p=pXi—1 — w) + €,

where the innovations are i.i.d. N(O, 02). Since

2

y(h) = pl"! ,
1 —p?
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the long-run variance is given by the limit of

2 2 T-1 2 2 T
2 o o h o o 1—p
T 1—p2+ l—p2hz_:lp l—p2+ 1—p2 1—0p

The above law of large numbers tells us that the temporal mean

T
— 1
Xr(@) =2 Xio)
t=1
converges to the expectation, that is the (integral) weighted average over all @

Such results are called ergodic theorems and a process {X,} satisfying an ergodic theorem
is called ergodic. The weak law of large numbers can be weakened as follows.

Theorem 8.1.5 (ErGopiC THEOREM)
Any weakly stationary process {X;} is ergodic, that is

Xr 5 Ex)),

as T — oo.

Suppose we are given a strictly stationary process {X; : t € Z} with E(X1) = 0. Consider
the natural filtration F; = o(X : s < ). Recall that conditional expectation E(X;|Fs), s < t,
is the Lj-optimal prediction for X; and || E(X/|F;)|l2, which usually decreases as |s — |
increases, measures how well we can predict X; using a measurable function of X, X;_1, .. ..
As an example, let us consider a linear process

o
X = Zeiét—i’ teZ,
i=0

with i.i.d.(0, o)-error terms {¢;}, & > 0. Then the optimal predictor of X; given X, X,_1, ...
is

o
EX|F) =) Oieri.

i=t—s

Its norm

IEX:|F)ll2 =0

converges to 0, as r — s — 00. The following general central limit theorem establishes the
asymptotic normality of \# Zszl X, provided the || E(X;|Fy)|l2, s =t — 1, —2,... con-
verge to zero sufficiently fast such that the associated series converges. As for linear processes,
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such a condition is often relatively easy to verify for time-series models induced by i.i.d.
innovation processes. We shall also use it to derive central limit theorems for mixing
processes and the sample autocovariance function.

As a preparation, we need the following lemma that establishes a relationship between
the L, norm of a conditional expectation E(X|Y) and the covariance Cov(X, Y).

Lemma 8.1.6 Let X be a random variable with E(X) = 0 and A a o-field. Then
IE(X| AL, = sup{ E(XY) : Y A-measurable, ||Y |, = 1}.
Proof. Let Y be A-measurable with ||Y|;, = 1. Then the Cauchy—Schwarz inequality
yields

E(XY) < E(E(XY|A))
= E(YE(X|A)
= WY, 1 EXTA L,
= [E(X|A)I|L,
with equality if and only if ¥ and E(X|.4) are linear dependent, this means

E(X|A)
IEXI AL,

Theorem 8.1.7 Let {X;} be a strictly stationary series with E(X1) = 0, which satisfies the
ergodic theorem. Suppose that

o
> IEXol Fop)ll2 < 0.

n=1

Then
1 ix 4 N, 0?)
ﬁ p t ) 3
as T — oo, where
o0
o* = E(X7) +2)>  E(X1X141)

h=1

converges absolutely.

Proof. Define

o0
Z = EXiyjlFio),

j=0
o0

Vo= [EXu | F) = EXpg 1 Fin)] -
j=0
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We shall verify:
(i) The above series Z; and Y; converge in L.

(ii)) The decomposition
Xt = Yt+Zt - ZH—l

holds true a.s. for all ¢.
(iii) We have

Zy—Zry1 P
7%

JT

as T — oo.
@iv) {Y:}1is a Lo-martingale difference sequence to which we can apply Theorem 8.3.8.

2

(v) The series o~ converges absolutely.

To check (i) it suffices to show that

o0
D NEX i j1Fi-Dla < oo
j=0

By stationarity of {X;}, we have using Lemma 8.1.6

NE(X:4j|F—Dll2 = sup{E(X,+;Z) : Zis F;_i-measurable, || Z]]> = 1}
= sup{E(Xy; f(X;-1,...)): f measurable, || f(X;—1,...)|2 =1}
=sup{E(Xof(X—j-1,...)): fmeasurable, || f(X_;j_1,...)|l2 =1}
= [|E(XolF—j-Dll2,

for j =0, 1,... It follows that

o (o)
S NEX s jIF-Dllz =D NEXolF-j-Dll2

J=0 J=0

o0
= > IEXo|F-pl2 < o0,
j=1

by assumption.
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To show (ii), notice that by definition of Y; and Z, the terms E(X,4 j|F;—1) cancel when
taking their sum, such that

o0
Zi+Y, = EXyjIF)
j=0

o
= EX|F)+ Y EXiy 4| F)
j=1

o0
=X+ ) EKpsj1lF)
j=0

=Xi+ Zi+1,
a.s.
Let us now verify (iii). First, we need to show the strict stationarity of {Z;}, which is
technically involved. Here are the details of this step. The proof is based on the fact that
E(X;|F}) is shift invariant. Clearly, we can write

E(Xs|F) = f(Xe, Xi—1,...)

for some measurable function f. We claim that f(X;15, X¢4+h—1,...) 1S a version of
E(Xs4h|Fi4n) for any h € Z. This follows, if we verify that

/f(Xz+h,Xt+h—1,--~)dP=/Xs+th,
A A

for all A € Fi4+p. Fix such an A. Then A = {(X;+5, X¢+h—1, -..) € B} for a measurable set
B c RNo, We have

/f(XtJrhaXthl,---)dP:/ S Xevns Xegn—1,...)dP
A {(Xt4n, Xt+h—1,... )EB}

/ fXs, Xi—1,...)dP
{(X¢,X¢—1,...)€B}

:/ E(Xs|F)dP

{(Xt,Xz—l,...)EB}

=/ X,dP
{(X1,Xs—1.... )€B}

=/ Xs+ndP
{(Xtqn: Xi4h—1,.-.)EB}

XsyndP.

Il
—

But this implies

d
EXs|F)Z f(Xe, Xi—t1s o) = Koy Xegh—1s ) Z EXn| Frin)-
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Further, for fixed #; < --- < 1, k € N, there are measurable functions f, ..., fi, such that

(EXu+1F)s oo EX s j1F)) Z (AKijo - Dy ilXyjs o)) -

where the right-hand side is equal in distribution to ( f1(Xt,4jxhs - )s - - oo it jshs ---)),
which is a.s. equal to (E(Xs,4j41 | Fryn)s - - -+ EX gt jan | Fretn)) -

We may now conclude that {Z;} is strictly stationary. Indeed, there exist measurable
functions fi, ..., fx such that

o0
(Zyy, ... Zy) = Z (E(Xt1+j|-7:t|—1)’ T E(Xt""'jlj:t"_l))
J=0
o
S (Aot i)
j=1
d o0
= Z (fl(le+h+j—], D R fk(sz+h+j71, .. ))
o0
= Z (EXntnjlFoen=1): - -0 Byt j| Fiyrn—1))
Jj=0

(]

(Zuysis - s Zusn)

This establishes the strict stationarity of {Z;}. Now it easily follows that

71— Zra |
Var (ﬂ) = ?E(Zl — Zr1)?

IA

2
T(EZ% +EZ},,)

4EZ3
T

)

which converges to 0, as T — oo.
To verify (iv), notice that

o
E(Y|Fi)) =Y E (EXyyjIF) — EXog Il F)IFio1)
Jj=0

= (EXi1jlFim1) — EXopjl i),
j=0

which vanishes a.s.
The proof can now be completed as follows. {Y;} is a strictly stationary L»-martingale
difference sequence and therefore satisfies the central limit theorem. The decomposition

Xe=Y1+Zi — Zi11
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yields

Y+ Ry,

HMH

Dk

ﬂ\

where the remainder term
Zy— Zr41

JT

Rt =

converges to 0 in Ly. This implies that, first,

. . 1 < X
Th—>moop<\/_ZXI_ >_Th—>moop<ﬁgyt5x>:q)(a)’

T T
. 1
Jim_ Var ( 2 ) = Jlim  Var (T ZYf> :
Hence,

o0
o* = E(X7) +2)  E(X1X14).
h=0

provided the series at the right-hand side converges. To show the latter notice that

T-1

T h
(fz ) X2 +2Z<1—) E(X1X14n)-
‘We have

|E(X1X14+n)| = E(X0E(Xn|F0))
< E(IXoE(Xn|Fo)l)
< I Xoll2 [l E(Xn|Fo)ll2
= [ Xoll2l E(XolF-n)ll2-

Hence,

e¢]

o0
S IEX X1l < 1 Xoll2 Y IEXolF-p)ll2 < oc.
h=1 h=1

8.2 A regression model for financial time series

273

The classic multiple linear regression model regresses a response variable Y on p explanatory

variables (regressors) x1, ..., X, by assuming that

Y =80+ Bix1 + -+ Bpxp +¢€
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for unknown regression coefficients fo, ..., 8, and a mean zero error term €. Both the
regressors and the coefficients are assumed to be non random. In order to estimate the above
model, one collects T observation vectors (Y7, X1, ..., Xp), t = 1, ..., T. The corresponding
model equations are

Yo =Po+Pixa+-+Bpxp+e, t=1,..., T

The sampling mechanism yielding the sample of size T determines the stochastic relationships
between the random variables Yy, x1, ..., X;p, €, =1, ..., T. The classic regression model
assumes that the error terms are i.i.d. and follow a normal distribution. In this form, the
regression model is not applicable to financial data sets. First, one wants to analyze random
regressors such as returns. Secondly, lagged values, Y;_; for j € N, often appear as explanatory
variables. Lastly, the errors €, are usually neither independent nor Gaussian. For these reasons,
we consider a general regression model with stochastic regressors,

Y, =XB+e,t=1,..., T, (8.2)

where X; are d-dimensional random vectors, 8 € R? is an unknown but fixed coefficient
vector and ¢, are stochastic error terms.
Concerning the regressors, we make the following assumption.

(R1) {X;:t e N} is weakly stationary, i.e. E(X;) = E(X;) and E(X,X}) = E(X1, X/l)
for all ¢ as well as E(thj) < oo forall j and t.

To proceed, we introduce a filtration F;, t > 1. Its purpose is to collect the information at
time ¢ on which the regressors X; may depend. We assume that

(F1) X,_jis F; — measurable, j > 0.
(F2) Y,_;jis F; — measurable, j > 1.

Obviously, one may use F; = o(X;—;, Y;—1—;: j > 0), t € N, but sometimes F; is given
such that one has to check that (F1) and (F2) are satisfied.
The assumptions on the error terms are as follows.

(E1) E(¢|F;)=0a.s., forallr € N.
(E2) E(e,zl}',) =02 a.s.,t € N, for some constant 6% € (0, 00).

In the regression model (8.2) the ¢, describe the random fluctuation around the predictor X/ 8.
Thus, Equation (E1) assumes that their conditional mean is zero given the regressors, i.e.
when the predictor is fixed. Assumption (E2) tells us that the conditional dispersion of the
errors is constant as time proceeds. We shall later discuss how one can relax that condition.
The following observations are simple but crucial: ¢; is not F;-measurable; otherwise

2 2 2

& =E(e|F) =0
holds true for all ¢, such that € is a constant time series that has marginal variance o =
E(e?) = 0, a contradiction. This fact also implies that ¥; = X8 + ¢ is not F;-measurable,

since otherwise €, = ¥; — X8 would have that property. But all lagged values €;,_;, j > 1,
are J;-measurable, as one can easily check.
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Also, notice that Assumption (E1) implies that the €,s are uncorrelated, since for j > 1

E(e—je) = E(E(et—j6t|~7:t))
= E(e—jE(&|Fr) =0,

since €;_; is F;-measurable and (E1) holds true. However, {¢;} is not a martingale differ-
ence sequence with respect to the filtration {F;}, since we assume E(¢;|F;) = 0 and not
E(e:|Fi—1) = 0. But it is possible to enlarge the filtration in such a way that {¢;} becomes
a martingale difference, which will allow us to apply powerful limit theorems to construct
asymptotic hypothesis tests and confidence intervals for the regression model with stochastic
regressors. For that purpose define

F =0(FUo(Yy), teN.
Then the following properties hold true
(i) Y;is Ff-measurable.
(i) F_, =o(F1Uo(Y;—1)) C F;, since F;_y C Frand o(Y;—1) C Fi.

(iii) Using (ii) we may calculate conditional expectations such as E(Z|F}_,) by using the
rule

E(Z|F_y) = E(E(ZIFDIF_y).
Property (iii) now immediately implies
E(&|Fi_y) = E(E(&| FDIF_y) =0,

which verifies that ¢, is a F;-martingale difference sequence.

Example 8.2.1 The celebrated capital asset pricing model (CAPM) fits the linear regres-
sion framework. Assume we are given an economy (market) with N financial assets and a
bank where one can lend and borrow money at the same risk-free rate r. Let us denote by
Ryj the log-return of asset jattimet, j=1,...,N,t=1,...,T. It is assumed that there
exists a market portfolio with log-returns REM). If R denotes the log-return of a risky asset,
the difference

R.=R-—r

is called the excess return. The Sharpe—Lintner version of the CAPM now states that the
excess returns Ry — r satisfy a linear regression model of the form

Ri—r=po+Bj(R"™ —r)+e;, t=1,...,Ti=1,... N
The regression coefficients f; are the beta factors (investment betas) of the assets. They
measure the sensitivity of the asset returns when the market moves. Assets with a beta smaller
than one are less sensitive to market fluctuations, while assets with a beta factor larger than
one are riskier than the market portfolio. The CAPM theory asserts that By = 0 and that the
innovations are uncorrelated and normally distributed. In practice, often an index is used as
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a proxy for the market portfolio. Further, one has to fix a riskless interest rate, e.g. the interest
rate of a treasury bond.

8.2.1 Least squares estimation

The most popular approach to estimate a regression model is the method of least squares
where the function

T

0r(B)=> (Y —X;p)°, BeR

=1
is minimized. It is easy to check that any solution BT € R satisfies the normal equations
Xy XrBr = XY,
where X7 is the T x d random matrix
Xr=X1,..., X7)
and
Y=(1,...,Yr).
Notice that

T

1 1

?X’TXT == Z XX,
t=1

is the average of the rank 1 matrices X, X}. We may solve the normal equations for BT, if X, X7
is almost surely invertible, at least for large 7. Thus, we impose the following assumption
that ensures that property.

(R2) %X’TXT — X in probability, as T — o0, for some non random and positive defi-
nite matrix Xx.

In some cases, one can even guarantee a.s. convergence, and then the following derivations are
easier to understand, since we can then find some set A C €2, such that %Xr(w)/ Xr(w) — Xx,
as T — oo, holds true for all w € A, and the remaining w € A€ play no role. Thus, let us
assume that a.s. convergence holds true. For large enough 7 we obtain the explicit formula

Br = X, X)X, Y.

We are now going to derive a formula that plays a key role in what follows. Using Y =
X + € we obtain

Br = X;Xp) X, Y
= (X7 X)X (X7 + €)
=B+ X;X7) " 'Xe,
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yielding

T
/.éT - ﬁ = (X/TXTY1 Z Xies,

t=1

or equivalently

- 1 1 &
ﬁ(ﬂ -p)= ( ’ XT> v X€;.

Assumption (R2) ensures that the first factor of that matrix product, (T_lX/TXT)_ ! converges
in probability to Xy ! as T — oo. If we know in addition that
1

T
d
7 > Xie 155 N, S),

t=1

as T — 00, holds true for some matrix S, we may conclude that B satisfies a central limit
theorem, since then

~ d
VT (Br—B) 15 NO.Zy'S(SY),

as T — oo. This means, given the regressors satisfy (R2), we have to find conditions on the
errors €; such that the process & = X;¢;, t € N, satisfies a central limit theorem.
The following simple lemma is crucial for what follows.

Lemma 8.2.2 Given assumptions (El), (E2), (F1), (F2) and (R1), the process & = X&;,t €
N, is a F}- martingale difference sequence with

Var (&) = 0°2x, Zx = E(X/X))
and
Cov(és, &) =0, s < 1.
Proof. X;, €; € Ly implies that § = X,e; € L1. Using E(¢|F;) = 0 we have
E(X:&|Fi_y) = E(E(X,&| F)|F_1)
= E(X,E(&|F)|F;_1) =0,
and
Var (X,€;) = E(€2X, X))
= E(E(; X/ X]|F1)
= E(X/X,E(¢]|F1)
=o’E(X,X)) = 0°%x,

where the last equality follows from (R1).
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8.3 Limit theorems for martingale difference

We shall now collect some basic results for martingale difference arrays, which generalize
the notion of a martingale difference sequence.

Definition 8.3.1 An array Xux : (2, F, P) > (R, B), 1 <k <r,,n > 1, of random vari-
ables and random vectors, respectively, is called a martingale difference array with respect
to an non decreasing family {Fur : 1 <k <rp,n > 1} of o- fields, if for each n € N the
sequence

Xuts ooy Xnrn
is a martingale difference sequence with respect to the filtration
Far C -+ C Furs
that is
(i) Fno =19, 2}, Fuk C Fppt1 C -+ forl <k <rp,n =1
(ii) Xnk is Fux-measurable with E|X | < o0 for 1 <k <ry,n > 1, and

(iii) E(Xnk|Fnik—1)=0for1 <k <ry,n> 1.

Martingale difference arrays satisfy a weak law of large numbers under fairly general
conditions.

Theorem 8.3.2 Let (X1} ={Xp: 1 <t <T,T > 1} be a {Fr;}-martingale difference ar-
ray. Suppose that one of the following two conditions is satisfied.

(i) There exists some o2 € [0, 00) such that

T
1 2
E Var (X13) — o7,
=1

=l

as T — oo.

(ii) There exists some o2 e |0, 00) such that

T
> o
=1

1

[\S}

2 .
, —> 07, in Ly,

N~
'ﬂ

as T — oo, where a%, = E(X%Z|Fr,_1).

Then the weak law of large numbers holds true,

1 < P
ZXT[ —> 07
=1

N

as T — oo.
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Proof. The proof relies on Chebychev’s inequality. We have

T 1 T 2
1 E(z >-1 Xn)
P (‘T ;XT; > 8) < T !

g2

1 T 2
< T2 Zt:l E(XTt)
= —82

’

where we used the fact martingale differences are centered and uncorrelated. If (ii) is satisfied,
we obtain

Il
el
1
VR
N -
]~
Q
=5
N———
[A
N|o

since T~' Y27 02, — o?in Ly means thatar = E(T~' Y. 02,) — o%,as T — oo, such
that {a7} is bounded by some constant c. The sufficiency of (i) is left to the reader.

Let us illustrate Theorem 8.3.2 by the problem to estimate mean and volatility of log
returns.

Example8.3.3 Suppose R1, R, .. .arelog returns of an asset. To estimate mean and volatility
based on Ry, ..., Rr, let us consider the following basic model,

Ri=pn+e¢, tel,

where u € R is a constant and {€,} is a martingale difference array w.r.t. the natural filtration
Fi=o(eq, ..., €)with

E(&|Fi1) = 0%, E(€/|Fim1) = ya < oo,

a.s., for all t, for constants y4 and 0. Clearly, E(R;|Fi—1) = n + E(&;|Fi—1) = p and thus
E(R;) = w as well. It follows that

S
it =

N

T
>R
=1
is an unbiased estimator for . Since i — |4 = % Z,T=1 €, Theorem 8.3.2 yields

~ P ~ P
wr—pu—>0 & uUr —> u,

as T — oo, such that it is weakly consistent for .
In order to estimate o2, let us first consider the case that i is known. Since then (R, —
w? = 612 such that E(R; — p)* = o2, it is natural to estimate o* by

T

~ 1
oF = D (Ri—w?

t=1
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We claim that {et2 — o2

1t > 1}, is a martingale difference sequence. Indeed,
E|et2 —o?| < Ee,2 +0? <00
and

E(& — 0% Fi-1) = E(}|Fi—1) —0* =0,

a.s., by assumption. In order to apply Theorem 8.3.2, notice that

T T
Z |~7:t 1l = ZE(G?—2€,202+04|}},])
t=1 t=1

=)/4—U4<OO.

N =

If follows that 5% _2 Xk 0, as T — oo. If u is unknown, one replaces | by it and
considers

o7 = Z(R, ir)*.

Consistency of 3% Jfollows now easily by observing that

62 = — Z(Rf 1+ — i)
=1

T R 1 T R
=2 D (Ri— ) + 20— i) D (R =) + (u = fir)*.

=1 =1

.~ . e P
The first term is a%. The second one converges to 0 in probability, since ur — pu — 0 and
P —~ . e
% ZtT:I(Rt — ) = 0, as T — oc. The last term, (i — [iT)?, converges in probability to 0
. > PR P
as well. By virtue of Slutzky’s lemma, we may conclude that a% S 0% as T — .
Let us continue our study of the general regression model. The next proposition asserts

that the martingale difference property is preserved, if each observation is multiplied with a
function of past values.

Proposition 8.3.4 Let {X, : t > 0} be a F;-martingale difference array with X, € L, for all
t and let g be a function on R* such that

thl = g(thl, thz, .. ) (S quOVall t,

where % + é =1, p,qg e[l,o0]. Then {X;Y;_1 : t > 1} is a martingale difference sequence.
Further, {X; : t > 1} and {Y,_1 : t > 1} are uncorrelated.

Proof. Holder’s inequality yields

E\X Y1l < 1 Xellp 1Ye-1lly < 00.
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Further, E(XIY[_]LF[_I) == Y[_IE(X[LF[_I) = O, a.s., and
Cov(X;, Yi—1) = E(X;Y1—1) = E(Y—1 E(X;|Fi-1)) = 0.

Combining Theorem 8.3.2 and Proposition 8.3.4 yields the following interesting result on
the martingale transform.

Theorem 8.3.5 Let {X,} be a F;-martingale and ¢; F;-predictable. If

1

T
P
= DO EAX)’|Fa] = o,

=1
as T — oo, for some ot e (0, 00), then
1 /T P
T /0 ©dX; 155 0.

Proof. Notice that

I 1 & 1 <&
?/0 ‘Ptht=f ;(ﬂtft:? ;‘Pz—lft,

where & = AX; = X; — X,_| is a Fy-martingale difference sequence and ¢;_| = ¢, is F;_ -
measurable. Hence, ¢;_1&; is a martingale difference sequence and the assertion follows from
Theorem 8.3.2.

Under fairly general conditions, martingale differences satisfy the central limit theorem.
For an elaborated proof consult the references.

Theorem 8.3.6 Suppose {X7,:1 <t <T,T > 1} is a martingale difference array with
a%, = Var (Xy) < ooforallt, T and

T T
Var (an) Y b =1
=1 =1
if
(i) Z,TZI X2T, K 1,as T — oo, and

(ii) maxj<i<7 |X7| = 0, as T — oo,
then
T d
> Xn > NQO, 1),
=1

as T — oc.



282 LIMIT THEORY FOR DISCRETE-TIME PROCESSES
Remark 8.3.7 There are various versions of the central limit theorem for martingale
differences. The sufficient conditions given in Theorem 8.3.6 will allow us to establish

asymptotic normality of statistics relevant for financial data analysis by relatively elementary
arguments. In particular, instead of (ii) one can verify the Linderberg condition

T
> EGER1(En| > o)l Fri1) — 0, (8.3)
i=1

for any ¢ > 0. However, some alternative versions frequently used in financial statistics are
presented in Appendix B.

For strictly stationary sequences of martingale sequences, one has the following simplified
result.

Theorem 8.3.8 Let {X; : t € N} be a strictly stationary sequence of L>-martingale differ-
ences, that is

o’ = E(X]) < o0
and
E(Xt|~7:tfl) = 0,

hold for all t, where F; = o(Xs : s <1t), fort € N, and Fo = {@), 2}. Then

T
—=Y_ X, > N,
ﬁt:l
as T — o0.

Proof. Define the random variables
& =E(X{|Fim), =1,

and notice that & = f(X;—1, X;—2, ...) for some Borel-measurable function f defined on
RN (&) isa strictly stationary process and therefore satisfies the ergodic theorem. Hence,

1 T
ZE(X,2|-7:171) = ?Zé"r i}) 02,
t=1

t=1

~|—

as T — oo. Further, by strict stationarity

%Z E (X,zl{‘Xl|>gﬁ}) = E(X%1{|X1\>sﬁ})’

t=1

which converges to 0, if T — oo, by dominated convergence. This verifies condition (8.3).
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To illustrate how to apply Theorem 8.3.6, we show that the asymptotics leading to the
statistical tests and confidence intervals for the mean of (log) returns remains valid, when the
returns form a martingale difference sequence.

Example 8.3.9 Arthe beginning of the present chapter, we reviewed the central limit theorem
for i.i.d. returns Ry, ..., Rt with mean u and volatility 0. We will now show that under the
assumptions of Example 8.3.3

1 & d
T(ar —p) = — Y (R — 1) 7500 N(O, 6° 8.4
VT(Gir — ) ﬁt;(t 1) 7 0,07 (8.4)

still holds true. For that purpose put
Ri—pu

VT .o

Then w = Zthl X7v. Obviously, Var (Zszl XT,) = 1. To show condition (ii) of
Theorem 8.3.6, notice that according to Example 8.3.3

X7 = ,1<t<T, TeN.

as T — oo.

Condition (ii) follows from the union bound and Markov’s inequality. We have

T
P(max IR, — | > eﬁo> =P (U{|e,| > eﬁa}>
=1

1<t<T

T
<Y P&l >evVTo)

t=1

T
< Z E|e,|4
T = 41204
_ E(eh) .
Teto* ’

as T — oo, which completes the proof of Equation (8.4).

8.4 Asymptotics

Before proceeding, let us take a closer look at Assumption (R2), which requires that

T

1

?Zx,xg K5y, T = oo
t=1
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First, recall that convergence in probability of a sequence of random matrices {A, A7} means
P(|Ar — A] > &) > 0, T — oo, for any ¢ > 0, where || - || is an arbitrary matrix norm. But

this is equivalent to element-wise convergence in probability. Thus, for ease of presentation,
we confine ourselves to dimension d = 1, where one has to show

T
%Z x2 5 o = E(x3) € (0, ), (8.5)
t=1

as T — oo, which is obviously true for i.i.d. regressors. Under Assumption (E2) {th —o?:

t > 1} is a F;-martingale difference sequence, and Example 8.3.3 told us that now again
Equation (8.5) holds true.

A further important case is the autoregressive model of order 1 with martingale difference
errors, i.e.

Xi=pXio1+e, t =1, (8.6)

where {¢; : t € Z} is a F;-martingale difference sequence and |p| < 1. We have seen in Ex-
ample 3.4.10 that the above equations have a stationary solution, namely

oo
Xt = Z ,Oiet_,', t € Z.
i=0

Thus, if we take the random starting value Xo = > oo p'e_; and put
o
X = Z o€, t>1,
i=0
we obtain a solution {X; : t € Ny} satisfying the weak stationarity conditions
E(X}) = E(X}) foralltandi = 1,2. (8.7)

Proposition 8.4.1 Suppose model (8.6) holds true. Then

T 2
1 o
Z tz L 27
1—p
t=1

el

as T — oo, provided E(etz|}",_1) =02 > 0and E(e?|ft_1) = y4 with constants 6%, y4 < 00
forallt.

Proof. We have

X? = p? X7 +20X,-16 + €2,
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leading to

N -
]
S

bl \S
Il
~IR
(7~
S

[\ )

20 & 1<
2
! +7;Xt_let+?;Et

T 2 2 T T
1 Xz X 2p 1
2 2: 2 2 0 _ EI § 2
_p<T X’) p(T T) TI_IXHG’ TZ_IG’

1

~

T
T th)+AT+BT+CT~
=1

We arrive at

T
1
(1= p") Y X} = Ar+Br +Cr.

=1
Clearly, fori =0,..., T

EX?
> 5) < pZTO — 0,
3

1

X
P(,o2 —

T

. . . P .. .
as T — oo, which implies A7 — 0, as T — oo. Further, by Proposition 8.3.4, €, X;_1 is a
Fi-martingale difference sequence. Its martingal variance is

Var (eX,.1) = E(eX2.,)
= E(X7_E(&|Fi-1))
=o’E(X}))
= azE(X%) > 0,
due to Equation (8.7). Thus, condition (i) of Theorem 8.3.2 is satisfied, such that Br £ 0, as

T — oo, follows. Finally, consider Cr. The random variables etz — o2, 1> 1,are martingale
difference with variance

Var (6,2 - 02) = E(é,2 - 02)2 =y —a* € [0, 00).
Again, Theorem 8.3.2 can be applied, yielding C1 £ 02,as T — oo.

In order to establish a central limit theorem for the least squares estimator BT, the assump-
tions (R1) and (R2) have to be strenghtened a little.

Theorem 8.4.2 [fin addition to assumptions (R1), (R2), (F1), (F2), (El), (E2) the condition

(SM) there exists a § > O such that E|X,6,|2+6 = E|X161|2+’S < oo forallt

and E(X}e?) = E(X{e?) for all 1,
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holds true, then the least squares estimator Bt is asymptotically normal,

~ d
VT(Br — B) 755 N(O, 06°Tx),
as T — oo.

Proof. In dimension d = 1 we have

T

-1 T
ﬁ(ﬂT_ﬂ): (;thz) %ZX,Q.
=1

=1
It suffices to show that we may apply Theorem 8.3.6 to the array of random variables

Xi€
X7 = 1<t<TT=>1,

\/Ta\/fx’

where ¥, = Xx signifies that we now work in dimension d = 1. We have shown in Lemma
8.2.2 that X,¢; is a F;-martingale difference sequence. It is easily verified that this implies
that X7; is a F;-martingale difference array. This particulary yields Var (Z;T=1 X T,) =1
for all 7. We will now show that

(@ %ZITZI Xt2€t2 £ o?%x, T — oo, and
(i) P (maxlS,ST | X1€r| > 877ﬁ) — 0, T — 0o, where n = 0/ ;.

Let us first verify (ii). As in Example 8.3.9, we apply the union bound and Markov’s inequality,
but this time using the function x > x93

<t<

T
P <1maxT | X €| > snﬁ) P <t:LJ1 {|X€:| > snﬁ}>

T

< Z P <|X,et| > snﬁ>
t=1
T 248
— (en)=™°T
E|Xe|*T

= W — 0,

as T — oo, which shows (ii). The verification of (i) is more involved. Observe that
Xiel —o*Ty = X7 (] — 0%) + 0> (X} — Tx),
which implies the decomposition

|« | — | —
?Z (X262 — o%%x) = ?fo(ef —0?) +02?Z (X2 - =x).
t=1

t=1
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By Assumption (R2), the second term on the right side converges to 0 in probability, as
T — oo. We intend to apply the law of large numbers for martingale differences to the first
term. Using (R1) and (SM), we have
EIX; (e — o)l < EIX;€]| + EIX7lo”
<\ EX}\/E€} + E|X?|0” < o0.

Further,

E(X (& —0®)IFiy) = E(X} - E(€] — o*|Fim1)IFy) =0,

by virtue of Assumption (E2), such that X lz(e,2 —02) > 1,are JFi-martingale differences. Now
we check that

T
E —> c<ooin Ly,
T—o0

~] \

for some constant c. Using (SM) we have

N =

( gE )2|‘7?tk1)> = E(x{(e —o?)7). (8.8)

Now

E(X}(€ —0?)%) = E(x}e} —2xie30? + o*XT)
= 0’E(Xte}) —20*E(XT) + o*E(XY),

since E(X‘l‘e%) = E(X‘I‘E(e%l.ﬂ)) = GZE(X‘I‘).

Here, we used the | -measureability of X1, cf. (F1). We see that the left-hand side of Equa-
tion (8.8) converges to ¢ = E(Xje! — o*E(X{) < oco. Thus, (i) is shown, which completes
the proof.

8.5 Density estimation and nonparametric regression

We have already discussed the Rosenblatt—Parzen kernel density estimator in Chapter 1 for
univariate samples. But in financial applications one typically has to deal with the multivariate
case, for instance when analyzing the log returns of a portfolio. We have already seen that
the bias is an issue in nonparametric estimation, both in its application in practice and in
the derivation of analytic results. To simplify presentation, the analytic treatment focuses on
the i.i.d. setting. However, the results are worked in such a way that they can be extended
to dependent time series with relative ease. We shall discuss this issue in some detail also in
Chapter 9, where the generalization to local polynomial estimation is given.
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8.5.1 Multivariate density estimation

Having already discussed univariate nonparametric density estimation in Chapter 1, we shall
now extend the method to the multivariate case, which is of practical interest as well as needed
to understand nonparameteric regression. Let

X=X, .0 X)), t=1,...,T,

be i.i.d. random vectors of dimension d € N with common density function f.Let L : R —
[0, co) be an univariate kernel satisfying

/ L@dz =1, / eL(2)dz =0, 8.9)

L, = /L(z)2 dz <oo, L,= /Z2L(Z) dz < o0. (8.10)

Let hy,...,hg > 0 be bandwidths, which we use to obtain a scaled smoothing kernel
h;lL(x/hj), x € R, for dimension j =1, ..., d. It is worth mentioning that one could also

use a different smoothing kernel, L ;, for each dimension j, without any changes in the deriva-
tion except the extra indices. Thus, to simplify the exposition, we confine ourselves to the
case Li=Lforj=1,...,d.

These d scaled univariate kernels are now combined to the corresponding scaled product
kernel

1 X;
hy---hg (h) hl"'hdH (hj) x=(x Xq) € ( )

d
1 X
Jj=1

At first glance the notation on the left-hand side looks like a shortcut, but when putting

h = (hy,...,hg) and defining x/ h for a vector x € R4 as

(x1/h1, ..., xq/ha),

then the left-hand side of Equation (8.11) is well defined, if we define K : RY > R by
d
K@i, ...ox)=[[LGp.  Ga..oxg) e RE
j=1

Notice that the product kernel defines a d-dimensional distribution with independent coordi-
nates that are marginally distributed as #;Z;,if Z; ~ L, j=1,...,d.
The multivariate kernel density estimator of f is now defined by

1 T x—X
frx) = ——— K< t>, x € R,
Thy---hy ; h
When using the same bandwidth h; = h, j=1,...,d, for each dimension, the formula

simplifies, but in practice the d variables often have different scales, which requires us to
select the bandwidths separately in order to take this into account.
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As for the univariate setting, it is interesting to study bias, variance and MSE of that
estimator.

Proposition 8.5.1 Assume that the partial derivatives of f up to the order three exist and
are uniformly bounded. Then

Bias(Fr (o), f) = 22 Zh,82+0 Zh3 : (8.12)

Var (fr(x)) = Lifx)+0 th (8.13)

1
Thy - ha =

and
d 2
MSE(f7(x); -0 hz.) .
(f1(0); £(0) (JZ_; Nt

Proof. Let us calculate the bias of the kernel density estimator. We have

E(F —E L g (Xi=
(fr(x) = f0) = (hl---hd < Y )—f(X))

1 zZ—X
:M/K< . )f(z)dz—f(x)

_ / K@)LfGx + hu) — £0o)ldu,

by the d substitutions u; = (z; —x;)/hj, j=1,...,d, where here and in the following
du = duy...duy. A Taylor expansion up to the terms of order three shows that the last
expression of the above display can be written as

d d . d
af (x) 1 7 f(x) 3
/K(u) g aTjhjuj + 3 -kg 1 ijaxkhjhkujuk + 0 E hj du,

Jj=1 Jok= j=1

where we used the estimate 4 jhgh; < max{h;, hy, h1}3 = max {h3., hz, h?} < 27:1 hi- to
handle the terms involving derivatives of the order three. Observe that for all j

/qu(u)duz 11 /L(uk)duk-/ujL(uj)duj=0
Kk j
and for j # k

/ wjurK@ydu = T /L(ul)dul /u L(u,)du,/ukL(uk)duk =0

1+ jk
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as well as
/u%K(u)du =11 /L(ul)du,/uﬁL(uj)duj = Lo.
14

Putting things together, we arrive at

d

-~ L 92
E(Fre = fo =14 2 S - { rolyTow
Jj=1 j=1

Noticing that, by independence of the summands of fr(x),

~ 1 X1 —x
(Th1~-~hd)VaI(fT(x))=MV&II‘K( A >

—prr (X2
f— h 9

) f()dz

where

(55 o 5

=h -~-hd/K2(u)f(x+hu)du

1
=hy---hy / Kz(u) [f(x) + Vf(x)’(hu) + E(hu)/Df(x*)(hM)
—hy-hy (f(x) / K2(u) du + / K2V £(x) hu du
+ % / K2(u)(hu)’Df(x*)(hu)du>,

with f K2(u)du = Lg, for some x* between x and x + hu, where V f(x) denotes the gradient
of f at x and Df(x*) is the matrix of second partial derivatives of f evaluated at x*. Denote
by |lx|| = Z?:l |x;| the I norm of a vector x = (x, ..., xq7) € R%. The associated matrix
norm will be denoted by || e || as well. Since || Df (x*)|| < ¢ < oo by assumptions (8.9) and
(8.10), the inequality |x’Ax| < [|A]| llx|12 leads to

2
/ |K?(u)(hu) Df (x*)(hu)] du < ¢ / K*(u) Z hjllujl | du
j=1
< 2dc/K2(u)Zh2u2du
Here, we used the inequality (Zd | a]) = O(Zj | o ) for real numbers «7, . .., og. In-

2 .
deed, ojoy < o7 2+ af leads to (Z‘Jl o) = E;{k:l oo < 2d ijl aj. Since, in ad-

dition, Z] 1012/32 Z] s (,32 -—l—ﬁi) < (Z‘leaﬁ)(Z‘f:l /35) for real numbers
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Aty ...,a4, B1, ..., Ba, we can proceed as follows.

d
/ |K%(u)(hu) Df (x*)(hu)| du < 2dc / K*(u) th Zu§

j=1

d
=2dc/ K%u)Zu% duy " h3
j=1 j=1
d d
:2ch/K2(u)u§ duZh?
j=1 j=1
d
2N AR
Jj=1

since

/u Kz(u)du_/ 2HL(uk)du_ H /L(uk)du//u L(uj)duj < oo.

k#j
Further,

’ / K*u)V f(x) hu du

< /KZ(M)IIVf(X)IIIIhuII du

< \//Kz(u)llvf(X)llzdu\// K2(u) || hu|| du

=0 /Kz(u)2h2u2du

o[y
j=1

Hence, using the formula Var (Z) = E(Z?) — (E(Z))? for any random variable Z with EZ7? <

o0 leads to
X1 —x 5 [ X1 — 5
VarK( - >§EK ( ) Zh

Noting that f K?(u) duf(x) = Lgf(x), we can conclude that

(Thy - - hg) Var (f7(x)) = L f(x) + O th :

j=1

which proves Equation (8.13). The formula for the MSE now follows easily, since

MSE(f7(x); f(x)) = Bias(fr(x); f(x))? + Var (f1(x)).
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Having explicit formulas for the bias and variance, we can formulate explicit conditions
for consistency of the kernel density estimator in d dimensions and determine the optimal
bandwidth that should balance bias and variance.

Corollary 8.5.2 The kernel density estimator fr(x) is consistent, if
max{hy, ..., hg} — 0, Thy---hg — oo.
The optimal bandwidths h7, ..., h}; are such that h4 O((Th )~ o) leading to

hj=c; T~V j=1,...,d

It is remarkable that the kernel density is consistent under such general conditions; it is
capable of recovering the arbitrary dependence between the coordinates of the X,. This works,
although we used, for simplicity, the product kernel corresponding to independence across
components.

For what follows, it is worth mentioning the following simple fact. If one uses the optimal
bandwidth choices hj = ¢ jT‘l/ @+4 then

N \/Th1 o haht = \/CjTl—d/(d+4)—4/(d+4) = \/C;. (8.14)

where Q:Hizlgk?éjckc?, is constant, and therefore «/Th1~~hd2?=l hi¢; s
also constant for arbitrary given numbers ¢y, ..., ¢4, but «/Thl-nhdh?h” — 0 and

NThy - hy 27':1 h?h” — 0,as T — oo, for any y > 0. We obtain the following assertion
on the rescaled bias.

Remark 8.5.3 When using the optimal bandwidths h ; = ch’l/(dH), j=1,...,d, then

L
VT - hg Bias(fr(x) = -2 Z\ﬁa 2 + o(1).

Indeed,

~ 4 5 d
PN L a
Thl---thlas(fT(x))=72§ Thl---hdhﬁgf—l—o E Thl---hdhi»
j=1 J j=1

d 2
Ly a°f
j=1 J

Let us now study conditions under which the kernel density estimator is asymptotically
normal. We will apply the following version of the central limit theorem for row-wise i.i.d.
arrays of random variables.

Theorem 8.5.4 Let {é7;: 1 <t < T, T € N} be an array of random variables such that

&r1, ..., €17
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are i.id. foreach T € N. If
Var (€71) — o” € (0, 00),

as T — oo, then

1 T d 2
— > lén — E¢Gm)] — N(O,07),
7T

as T — oc.

Theorem 8.5.5 Let X1, ..., X1 be i.i.d. random vectors taking values in R4 according to
a common probability density f(x). Suppose that f has compact support supp(f) or K is
compactly supported and bounded. Assume that f(x) has partial derivatives up to the order
three with bounded derivatives of order three and fix x € supp(f). If

hj—0, j=1,...,d, Thy---hg— o0

and

d

(ml...hd)ZhS’.eO, (8.15)

j=1

as T — oo, then
. Lo 2f@) | a
VI ha | Fr) = £ = 52O m =5 S N, LY Fo),
j=1 J

as T — oo.

Proof. Since we already know that fT(x) is a biased estimator for f(x), we consider the
decomposition

Freo =100 = (Fro = Efr0) + (Efr = f@) .

The first step is to show

VI ha [0 = Efr(o] £ NGO, L f00), (8.16)

as T — oo. Notice that

- - 1 &
VI ha [Fr0 = Efroo] = = 3 lén — Bénl,
t=1

with
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Let us check whether Var (£71) converges. We have x = (x1, ..., xg4)

d
Er)’ = / /HL( ) f(m,...,Zd>Hdzj
/ /HL(u,) f(x1 + hyu, ... xd—i—hdud)Hdu]

j=1

d
=/"'/HL(Mj)2 O, xa) + O Zhj I] au
j=1 =

— L4 f(0),

as T — oo, where we used the Taylor expansion

d
[ +hu) = f)+ V&™) (hu) = f(x) + O Zhj

j=1

for some x* between x and x + hu. Further, a similar argument shows that

E¢Er1) = O(W/hy -+ hg),

and therefore

Var (¢71) — LS f(x),

as T — oo. Hence we can apply Theorem 8.5.4 and obtain Equation (8.16).

It remains to study the behavior of the bias term under the stated conditions. Since we
have to scale fr(x) — f(x) with the factor \/Th; - - - hy, we have to take into account our
findings leading to and summarized in Remark 8.5.3. First, consider the scaled second term
of the bias. We have

d d
VThy - hg Y k3= "\/Thy - hah$
j=1 =

and analogously, with ¢; = for the first term one gets

az’

d
VThy-hg Y hig; < |CThy---hg > h¥,
j=1
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where C = d? max|<j<d ¢3 The assumption Thy --- hy Z?:l h? = o(1) now ensures that

the second term of /Th - - ~hd(EfT(x) — f(x)) converges to 0, as T — oo, and allows for
the optimal bandwidth choices so that the first term converges to a constant, see Remark 8.5.3.
However, under the more general conditions stated in the present theorem, that term is sub-

tracted from the /Th - - - hd[fT(x) — f(x)], i.e. with

L Z 2 ° f(x)
bh(X) - ? hj axz
=1 J

one considers «/Th; - - - hd[fr(x) — f(x) — by(x)] instead. The corresponding decomposition
is

VI | Freo = £ = b = VT ha | Freo — Efr)]
VT ha [Efr0 = f) = by

where now
d
VI ha [EFr) = £0) = bu0] = 0 [ VThiha Y003 | = o().
j=1

as shown above. Now an application of Slutzky’s lemma establishes the result,

VIR g [Fre) = £ = b = VThy g [Freo — EFre)] + o1
5 NO, LY (),

as T — oo, which completes the proof.

8.5.2 Nonparametric regression

Assume that (Y, X), (Y;, X;),t =1, ..., T, arei.i.d. random vectors where Y is univariate and
X = (X1, ..., X4) ad-dimensional random vector, distributed according to a joint probability
density f(y x)(y, x) with marginal densities fy(y) and fx(x), respectively. It is assumed that

Yi =m(Xy) + €, t=1,...,T, (8.17)
for some smooth function m(x) and i.i.d. error terms {¢;} with E(¢/|X;) = 0 for all r =
1,..., T. The extension to dependent processes will become clear in Section 9.2. This implies
that m(X;) is the conditional mean of Y given X,

m(Xy) = E(Y;1X,),

almost surely. Further, we allow for conditional heteroscedasticity given X; and assume that

E(€]1X = X;) = *(X))
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for some continuous function o defined on the range of the regressors, such that
/ K%(x)o(x) fx(x)dx < oo.
It is well known that
EY|X=x)= /ny|X:x(y) dy,

where

frix=x(y) = { f(%)(%ﬂ7 yeR xelfx #0}
. fr), yeR xe(fx=0).

Since P(X € {fx # 0}) = 0, itis common to ignore the latter case and assume without loss of
generality that fy > 0. In order to estimate E(Y|X = x), it suffices to estimate the conditional
density fy|x=x(y). But that problem can be reduced to the problem to estimate the joint (d +
1)-dimensional density f(y,x)(y, x) and the d-dimensional density fx(x), which we studied
in the previous subsection. Given such estimates fT(y, x) and fT(x), we can use

Sr(y, %)
fr)
to estimate the conditional density. In what follows, we use the kernel density estimator.

Select a smoothing kernel G for the y-coordinate satisfying assumptions (8.9) and (8.10)
and a bandwidth /¢ > 0. Define the scaled product kernel

Frol = frix=x(y) =

1

kDo) e () e () remoen

4 j=1

where again x/h = (x1/h1, ..., xq/ ha). The corresponding estimator of the joint density of
(Y, X) is then given by
x—X; y—Y d
, K G , eR% yeR.
Frow = Sk () 6 (). xeml

t=]

Let us calculate the associated conditional mean

1 —~
/yfr(ylx)dy— f(/YfT(Y» x)dy.

7(x)

We have

N B 1 X—Xt y_Yf
/yfT(y,x)dy—MZK< h )/yG( ho >dy

t=1
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where

y—Y _
yG o dy =hgo [ (Ys+ hou)G(u)du

= hoY, +h§/uG(u)du

== I’lOYt

Hence, we obtain

-~ 1 x_Xt
Ddy=——3 K Y;.
/yfT(yX) y Th]mhdz ( W ) i

t=1
These considerations lead to the following definition.

Definition 8.5.6 The Nadaraya—Watson estimator for the conditional mean m(x) =
E(Y|X = x) is defined as

T -X
N =1 K (x h t) Vi d
mr(x) = - N Y€ R4,
—
Sk (%)
Notice that m7(x) = mr(x; Yy, ..., Yr)is a weighted average of Y1, ..., Y7 with weights

summing up to 1. Hence, for fixed x and any constant a, we have the rule of calculation
mr(x; Yy, ....Yr)—a=mr(x; Y1 —a,...,Yr —a). (8.18)

Our next goal is to study the behavior of the difference m7(x) — m(x). The basic identity used
for that purpose is

7 () = mIfrx) _ gr)
fr(x) fr(x)

mr(x) —m(x) = (8.19)

If, for example, we are in a position to establish the convergence in distribution of a scaled
version of the numerator, perhaps after some bias correction as was necessary in the case of
the kernel density estimator, the asymptotic normality of m 7 will follow quite easily. Consider

~ ~ -~ 1 T X — Xt
gr(x) = [mr(x) —m()] fr(x) = Thy . hy Z K ( A ) Yy — m(x)).

L t=1

The model Equation (8.17), which implies that Y; — m(X;) = €, leads us to the decomposition

gr(x) = gr(x) + gr(x),
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where

1 T x—X
~ - K t
B0 = g 2 ( h )6”

_ T x—X
gr(x) = Thy . hy ZK ( 3 [> [m(X;) — mx)].

The strategy is now to study both terms separately. The following theorem shows that g (x)
converges in L, to a deterministic expression involving the bandwidths.

Theorem 8.5.7 Suppose that the third-order partial derivatives of f and m exist and are
bounded, and that K is bounded, symmetric and is compactly supported.

(i) We have

d d
Egr(x) =Ly Y hbjm: )+ 0 | > 3],
j=1 j=1

where

am(x) 3f (x) N 18°m(x)

bim; f) = . 8.20
j(ms f) ox, ox, 2 ax§ Jx) (8.20)
(ii) Fori.i.d. random vectors (Y;, X;), t=1,..., T,
1 d
_ _ 2
Var (g7(x)) = O m j§=1 hj

Proof. For brevity of notation put f = fy.

(i) We have

_ 1 xX—2z
Egr(x) = m/l{ ( h ) [m(z) — m(x)]f(z)dz
= / K@@)[m(x + hu) — mx)] f(x + hu) du
Taylor expansions show that the above expression is equal to
/ K(u) [Vm(x)(hu) + %(hu)/Dm(x)(hu) + rm} () + V f)(hu) + rg] du,

which in turn simplifies to

/K(u) B(hu)’Dm(x)(hu)Jrrm] [V f(x)(hu) +rf] du,
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since

f(x)Vm(x)/uK(u) du =0

by Assumption (8.9). Here, by virtue of our assumptions on the higher-order partial
derivatives of m and f and since integration is over a compact interval,

d 3 % d
1 9°m(x™) 3
=32 B g = O | 2 | 62D
i, jk=1 . j=1
1 d
rfzi(hu)'Df(er)(hu):O j§_1h§ , (8.22)

and x* and xT lie between x and x + hu. Now expand the product [---][---]. We
claim that

1
Egr(x) = /K(M) {Vm(x)(hu)Vf(x)(hu)+ E(hu)’Dm(x)(hu)f(x) du
d
+o (> m|.
j=1

where the first integral, denoted by I7 in what follows, is of the order O( 27:1 hf)
Precisely, we have '

d 2
Ir = /K(u) 3 {Bm(x) ofx)  197mx) f(x)} h jhi juy du

] ox;  Oxy 2 0xjoxy

d 2
- [kwy [8’;1(*) CRU S f(x)] I du
j=1

jox 2 o

d
=Ly Y h3bjm; ),

j=1
where b ;(m; f) is given in Equation (8.20). The other terms indeed vanish such as
d

/K(u)Vm(x)/(hu)f(x) du = f(x)Vmx)h (/ K(u)u; du) =0,

j=1
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are of the order 0( 27:1 h?) For example,

1
Jy = /K(u) {2(hu)’Dm(x)(hu)Vf(x)(hu)

d
/K( ) Z Pm(x) CACIP it jug du

0x;ox; 0Ox;

92 9
/K( )Z ) f:f) S du

—o(vm
j=1

(ii) By virtue of the i.i.d. assumption and the usual substitutions u; = (z; — x;)/ hj, j =
l,....,d,

Var (gr) = ———— var (K (2250) mx
ar(gr)—m ar( ( h )(m( T)—m(x)))

' g <K ("‘X’>2(m(x ) m(x))2>
o N
Th?---h? h

R R o
T Thy ...hd/K @)[m(x + hu) — m(x)]” f(x + hu) du.

A

The latter expression can now be treated similarly as in (i), yielding the estimate

d

1
Var (gr) = ——O h>
ar (g7) Thy -y Z:: J

Notice that the proof of Theorem 8.5.7 does not assume that m(x) is the conditional mean
E(Y|X = x). Indeed, the result can be extended to more general functions leading to the
following weak law of large numbers for smoothing averages.

Theorem 8.5.8 (WEAK LAW OF LARGE NUMBERS FOR KERNEL SMOOTHERS)

Suppose X; b f(x) and let Y(z,x) be a function defined on X(2) x X(2) with
E|Y (X1, x)|> < oo. If the third-order partial derivatives of f and Y exist and are bounded,

then

X, —
ZK< ~ x) [Y(X,, 2) = (x, )]

t=1

= / K (Z - x) [¥(z. x) — Y(x, 0)](2) dz + 0p(1), (8.23)

Thy---hyg
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and

/ K (Z - x) [¥(z. x) — Y(x, 0)](2) dz = o(1).

Theorem 8.5.9 Assume that the third-order partial derivatives of fx and m exist and are
bounded, and that K is bounded and compactly supported. If

maxdhj—>0, Th1-~-hd—>oo
1

and
(Thy -+ hy) Z he — 0, (8.24)

as T — oo, then

Thy—-ha | Air@) —m@x) — Lo > W3bim: )| S N (0, Lg’UZ(x)/fX(x)) ,
=1

as T — oo, for any x such that fx(x) > 0.

Proof. Recalling the decomposition (8.19) we see that

d
Fr)N/Thy - hg | fir(x) — mx) — Ly Y h3bjms f) | = Fr(x)(Ar(x) + Br(x),
j=1

with

Ar(x) =/Thy - hagr(x),
d
Br(x)=/Thy -+ ha | gr(x) = L2 Y _ h3bj(m; f)

J=1

According to our results of the previous proposition,

d
EBr(x)=0 | \/Thy---ha» h} |,
Jj=1
and
d
Var Br(x) = O Zh?
j=1
Both right-hand sides converge to 0, as T — oo, by virtue of Assumption (8.24), as shown in

the proof of Theorem 8.5.5. This shows that

Ly, P
BT — 0,
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as T — oo. Consider

where

E 1 K .X—Xt
= €¢,
It hi-- hy h !

fort=1,...,T and T > 1. Clearly, the summands are centered and using E(6t2|X[) =
o2(X /), we obtain

Var () = E (E (651X,) )

= Ext <h1 1th2 <x —hXt> 0'2(Xt)>
- / (hl lhd K’ (x ; Z) GZ(Z)fX(Z)) dz

= / K*(u)o?(x + hu) fx(x + hu) du.

But the latter expression clearly converges to Lgoz(x) fx(x). Hence,
d d 2
Ar(x) = N(O, Lyo"(x) fx(x)),
as T — oo, and, by virtue of Slutzky’s theorem,
FrONThy - hg | () —m(x) — Ly > h3bjms f) | = N(O, Lo (x) fx(x),
j=1

as T — o0, as well. Since under the stated conditions fT(x) —P> f(x), as T — o0, a further
application of Slutzky’s lemma completes the proof.

8.6 The CLT for linear processes

We have seen that linear processes form an important class of time series. Thus, this section
is devoted to a detailed proof of the central limit theorem for such processes. We shall employ
the Beveridge—Nelson decomposition, which allows an elegant and transparent proof.

Definition and Theorem 8.6.1 Let

o0
X = Zaifzﬂ', teZ,
i=0
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be a linear process with coefficients {a;} satisfying Y 1= lei| < 0o. Then the decomposition
Xt=a€[+gt_1 —Et, tGZ,
where @ = >0 o; and
o o
& = Zaiét—i, o = Z Ok,
i=0 k=i+1

is called the Beveridge-Nelson decomposition. More compactly, the linear process X; =
a(L)e; can be written as

X;=a(l)e, —(1 = L)g, & =a(l),
where the lag operator a(L) is given by the cofficients «;.

Proof. Notice that for a linear process

o0
€ = Z o€
i=0
with coefficients {o;} we have

_gt +Et—1 = —(op€; + 0161 + Q261 + - - )
+aoe—1 +are o+,

leading to
—€& + €1 = —oper + (o — op)er—1 + (@] —o)er—n + - - -

For the special choice

&,’ = Zak

k>i

we obtain

o0 o oo
520=ZO!1< and @ —@jp1 = <Z - Z)ak=0€i+1-

k=1 k=i+1  k=i+2

Therefore,

o0 o0
—€ + €1 =— Zak € + Zaiet—i-
k=1 i=1

Adding the term «o(1)e; = (Z}?io ak) €; on both sides now yields the assertion,

o0 o0 o0
a(De; — € + €1 = (Z ok — Zak> €+ Z%‘Gz—i = X,.

k=0 k=1 i=1
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To proceed, we need the following simple facts.

Lemma 8.6.2
(i) If S-3 iley| < oo, then Y 2 i2a? < oo.
(ii) The process {€;} arising in the Beveridge—Nelson decomposition is weakly stationary
(and thus a L, series), le?io ilog| < oo.
Proof.

(i) We can find some iy € N such that i|a;| < 1 for all i > iy. For those i we have
2052 < i|a;|. Therefore,

ii leaz—}— Z lOl
i=0

i=ip+1
< g 12a2+ E i|o].
i=ip+1

The first sum has only a finite number of terms and is therefore finite. The second
sum can be bounded by >"° ile;| < 00.

(i) It suffices to show that S°7°) &? < oo, which implies > oo |&;| < oo, since then we
can apply Theorem A.5.1. We have

o0 [o/0] o0
IS Z o
i=0 i=0 J:
oo j—1
=>_ > lajl
j=1i=0
o
= Zj|ozj| < 0.

~.
I
_

Therefore {a} is a null sequence such that we can find an integer i¢ so that |a;| < 1
for all i > ip. Arguing as above, we obtain

ia Za—i—Za

i=ip+1
i o]
<D E+ Y &
i=0 i=ip+1
ip [}
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We are now in a position to discuss the central limit theorem.

Theorem 8.6.3 (CLT FOR LINEAR PROCESSES)
Let

o0
X = Z o€t
i=0

be a linear process with € Hid- (0, 62) for some o> € (0, 00). If

o o
Zi|a[| < 00 and Zai#o,
i=0 i=0

then

St = \/_ZXt—>N(0 UX)

t=1

as T — oo, where 0% = o2 (3272 Oa,) .

Proof. By virtue of the Beveridge—Nelson decomposition, we obtain

St =Ur+ Ry
with
5 7
Ur=— &,
I
Rr = — €11 — €1).
T ﬁgﬂl 1)
Clearly,

1 -
R = ﬁ@O —€7).

The classic CLT for i.i.d. random variables {¢;} with E(e;) = 0 and E(e%) < 00 provides

Ur % N, @%0?),
as T — oo. It remains to show that
RT — 0,

as T — oo. Notice that

|RT| < léo —€rl < — max |€t|

f f

305
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We shall use the equivalence
T
max [&|>68 & 22,21(|a| > 8) > 8 (8.25)

1<t<T
=1

for any § > 0, which can be shown as follows. First, notice that maxj<,;<7 |€;| > & implies
that there is some j with [€;| > §. But then

T
D G1(E] > 8 = [€] > 82

t=1

Vice versa, if Z{:l E21(|¢,| > 8) > &%, then there must be some j with €| > 8, since oth-
erwise the sum vanishes. Therefore max;<;<7 [€;| > §, which establishes (8.25). Repeating
these arguments with ¢;/ /T instead of ¢;, we arrive at

- T
&l P 1 o~ P
max <L 2 & =) &l(&] > sVT) 0.
T =1
Since {¢;} is a strictly stationary Lj-process, we have

1~y U
E (T geflqm > 5ﬁ> =E (6%1(|el| > 5ﬁ))

—8JT 00
=/ xzdF(x)—i—/ xzdF(x)
T

—00 T

— 0,

as T — oo, if F(x) = P(e; < x), x € R. But this shows Ry —P> 0, as T — oo, which com-
pletes the proof.

8.7 Mixing processes

8.7.1 Mixing coefficients

Let{X;} = {X; : t € Z} be atime series. Denote current time by . The question arises to which
extent the past represented by previous observations such as X, s < ¢, influences the present
and future. One approach is to look at the maximal correlation between random variables of
the form

Yzf(Xs7XS7lv"')a Zzg(Xt’ Xl‘*lﬂ"‘)’ (826)

where f and g are measurable functions such that the correlation exists. Clearly, Y is 7 -
measurable and Z is F;°-measurable, where for —oo <a < b < o0

Fo=0(Xy, ..., Xp). (8.27)

Vice versa, any /> _-measurable random variable ¥ and any F7°-measurable random variable
Z can be written in the form (8.26). To turn this rough idea into a definition, let us denote the
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underlying probability space by (€2, F, P) and, for some sub-o-field A, let Lo(2, A, P) be
the Ly-space of A-measurable random variables defined on 2.

Definition 8.7.1 (o-MIXING)
(i) Let A and B be two sub-o-fields of F. Then
o(A, B) = sup{|Cov(X, Y)|: X € Lo(R2, A, P), Y € L(R2, B, P)}
is called the p-mixing coefficient between A and B.
(ii) Let {X;} be a L, series, then
plk) = st;pp(f*_‘o’é» Fr),  keNo,

where fZ is defined in Equation (8.27), is called the p-mixing coefficient of {X,}
for the lag k.

(iii) A Lo time series {X;} is called p-mixing, if
Jim, ) =0
One can show that
p(A, B) = sup{| Cov(X, Y)|}
where the supremum is taken over all those random variables X and Y that satisfy
XeLyQ A P), YeLyQ,B,P), EX)=EY)=0, [ Xll., =YL, =1.

Further, by considering the correlation instead of the covariance, one can drop the constraints
on the second moment.

Let A € f{:oko be an event depending on the past ..., X;_;_1, X;— up to time t — k and
B € F}° be an event depending on future values X;, X;11,.... This means that there is a
time lag between these events of & units of time. Time series for which dependencies between
lagged events die out for large lags should have the property that A and B are asymptotically
independent in the sense that

P(AN B)~ P(A)P(B)
is valid. In the simplest situation, A and B are independent for large enough k.

Definition 8.7.2 A time series {X;} is called m-dependent, if A € .7:{:012 and B € F° are
independent for all k > m.

In other words, {X;} is m-dependent, if any finite-dimensional marginals (X, , ..., X,)
and (X, ..., Xy), 81 <--- <s§ <t <--- <1, are independent, if { — s; > m. In partic-
ular, a stationary series is 0-dependent, if and only if it is i.i.d.
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According to our above discussion, a meaningful approach to measure the departure from
the independence is

|P(AN B) — P(A)P(B)],
giving rise to the following definitions.
Definition 8.7.3 (a-MIXING)
(i) Let A, B C F be sub-o-fields. Then
a(A, B) =sup{|P(AN B) — P(A)P(B)|: A€ A, Be B}
is called the a-mixing coefficient.
(ii) For a time series {X,}

a(k) = supa(F-L, F°)
t

is called the strong or ¢-mixing coefficient of {X,} for the lag k € N.
(iii) A time series {X;} is called strong or o-mixing, if

lim a(k) = 0.
k— 00

Notice that this definition also applies to non stationary time series and, contrary to p-
mixing, does not require the second moments to exist. Notice that in the latter case p-mixing
can still be defined, for it addresses only the covariance Cov(Y, Z) of those random variables
Y (measurable w.r.t. ]—":O’Z) and Z (measurable w.r.t F;°), whose second moments are finite.
But then it does not make any meaningful assertion on the observations X, themselves, since
one cannot apply the definition with, say, Y = X; and Z = X, 4.

As we shall see, in general one has to make assumptions on the (rate of) decay of the
sequence {a(k) : k € No} of a-mixing coefficients. In particular, the mixing property itself is
not sufficient to guarantee important statements on sample averages such as the law of large
numbers or the central limit theorem.

8.7.2 Inequalities

Let us collect a couple of basic inequalities on the mixing coefficients. In particular, we shall
see how one can estimate covariances in terms of the a-mixing coefficient.
First, it is instructive to p-mixing is always stronger than ¢-mixing.

Lemma 8.7.4 For any sub-o-fields A, B of F
4a(A, B) < p(A, B).

Proof Let Ac Aand Be B.Put X =14 and Y = 1. Then E(X) = P(A), E(Y) =
P(B) and E(XY) = P(A N B), such that

| Cov(X, Y)| = |P(AN B)— P(A)P(B)|.
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Since Var (X)=P(A)(1 — P(A)) < 1/4 and | Cov(X, Y)| = | Cor(X, Y)|+/ Var (X) Var (),
we obtain the inequality
|P(AN B)— P(A)P(B)| = (1/4)| Cor(X, Y)|
leading to
4|P(AN B) — P(A)P(B)| < sup{|Cor(X,Y)| : X, Y € Ly}.

Since the right-hand side does not depend on A or B, we may take the sup and obtain
4a(A, B) < p(A, B).

When dealing with o-mixing processes, the following inequality is crucial, whose proof
is rather technical but can be found in the literature. It is used to bound the covariance
between a A-measurable random variables X and a B-measurable random variable Y, i.e. the
absolute of the difference between the cross-moment E(XY) by its value E(X)E(Y) assuming
independente, by their corresponding o-mixing coefficient.

Proposition 8.7.5 Let p,q,r € (1, oo] with % + é + % = 1. Let X be a A-measurable
random variable and Y be a B-measurable random variable with

E|X|? < 0 and E|Y|? < 0.
Then
| Cov(X, Y)| = |E(XY) — E(X)E(Y)| < 8| XIl,Yll,a(A, B)".

Here, x° = 1 ifx > 0 and 0° = 0.

It is important to note that in the above inequality - + 1 must be less than 1 for the bound to
be meaningful. Hence, it can not be applied with p = g = 2,1i.e.,if X and Y are known to have

finite second moments. But the inequality works when assuming the existence of the absolute

moments of order 2 4 § for some arbitrarily small § > 0. Then % =1-1_1 2 In this

p g 248
case, Proposition 8.7.5 takes the following form.
Proposition 8.7.6 Let X be A-measurable and Y be B-measurable. If for some § > 0
EIXPPP <00  and  E|YPT < o0,
then

| Cov(X, V)| < 8a(A, B * ) X|l245] Y ll245.

If X; are i.i.d. with E(X;) = 0 and a finite second moment, an elementary calculation
shows that the sum §,, = E?:l X; satisfies the moment bound

E(S?) = O(n).
If even E(X‘l‘) < o0 holds, then

E(S)) = 0(n?).



310 LIMIT THEORY FOR DISCRETE-TIME PROCESSES
For a mixing process these orders remain true, provided that the mixing coefficients «(k),
k > 0, decay sufficiently fast in the sense that
o
Ar(8) = Z(i + 172 ()0 < 0,
i=0

and the series is weakly stationary of order r, i.e. all moments of orders up to r + 4, § > O,
exist and are time-invariant such that

E(Xn T Xt,) = E(Xt1+h te Xt,+h)
forall#1, ..., t, and h. We provide the details for the important cases r € {2, 4}.
Theorem 8.7.7
(i) Let {X,} be weakly stationary with E|X1|**% < oo for some § > 0. Then
E(S2) < 2184201 X11345-
(ii) Let {X,} be weakly stationary of order 4 with E|X1|*T® < oco. Then
E(Sy) < 8414481 X1 144 5n°.
Proof. We have forr = 2,4
n n
E(S)) = Z .. Z E(X;, - X)),
H=lI1 t=1

Observe that all r! terms E(X;, - - - X;,) whose indices are a permutation of the ordered values
(1) < - -+ < 1 coincide. By stationarity, E(X;, --- X, ) = E(Xo Xy, - - - X;,—1 ). Hence,

ESpy=rl Y EXy--X,)

1<t < <t,<n

=rn Z E(XoXs, - X;,_,)

0<ty<--<tr<n-—1

=rin Y EX1Xy X, ).

1<y <<t 1=Zn
For r = 2 we have to estimate ZZ: 1 |1 E(X1X;,|. We claim that the latter is not larger than
8|1 X1 ||% 1+5A2(8), which establishes Equation (i). To verify this claim notice that E(X;) = 0,

such that

|E(XoX j)| = | Cov(Xo, X )| < 811 X115, 4(j)*/ .
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This implies

n o
STIEX X)) < 8IX11B 45 Y a( O
=1 =0

= 8] X1113,542(8).

The case r = 4 is more involved and requires us to rearrange the terms appropriately. Let us

denote by Eih; the sum overall 1 <# < --- <t; < n such that the maximal difference of

successive indices is attained at position 4, i.e.
rp=tp —th—1 = max{t; —tj_1,..., 0 — 11, ty — fo},

where we put 7o = 0 for convenience and denote here the maximal difference by r;,. We may
now calculate a sum taken over 1 <# <t <13 <n by first summing over the positions
h =1, 2, 3 and then over the ordered indices satisfying these constraints. Hence, we consider
now the right-hand side of

3 (b

ES)=4n) > E(X1X, X, X0y).

h=1 n,3
We claim that

(h) n—1

D IEX X, X Xi)| < 81X1l545 > Cra(r) @9,
n,3 r=0

Here, C, is the number of tuples (t1,12,13) with 1 =1 <t] <th <13 <n, t) —th—1 =
max; t; — t;—1 = £ for a fixed value ¢ and % is 1, 2 or 3. Let us denote the corresponding
cases by

¢ ¢ ¢
1 —nnt3, 1n —nt3, 1t —13,

¢
where — indicates the position of the gap of length £. We shall show that in all cases
|EQX1 X0 X Xip)| < 8a(0) V11X 135

and then estimate the number C,.
¢
Case 1 — t112t3: Apply Proposition 8.7.5 with p =4+ 6 and g = (4 + §)/3 such that
1—1/p—1/g=26/(4+ 8). We have
[E(X1 Xt X6, Xry) — E(X1DE(Xt X1, X13)]
< 8a(O” Xy, llarsl| X1 Xo Xo3 445173
< 8a(O)” VX113,
where the last estimate || X1Xs, Xs;ll@a+8)/3 < 1 X1 la4511 X5, [la+511 X3 la+s follows from the
generalized Holder inequality, cf. A.4.1 (iv).

¢
Case 1t1tp — t3: This is shown as above.
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¢
Case 1t; — to13: Now chose p = (4 4+ 8)/2andg = (4 + §)/2suchthatl — 1/p — 1/q =
8/(4 4 §). This gives

|E(X1 X1 X1, X13) — E(X1 X)) E(Xp, X13)l
< 8a(0) ) X, X, la+8)/211 X1, X131l (4+8),2

< 8a(0)” V| X115,

where we again use the generalized Holder inequality.
To estimate C,, observe that the condition t, — t,_1 = £ fixes #;, at the value 1, + £ (£
is fixed). Since #; — t;_1 attains its maximum £ at i = h, each of the other indices t;, i # h,

attains only the £ + 1 values #;_1, ..., #_1 + £, such that C, = ZZ:] E,(lh% 1 <n+1).
Therefore, we can conculde

3 (h)
E(S}) =4 Y IEX1 X0, X, X0yl

h=1 n,3

n—1
<4181 X1 llays »_ Cra(e)/¢H)
=0

o
<4180 X1llars »_(r+ Da(e)”/ 4+
=0

< 418A4O)1X1ll14s.
which completes the proof.

Remark 8.7.8  The assertion of Theorem 8.7.7 that E|S,|" = On'/?) also holds true for
real-valued r > 2, if A,(8) < oo for some § > 0, cf. Yokoyama (1980).

Finally, we show how conditional expectations can be bounded by mixing coefficients.

Lemma 8.7.9  Suppose the time series {X; : t € 7} satisfies E(X() = 0 and E|Xo|>*® < oo
for some § > 0. Let F_,, = o(X; : t < —n). Then

)
(i) IE(XolF-n)llL, < 8l Xoll24s0(r2) 2D

and

(i) D IEXolFon)liL, < oo,

n=1

provided

i )
Za(n)2(2+5> < Q.

n=1
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Proof. Observe that for p=2and g=2+ ¢ we have 1/p—1/qg= ﬁ Hence, for
any F_,-measurable Y with || Y|, < oo, we have

i
|E(XoY)| < 8l Xoll2+sl1Y Il L, 0(m) 250
Lemma 8.1.6 yields
|E(Xo|F-n)llL, = sup{E(XoY) : Y F_,-measurable, ||Y| L, = 1}
)
=< 8] Xoll24s0(n) %>,

which shows assertion (i). The second claim now follows easily,

oo

> 8
STIEXoIF-)lL, < 81 XollL, Y am) ™.

n=1 n=1

8.8 Limit theorems for mixing processes

We shall now discuss a strong law of large numbers for ¢-mixing time series.

Theorem 8.8.1 (STRONG LAW OF LARGE NUMBERS UNDER a-MIXING)
Let {X;} be a weakly stationary process of order 4, which is «-mixing with mixing coefficients

satisfying
o0
A4(8) = Z(i + Da()@Y < o
i=0

for some 6 > 0. Then
1 7
a.s.
7> X = E(X),
t=1
as T — oo.

Proof. W.lo.g. assume E(X;) = 0. Put X7 = % Zszl X;and S7 = Zszl X;. Consider
the event

A={weQ: Xr(w) — 0, T — oo}.
We shall show P(A) =1 & P(A€) = 0. Observe that

X7(w) does not converge
& Je>0:VTpeN:IT > Ty : | Xr(w)| > ¢
& Ar = {|X1| > £} occurs infinitely often.

By the lemma of Borel Cantelli,

P(Ar infinitely often) = P (ﬂT Us>T AS) =0
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holds, if

Z P(A7) < 00.

T=1
The generalized Markov inequality yields

4

- ES}
P(Ap) = P(X71| > ©) < 7.

By Theorem 8.7.7 (ii), the right-hand side is O(T~2), such that Z,T:1 P(A7) < oo follows.

Theorem 8.8.2 (CENTRAL LiMIT THEOREM FOR MIXING PROCESSES)
Let {X;} be a strictly stationary and a-mixing process with

EX)=0 and E|X;|"" <o0

for some § > 0. If

[e.e]

3 a5 < oo,

k=1

then

T
— X, — N(0,0°),
v P
as T — o0, where
o0
o> = E(X1)+2>  E(XiX14n)

h=1

converges absolutely.

Proof. As a strictly stationary Lj-process, {X;} satisfies the ergodic theorem. By
Lemma 8.7.9, the condition on the mixing coefficients ensures that

o0
> IEXo|F-p)ll2 < o.

n=1

Hence, we can directly apply Theorem 8.1.7.

We will now establish central limit theorems for the sample autocovariance functions

T—h

~ 1 _ _
yrin = — Z;(XM —X7)(X; — X7)
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for0 <h < T — 1 and y7(h) = 0, otherwise, and

~ -
yrh) = > (Xepn — WXy = 1)
t=1

for 0 < h < T — 1 and again y7(h) = 0, otherwise.

Theorem 8.8.3 Let {X,} be a strictly stationary and o-mixing process with E(X1) = p and
autocovariance function'y = yx. Suppose that there exists some § > 0 such that the following
two conditions are satisfied.

(i) S a(k)™ < 0.
(ii) E|X|*t* < 0.

Then, for any fixed h,

VTGr(h) — y(h) % N, ),

as T — oo, where

T 2
%= Jim E (jf > xfxt%) .
Proof. W.lo.g. assume p = 0. Fix 2 > 0 and consider the process
& = Xi Xiqn, teN.
Then E(&;) = y(h) for all ¢. Clearly, {&;} is strictly stationary and an L,-process, since
E|5 [ = EIX,Xon|**
= E|X,[** < .
Denote the kth a-mixing coefficient of {&;} by ag(k). Notice that
Fro=0XsXs4n:s<t)CoXs:s<t+h)
as well as
Fik =0X;Xsqyp:s>t+k)Co(Xs:5>t+4+k).
Hence, for k > h we may estimate o(k) as

ag(k) = sup  |P(ANB)— P(A)P(B)|
AeFo,BeF i

< sup |P(AN B) — P(A)P(B)|
Aeo(Xs:s<t+h),Beo(Xs:s>t+k)

=ak — h).
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It follows that

oo s h s 00 s
o) =) ()T + Y ax(k)7
k=1 k=1

k=h+1

h o0
=Y w07 + 3wk < oo.

k=1 k=1

Consequently, the assertions follow from Theorem 8.8.2.
The following proposition shows that 7 (%) inherits its asymptotic distribution from y7(h).

Proposition 8.8.4 Let {X,;} be a weakly stationary series satisfying the central limit theorem,

T
1 d 2
—=>_ X > N©,5%),
VT 5
as T — oo. Then

VT@r(h) = yr(h) 5 0,

as T — oo.

Proof. A direct calculation yields

R 1 <& _ _
yrin = — ;j(xz — X7)(Xe4n — X71)

1 T—h o T—h —
== (Z X Xepn —2X1 Y Xegn + XT> :
t=1 t=1
Hence,
~ ~ PO h—2
prin —yr(y = —Xp+2Xr— > Xi— X7,

t=T—h+1

which eventually leads to

~ N _ S R _ h
VI@rt) = yr) = —IVTXrXr + 2AVTXrl . Y X = VTXrlXr.

t=T+h+1

By assumption, the terms in brackets are asymptotically normal and therefore Op(1). The
remaining factors are op(1), since X7 — 0, as T — oo, in probability, as a consequence of
the central limit theorem.

As aconsequence of Proposition 8.8.4, Theorem 8.8.3 remains true when yr(h) is replaced
by yr(h), that is when the time series is centered at the sample average X . Further, one may
extend the result to joint convergence in distribution. Assuming the {X,} is a linear process
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with i.i.d. innovations and coefficients {6;} satisfying the conditions of Theorem 8.6.3, one
can obtain

VTG, ... 5r(@) = (p(), ... p(d)] > N, W),

where W = (w;;); j is the (d x d)-matrix with entries

o0
wij =Y [pk+i)pk + j) + ptk — D)pk + )+ 2p(i)p(j)p> (k)
k=—00
= 2p(@)pk)pk + j) — 2p(j)pk)p(k + i)].
In particular, for a white-noise process one obtains W = diag(1, ..., 1), which justifies the

asymptotic hypothesis test and confidence interval discussed in Section 3.3.1.

It is worth mentioning that the assumption of a finite moment of order 4 4§ is essen-
tial. Indeed, for heavy-tailed distributions the sample autocovariances and autocorrelations,
respectively, may exhibit a completely different behavior.

Having consistent estimators of the autocovariances at our disposal, it seems natural to
use them in order to estimate the (asymptotic) variance of the scaled sample mean,

T T—1 .
1 T—j
Y7 = Var ( § Xt> =Ty + E ——=Tj+T),
VT =1 j=1 r

where {X; : t = 1, 2, ...} is a stationary d-dimensional time series with mean p and autoco-
variance matrices

F]ZE(X]_/,L)(X]+]—M)/, j=1527-"-
Generalizing from the univariate setting, see Equation (8.1),
oo
Y= lim X7 =Ty +Z(rj+r’j)

T—o00 -
J=1

is called the long-run variance, provided it exists.
In applications, the d-dimensional time series {X;} for which one has to estimate X is
often given by

Xt = WZ;0),

where {Z,} is another strictly stationary /-dimensional time series, ¢ € ® a parameter and
h(z, ®) a known function defined on R! x © such that

EI(Z1;9)* < o0,

for some § > 0.
For brevity of notation, put

hi(¥) = h(Zy; ), teN,
and assume that there is some ¥ € O, the frue parameter, such that
Eh,(199) =0, for all ¢,

holds true.
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The Newey—West estimator for ¥ is defined by

m
Sr=Tr0+ Y w(m)Tz+ T, (8.28)
j=1

where 0 < m < T is the lag truncation parameter and

T
~ 1 -~ ~
FTj = ? E ht(ﬁo)ht—j(ﬁ())/'

t=j+1

For simplicity of presentation, we omit the parameter in our notation, since it will be fixed
at ¥ = . The lag truncation parameter is chosen as a function of the sample size, m = mr,
and we shall see that it has to be of smaller order than 7.

The above estimator relies on estimates of the random variables 4;. We consider the
following two cases:

@) If h(9) = h(Z;) does not depend on ¥, then we simply use ﬁ, = h(Z,).
(i) If h,(9) = h(Z,; ), we assume that we have some consistent estimator 5T and use

hy = h(Zs: 97), t=1,2,....

Notice that the estimator £7 uses only the first m diagonals of the sample autocovariance

matrix of 11, ..., hr, which are additionally weighted using the Bartlett weights
wm=1-—1_" j=0_ . .m
m+1

Those weights satisfy the following regularity conditions
(1) w(j,m) < Cyforal0 < j<m,m €N, for some constant 0 < C,, < o0.
(i1) Foreach O < j < m itholds w(j, m) — 1,as m — oo.

Also observe that

w(j, m) = kp (]) j=0,....mm=>1,
ht

if we put A7 = m 4+ 1 and introduce the Bartlett kernel function
kp(x) = (1 — [xDI(x| < 1), xeR.

One can define other weighting schemes by selecting other kernel functions. Here is a list of
the most commonly used kernels.

(i) Truncated: k7g(x) = 1(|x| < 1), x € R.
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(i) Parzen:

1 —6x2+6|x]?, 0<|x| <1/2,
kp(x) = ¢ 2(1 — |x])?, 12<x| <1,
0, otherwise.

(iii) Tukey—Hanning:

ks () = (I +cos(mx))/2, |x| <1,
THIY) = 0, otherwise.

(iv) Quadratic Spectral:

kos(r) = 25 (sin(énx/S)_

6mx/5) | .
1272x2 67x/5 cos(6mx/ )>

To motivate an assumption on the estimates ﬁ,, suppose that i(z; ¥%) is twice differentiable
with

sup [[VA(Zs;90)ll = Op(1),  sup [ Dh(Z;; 9o)|| = Op(1).
t 1

Then a Taylor expansion leads to
hi = he = VI(Zg; 90) @1 — Do) + Op(IF7 — Dol)).
If 1/57 is «/T-consistent, say, such that
VT@r = 90) = 0p(1),
then the estimates Et are uniformly consistent with rate /T in the sense that

max vT|h; — hy| = Op(1).
t<T

To derive the consistency of the Newey—West estimator, we need the following maximal
inequality.

Proposition 8.8.5 (MAXIMAL INEQUALITY FOR o-MIXING SERIES)
Let {&, : t € N} be a mean zero a-mixing time series such that there is some § > 0 with

248
E|&*" < o0

for all t > 1 and mixing coefficients {a(k) : k € N} satisfying

o0

Z oz(k)%rrs < 00.

k=1
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Then,

Za

max
1<t<T

where

cl@, 8) =16 [@8‘1 +2) 3k + Dtk
k=1

Theorem 8.8.6 (CONSISTENCY OF THE NEWEY—WEST ESTIMATOR)

8

N 8) AN B8 o ) S (ElE )
- 2
&

Let {Z,} be a strictly stationary a-mixing time series with mixing coefficients satisfying

[e.¢]

Z a(k)l’% < 00.

k=1

Further, let hy(9) = h(Z;;9), t > 1, for some function h(z, ¥) satisfying

Eh(Z1;90) =0  and  E|h(Z;;90)*™ < .

Let h; be uniformly consistent estimates for h;, that is

max |7, — ;| = op(1).
t<T

Then the Newey—West estimator X for X is consistent,
a P
ET — ET — O,

as T — oo, provided the lag truncation rule satisfies

2

™o
7—0(),

as T — oo.

(8.29)

Proof. For simplicity of notation put #, = h,(¢). Notice that EJT can be written as

R / 2 m T ‘ .,
o= LS 3w

N =
Mﬂ

N
I
_

We shall show consistency of

m

T
=;21:ht Z Z w(j, mhih;_;,
t=

] 1 t=j+1
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which uses the the random variables /4, instead of their estimates ﬁ,, and then argue that the 4,
can be replaced by their estimates. Consider the following corresponding truncated version
of ET,

T m T
Sr= %Z E(h:h}) + %Z > w(j, m)E(hih;_))
=1 j=1t=j+1
and notice that
Sr = E(X7).
The theorem follows, if we verify the following assertions.
@ 1127 = Brll = o(D).
(i) 1£7 — 7]l = O@m?/T).
(i) 127 = £71l = op(1).

In what follows, || e || denotes the maximum matrix norm. Let us start with (/) and estimate
the error || X7 — X7]||. We have

_ ) m T 2 T T
157 = Srl < =30 > lwGom) = WIEG_pI+ 2= > > IEGH_pI.
j=lt=j+1 j=m+1t=j+1

The «-mixing condition ensures that the second term can be estimated by

N
2C max
o
]:

apF =0 3 a7 | = o),

j=m+1

N—j

as m — 0o, since ch’il a(j)fﬁ < 00, and by Eh; = 0 and Proposition 8.7.6 the element
(k, D), hyhy—j 1, of the random matrix hth;_j satisfies

2
|EChichi—j)| < Ca(j)?+

for some constant 0 < C < oo not depending on &,/ € {1, ..., d}. Using similar arguments,
the first term can be bounded by

m
2
By =cY_ |w(jm)— l|a(j)7
j=1
for some constant 0 < ¢ < oo. Define the sequence of functions
2. .
fn()) = lw(j, n) — Ha(j)ZH1(j < n), J € No,

for n € N. Then

By, = c/fm(x)dv(x),
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where v(x) denotes the counting measure on Ng. Now B,, = o(1) follows by dominated
convergence, since clearly f;,(x) — 0, as m — o0, for each fixed x € N, and

Funl®) < g(x) = 2a(x) 755
where
ad 2
/g(x) dv(x) =2 Zot(x)m < 00.
k=1
To show (ii) notice that
$7 — Zr = Rr1 + Ry,

where

T
1
Rt = T g (hihy — E(hh})),
=1

2 o . 2
Rro == Y wlim) Y Thihi_; — Ehhi_ ]
j=1 t=j+1
m T

2Cy , ,
<= [hihy_; — EChihi_ ]| .

j=1 |t=j+1

We show that Rty = O(m?/T) by applying the maximal inequality given in Proposition 8.8.5.
Fix I < j < T — 1 and consider the sequence

U[j = h[l’l;_j - E(hlh;_]), t Z 1

Denoting the (k, [)th element of U,; by Ut(f’l), 1 <k,l < d, the union bound together with
Proposition 8.8.5 now allows us to estimate Rz as follows.

d m N
1 k.l &
PRl > )< >_ D P | max |30 U > —
=V w

k=1 j=1 1=j+1
2
5 d m o 24TE|U§k”)|4+25+c(a, 8)T(E|U§k’l)|4+25)m
=223 i
k=1 j=1
2

Il
Q

(%)

We can replace the /;s by their estimates ﬁt, since Equation (8.29) implies that

VT(h; — hy)
JT

hy = h; + = h; + Op(1//T),
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uniformly in ¢ < T, which leads to

hih,_; = [hy + Op(1/N DI, + Op(1/VT)]
= hih)_;+ 0p(1/3T),

where the Op(1/ JT ) term is uniform in j <7 — 1 and ¢ < T, since the fourth absolute
moment of the /s is uniformly bounded by assumption. We obtain

T
ZW?

which establishes (iii). Now the assertion follows easily.

M\]

hih_; + Op(1/3/T),

’\] \

t=1

8.9 Notes and further reading

An exposition of the asymptotic distribution theory for time series with a focus on parametric
approaches can also be found in Brockwell and Davis (1991). A nice and elaborated proof of
Theorem 8.3.6, the central limit theorem for martingale differences, which is omitted here,
can be found in the monograph (Davidson, 1994, p. 383), where it is shown by verifying
the conditions of a fundamental theorem due to McLeish (1974). The expositions on mixing
processes draws from Durrett (1996), Bosq (1998) and Doukhan (1994). It is worth men-
tioning that the condition 220:1 |E(Xo|F—n)|l2 < oo in Theorem 8.1.7 can be weakened
to ZZO:] NE(Xn|Fo) — E(X,|F-1ll2 < oo, see (Hall and Heyde, 1980, Theorem 5.3) and
the discussion in Durrett (1996), resulting in the weaker condition ), |6;| < oo for Theo-
rem 8.6.3, the central limit theorems for linear processes, see (Hannan, 1970, Theorem 11).
The method of proof can be generalized and is discussed in the review paper Merlevede et al.
(2006). For an advanced probabilistic monograph on limit theorems for semimartinagles the
reader is referred to Jacod and Shiryaev (2003). An exposition of the asymptotics of linear
processes can be found in Phillips and Solo (1992). Taking an econometric point of view, the
asymptotic theory for the multiple linear regression model from with stochastic regressors can
be found in Davidson (2000). For nonparametric density estimation, nonparametric regression
and its applications, we refer to Silverman (1986), Hirdle (1990), Fan and Gijbels (1996),
Fan and Yao (2003), Li and Racine (2007) and Franke et al. (2008). Further econometric
monographs related to the material of this chapter are White (2001) and Tanaka (1996). The
maximal inequality in Theorem 8.8.5 is due to (Peligrad, 1999, Corollary 2.4). For a general
result on the almost sure convergence of Bartlett’s estimator, see Berkes et al. (2005).
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9

Special topics

This chapter is devoted to some special topics. First, we discuss the copula approach to
the modeling and analysis of high-dimensional multivariate distributions, which has found
widespread applications in finance. A prominent application is the pricing of collaterized debt
obligations, and thus we take the opportunity to discuss how copulas became part of the 2008
financial crisis.

Nonparametric methods have become an integral part of the analysis of financial data
analysis as well. In many areas, the local polynomial approach, particularly the local linear
estimator, provides a good balance between simplicity and accuracy. Thus, we study in greater
detail the corresponding asymptotic theory complementing and extending the discussions of
previous chapters.

Lastly, we discuss some selected change-point methods. Those methods assume that the
time series of interest may have structural breaks (change-points) where the distribution
changes. Such a setting is quite realistic for financial data according to the large number
of potential factors that may have impact on prices, returns, risk measures, indices or other
random quantities of interest: Unexpected news such as profit warnings, mergers, fusions, po-
litical events, weather extremes, etc. Events like those may lead to changes of the distribution,
which call for immediate action such as portfolio updates, hedges, risk selling or closing of
positions. Therefore, the analysis of time series in order to test for such changes as well as
the application of monitoring procedures to detect them quickly have received considerable
Interest.

9.1 Copulas - and the 2008 financial crisis

Copulas have become a common approach to model multivariate distributions of random
vectors, e.g. the joint default times of credits. They allow us to separate the problem to
specify or estimate marginal distributions and the problem to handle dependencies between
the coordinates. Many copula models are actually parsimonious parametric models with only

Financial Statistics and Mathematical Finance: Methods, Models and Applications, First Edition. Ansgar Steland.
© 2012 John Wiley & Sons, Ltd. Published 2012 by John Wiley & Sons, Ltd.



326 SPECIAL TOPICS

a few parameters or even only one parameter. In this way, intractable problems such as the
calculation of complex risk measures of hundreds or thousands of financial instruments can be
melted down to quite simple formulas and procedures. That problem is of particular concern
when dealing with debts. The default events are often dependent, particularly when a crisis
hits markets and one default induces the next one. Usually, there is not enough historical data
for each credit and obligor, respectively, to estimate default probabilities from them. Copula
models allow us to describe the dependence by a few parameters, which in some cases can
be linked to available market information.

The price one has to pay for that parsimonity is that the structural shape of the dependence
is fixed for a given copula. Of course, a one-dimensional model for a, say, 1000-dimensional
distribution represents only a tiny subset of all possible distributions. But if the selected copula
model is wrong and does not fit reality, risk measures and prices calculated from that model
can be highly misleading.

This is what actually happened before and during the 2008 financial crisis. They were more
and more used to price collateralized default obligations as well as credit default swaps. The Li
model became the industry standard in this field and was heavily used by rating agencies and
banks. Li’s model relies on a simple Gaussian copula model, too simplistic for the problem
at hand. The default probabilities calculated from this model were too optimistic.

After an introduction to copulas and their basic properties, we give a brief outline of the
major reasons leading to the financial turmoil before discussing the famous Li model in some
detail.

9.1.1 Copulas

Let X = (X1, ..., Xg) be a random vector of dimension d € N, where d can be very large.
Its distribution is determined by the multivariate distribution function

F(xi,...,xq0) = P(X1 <x1,...,Xq <x4q), X1,...,xq € R.
The basic idea of the copula approach is based on the following observation: Let C(uy, . . ., ug)
be a distribution function of a random vector (Uy, ..., Uy) with uniform marginals, that is

U ~U[0,1],i=1,...,d. Then

C(F1(x1), ..., Fa(xa)), X1,..., X4 € R, .1
defines a distribution function on R? with marginals F1p, ..., Fy. Let us verify the latter fact
for the first coordinate. We have limy_, Fj(x) =1, j=1,...,d, and

lim Cluy,...,ug)=C(uy,1,...,1)=uy, up €10, 1],

leading to

1imﬁooC(F1(x1), oo Fa(xg)) = Fi(xy), x1 € R.

X25neesXd

Definition 9.1.1 (CopruLA)
A copula is a distribution function C : [0, 114 = [0, 1] of a d-dimensional random vector
Wi, ..., UpwithU; ~UQO,1),i=1,...,d.
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Let X ~ F be arandom variable and define forx € Randa > 0
F(x,a)= P(X <x)4+aP(X = x).
Let V be a random variable with V ~ U(0, 1). Then
U=FX,V)=FX-)+ VIF(X) — F(X—)]

is called a distributional transform or probability integral transform. Notice that for a
continuous distribution function F, F(x, a) = F(x). In this case the distributional transform
is simply given by U = F(X). The distributional transform satisfies

U~U®©,1) and X=F'(U)as.
Let us check the latter fact. By definition
F(X-)=U=FX,V) < F(X)

and P(U = F(X—)) = P(V = 0).Since F~'(u) = xforallu € (F(x—), F(x)], F-}(U) = X
a.s. follows.

The following celebrated theorem of Sklar asserts that any distribution function on R?
can be represented in the form (9.1) and provides the basis of the copula approach.

Theorem 9.1.2 (SKLAR’S THEOREM, 1959)

(i) Let F : R? — [0, 1] be a d-dimensional distribution functionand F;, i =1,...,d,
be the associated marginal distribution functions. Then there exists a d-dimensional
distribution function C : [0, l]d — [0, 1] such that

F(xy,...,xq) = C(F1(x1), ..., Fa(xq)),
forall (xi, ..., xq) € R

(ii) If C : [0, l]d — [0, 1] is a copula and F1, ..., Fy are univariate distribution func-
tions, then

C(FIx), ..., Faea)), (vt ..., xa) € R,
defines a d-dimensional distribution function with marginals F1, ..., Fg.

Proof. We show (i). Let (X1, ..., Xq) be a random vector with distribution function F.
For a random variable V ~ U(0, 1) independent of X consider the distributional transforms
U, = F;(X;, V;)leading to the a.s. representations X; = Ffl(U,-),i =1, ...d.Now the copula

Clui,...,uq)=PWUy Zuy,...,Us < ug), ug,...,uq €[0,1],
satisfies

F(xy,...,xq) = P(X1 <x1,...,Xq < xq)
= P(Fi(U1) <x1,..., Fa(Ug) < xq)
=P(Uy < F{'(xp), ... U < Fy ' (x0),

forall xq,..., x4 € R.



328 SPECIAL TOPICS

If a multivariate distribution is expressed by a copula C and the marginal distribution

functions Fi, ..., F4, one can simulate random vectors (X1, ..., X4) having the distribution
function F(x1,...,x4) = C(F1(x1), ..., Fi(x4)) as follows.
1. Draw a random vector (Uy, ..., Ug) ~ C from the copula C.

2. Apply coordinate-wise the quantile functions Ffl to obain the random vector
(X1,.... Xa) = (F{'WU. ..., F;'(Uy)),

which is distributed according to F.

3. Repeat steps 1. and 2. n times to obtain a random sample XV, ..., X" ~ F of d-
dimensional random vectors.

Notice that, if the d-dimensional distribution function F in Sklar’s theorem has continuous

marginals F1p, ..., Fy, then the copula satisfies
Cluy,....uq) = F(F 1), ..., Fy (ua)),
forevery u = (uy,...,uq) € R4, Further, we have the representation
Cluy, ..., ug) = P(Fi(X1) < u, ..., Fa(Xq) < ua),
forevery u = (uy, ..., uq) € R

Here is a list of some frequently used copulas.

Example 9.1.3 (CopuLAS)

(i) Independence: Suppose Uy, ..., Uyg ~ U(0, 1) are independent. The correspond-
ing independence copula is given by

d d
PWUI <uy,...,Us <ug) =[] PW; <up) = [ ws,
i=1 i=1

foruy, ..., uq.

(ii) Perfect correlation: If Uy, ..., Uz ~ U(0, 1) are perfectly correlated such that

Uy = --- = Uy, then the associated copula is
Cy(uy,...,ug) = P(Uy <min(uy, ..., uy)) = min(uy, ..., uq),
foruy, ..., ug € [0, 1], called the upper Fréchet copula.
(iii) Mixtures of copulas: If Co(uy, ..., uq) is an arbitrary copula (e.g. the indepen-

dence copula) and p > 0 a mixing coefficient, then we obtain a new copula by
mixing it with the copula corresponding to perfect correlation,

Clui,...,uq) =1 —p)Coluy, ..., uq) + pmin(uy, ..., ug),

foruy,...,uq €10,1].
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(iv) Bivariate Gaussian copula: For d = 2 one may consider the bivariate normal
distribution with means zero, unit variances and correlation coefficient p € (—1, 1),
that is

o'y @7 (u2) 1 2 _Dost 4 12
C(uy, un) :/ / 172 (_S ps j_ ) ds dr,
—o0 —o0 27(1 — p2)Y 2(1 = p?)

foruy, uy € [0, 1]. Notice that this is a one-parameter family.

(v) Bivariate r-copula:

Frlwy) pF ) 1 s2 2pst + 2 —(v+2)/2
C(ul,u2)=/ / 172 (1 + 5 ) dsdr,
) —o0 27(1 — p2)Y v(l — p?)

Sforuy,uy €10, 1], where F,S L(p) denotes the quantile function of the t-distribution
with v degrees of freedom and p € (—1, 1) is the coefficient of correlation.

(vi) Gaussian copula: The bivariate Gaussian copula easily extends to dimension d. In
general,

Cluy, ..., ug) = Os(d ), ..., 0 ug),  up,...,uq€l0,1],

is called a Gaussian copula, where @y is the distribution function of a multivariate
normal distribution with mean zero and a covariance matrix S, and ® Lis the

1
quantile function of the N(0, 1) distribution. For d =2 and ¥ = P one

p 1
obtains the bivariate Gaussian copula.
(vii) Extreme value copuals: Such copulas for bivariate distributions have the form

C(uy, uz) = exp {IOg(xy)A (k)gw)] ) ui,uz €[0,1],
log(uuz)

where A : [0, 1] — [1/2, 1], is a convex function and A(t) satisfies the constraints
max(t, | —1) < A(t) < 1 forallt € [0, 1].

(viii) Kimeldorf and Sampson copula:
Caunun) = (u;” +u;” =) wpup €10, 1,

for some 0 < y < oo.

(ix) Archimedean copulas: A copula is Archimedean, if it is of the form

Clut,....uq) = YW@ @)+ -+ ¢ wa)
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for some function \ that is called a generator. To ensure that C is a copula, the
generator has to be d-monotone on [0, 00), i.e.

(— Dy ®x) >0,

forallx >0andk =0,1,...,d —2, and (—1)d_21ﬂ(d_2)(x) is nonincreasing and
convex. Frequently used generators and their inverse are as follows.

— Ali-Mikhail-Haq: Generator

Y(t;0) 0 <[0,1),

- exp(t) — 0’
with inverse

1—60+6
v (t;0) = log iooron

— Clayton: Generator
Y0 =1+n"" 6e(0,00),
with inverse

v o) =17 -1.

0.03

0.02

0.01

0.00

—-0.01

—-0.02

—0.03

T T T T
-0.03 -0.02 -0.01 0.00 0.01 0.02 0.03

Figure 9.1 Contour plot for the distribution of DAX and FTSE daily log returns using the
Gaussian copula and kernel estimates for the marginals.
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— Frank: Generator
log(1 — (1 — exp(—0)) exp(—t
_log = ( (=6)) exp( )), 0 € (0, 00),

0

Y(t;0) =

exp(—6t) — 1

with inverse
-1

t;0) = —1lo .

v(1:0) g exp(—0) — 1

Figure 9.1 and Figure 9.2 show a Gaussian copula fitted by maximum likelihood to daily

log returns of of DAX and FTSE with marginals estimated nonparametrically by a kernel

density estimator yielding a copula-based estimator of the bivariate distribution.
..., uq) based on a sample

A nonparametric estimator for the copula function C(ui,

X1, ..., X7 of d-dimensional random vectors,
'7de)/a [=11"'a7—‘7

X = (X1, .-
., xq) = C(F1(x1), ..., Fg(xg)) can be derived as

with common distribution function F(xy,
follows. For simplicity of the exposition, let us assume that the marginal distribution functions

Fy, ..., Fy are continuous. Recall that
Cluy,...,uq) = P(Fi(X1) Suy, ..., Fa(Xq) < ug),
., ug € [0, 1]. If we knew the transforms U;; = F;(X;;), a natural estimator for the

foruy, ..
copula is

1 I
Vr(u, .,ud)zft;l(un5u1,...,u,dsud>, ut, ... uq €10, 11.
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Figure 9.2 3D plot of the joint density of the DAX and FTSE daily log returns constructed

from the Gaussian copula and kernel estimates for the marginals.
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Since the F; are unknown, we now replace them by their nonparametric estimators

T

= 1

Frj0) = - Y 1X;<x,  xeR,
=1

leading to the empirical counterparts of U,; = F;j(X,;) given by

Uj=Fri(X;j), j=1,...,d;t=1,...,T
Notice that Tﬁ,j is the sum of all X, ' =1,..., T, with Xy j < Xj,i.e. therank Ry of Xy;in
the sample X1, ..., X7; of the jth coordinates, and the ranks are a permutation of the numbers

1,..., T, almost surely. Now the unknown copula function is estimated nonparametrically
by

T

—~ 1 —~ ~

Cr(uy,...,uq) = T g 1(Fri(Xi1) < ut, ..., Fra(Xig) < uq), ui, ..., uq €[0,1].
i=1

Since IA*“Tl(X”) <ur & Xji1 < 1?7{11 (uy), this estimator can also be written as
1 n
Cr(ur, ..., ug) ==Y 1(Xi < Fz/ 1), ..., Xia < Fr (wa)).
T i=1
The corresponding empirical process
VTICrur, ... ug) = Clur, ... ug)l,  wi,...ug €10, 1],

is known to converge weakly to the Gaussian process

Gce(uy, ... uq) = Bc(uy, ..., uq)

d
aC
—Zﬁ(m,~.-,Md)Bc(M1,.--,Mj—1, Louwjyr, ..., uq),
— ouj
j=1

uy,...,ug €[0,1], as T — oo, where B¢ is a Brownian bridge on [0, 1]¢ with covariance
function Cov(Bc(u1, ..., uq), Bc(u}, ..., u))) equal to

C(min(u 1, u/l), ..., min(ug, ”21)) —C(uy, ..., ud)C(u/l, ey ”21)’
foruy, ..., uqg,uj,...,uy €[0,1].

9.1.2 The financial crisis

From the mid-1990s to 2006 US American house prices increased each year across the whole
country, forming a substantial bubble. During that time the interest rates were low, which
spurred increases in mortgage financing, of course, and house prices, and also encouraged
financial institutions to construct instruments enhancing yields. The bubble was inflated by a
rapid rise of lending to subprime borrowers, which started in 2000. Adjustable Rate Mortgages
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(ARMs) were invented for low-income not credit-worthy people, which would otherwise be
excluded from the mortgage market, and speculators. The ARMs usually offered low teaser-
rates in the first few years and required no down-payment, for example by offering a second
mortgage contract for the down-payment. Sometimes, the borrowers were even allowed to
postpone some of the interest due and add it to the principal. The logic behind these deals was
the expected constant rise of home prices, which would allow the borrowers (or speculators)
to re-finance after a few years by a new mortgage with teaser-rate or sell the house at a higher
price. But the rate of the US house price rise began to decline after April 2005, such that the
possibility to re-finance early was pushed into the future. Many subprime borrowers ended
up with substantially higher mortage costs. As a consequence, the delinquency rate among
home owners of subprime ARMs increased until 2006 to 10.09% - compared to 2.27% for
prime fixed-rate mortgages.

The rise of subprime lending was enhanced by new financial innovations, which trans-
formed mortgages into a standardized financial instrument, a process called securitization.
Two government-sponsored enterprises, which were rated like AAA bonds, heavily engaged
in mortgage lending, Fannie Mae and Freddie Mac, developed mortgage-backed securities
(MBS) in the 1970s, which pooled geographically diversified mortgages into packages and
added some guarantees, making them marketable. In this way, Fannie Mae and Freddie Mac
were able to buy loans across the country from local banks and sell the associated risk to the
risk-eager investors. The local banks were then in a position to expand their mortgage lending
to customers. The basic and fascinating idea of MBS is that the mortgages are repackaged
in tranches with different risk profiles. The funds available to the mortgage market can be
increased substantially in this way. Since a country-wide series of defaults had never occurred
before, these MBS were regarded as rather safe investments. Both enterprises were regulated
and only allowed to deal with conforming loans of borrowers with a credit score above a
certain threshold. But private firms developed MBS backed by subprime mortgages, which
offer higher yields than standard mortgages.

It is worth looking at how MBS are constructed. A MBS transaction has two sides linked
by cash flows. The asset side is the underlying reference portfolio and the liability side consists
of securities issued by an issuer, often a special purpose vehicle (SPV). SPVs are off-balance
sheet legal entities created by the owner of the pool in order to insulate investors from the
credit risk of the originator, usually a bank. The originator sells assets to a SPV that then
issues structured notes backed by the portfolio. The tranches are called senior, mezzanine,
mezzanine junior and equity, to which percentages of losses are assigned. Assume for example
that these percentages are 3%, 4%, 5%, and 85%. The equity tranche has to cover the first
3% of a loss, the mezzanine junior tranche the next 4%, and so forth. When the portolio
suffers a loss of, e.g., 5%, by a defaulting debt, then the equity tranche has to bear 3% and
the mezzanine junior tranche 2%. The other tranches are not affected. In this way, holders of
a senior tranche take less risk than holders of the equity tranche, for example. Further, the
senior tranche has preferred claims on the returns generated by the mortgages; they are paid
first. Once the senior holders are paid, the mezzanine holders are paid next, and so on. The
equity tranche receives what is left. In this way, the riskier tranches are subordinated to the
senior tranche. The higher the subordination, the safer the senior tranche. MBS achieve credit
enhancement by over-collaterization. This means that the face value of the mortgage assets
is higher than the face value of the re-packaged securities. The over-collaterized part is the
equity tranche. In the above example, 3% of the mortgage payments can default before the
higher tranches suffer any loss.
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The re-packaging into tranches does not reduce the risk of the underlying portfolio, it is
only rearranged. The senior tranche is eligible to high investment grade credit ratings, since
they are more or less insulated from the default risk. But the lower tranches are substantially
more risky and suffer from losses rather quickly.

Since around 2000, commercial and investment banks constructed new financial instru-
ments to securitize subprime mortgages, which boomed and fueled the bubble substantially:
collateralized debt obligations (CDOs) package securities backed by mortgages together
with other assets. CDO issuers purchase different MBS tranches and pool them with other
asset-backed securities such as credit card loans, auto loans or student loans. Whereas the
assets of a MBS consist of actual mortgage payments, the assets of a CDO are the securities
that collect these mortgage payments. Clearly, now the risks an investor is taking are less
transparent. CDOs were issued in great quantities in 2006 and 2007. Actually, there were not
enough ABS traded, so many CDOs were backed on synthetic ABS. Before the financial cri-
sis, the issuers worked directly with rating agencies to structure CDOs tranches and purchased
credit default swaps or credit insurances in such a way that they received high ratings for their
CDOs. Actually, the senior tranches of those CDOs were mispriced: The investment banks
purchased BBB mortgage-backed securities with high yields by issuing AAA-rated CDO
bonds paying lower yields. By simply re-packaging cashflows, it was possible to generate a
positive net present value. But when in 2007 waves of CDO downratings hit the market on
a massive scale, since the CDOs were mispriced by the too-simplistic Li model, previously
high-rated tranches became exposed to severe losses. Now, the holders of the CDOs came
into trouble. Investors such as pensions funds that can invest only a certain amount of money
in bonds below triple-A rating had pressure to sell their holdings at any price.

There was a general positive feedback mechanism in effect: When prices increase con-
stantly during a bubble, the net worth of a bank increases when the positions are mark-to-
market. This decreases their leverage. Hence, they aim at making use of their new surplus
capital, i.e. expand their balance-sheet, since it is unprofitable for a bank to be under-leveraged
when prices are rising. This fueled further demand for mortgage-related products. The supply
of subprime assets adjusted to this continuously increasing demand. When the crisis hit, the
leverage sharply increased, the institutions lacked liquidity and had many securities on bad
loans in their books, which were no longer tradeable.

Banks held part of the MBS, CDOs and other debts in structured investment vehicles
(SIVs), which are off-balance sheet SPV created by banks to hold such assets, in order to
leverage their positions more than they could on their balance-sheets due to capital require-
ments of regulators. To finance the SIV’s positions, the SPV issued asset-backed commercial
papers (ABCPs) as liabilities. These instruments mostly had short-term maturities less than
two weeks and had to roll over constantly. However, when the crisis hit, many banks put their
SIVs on the balance-sheet again.

Overnight repurchase agreements (repo loans) became a popular instrument for short-term
borrowing for investment banks. Here a bank takes its assets as collateral in an overnight loan
with another bank. In this way, the financial institutions were linked together so that when
one bank got into trouble, the problem spreads to the other institutions. It is estimated that
overnight repos grew as a share of the total assets from 12% to 25%. In 2007 37% of Lehman
Brother’s liabilities were collateralized borrowing and 22% short positions, and these short-
term instruments were used to finance long-term assets. The drying up of these short-term
liquidity funding, especially ABSPs and repo loans, as a consequence of the mistrust among
the banks has been an important element in the financial crisis.
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A natural idea to enhance mortgage-backed securities and CDOs is credit insurance. In the
1970s, mono-line insurers such as Ambac with strong credit ratings started to back municipal
bond issues. By providing default insurance, the municipals were able to borrow at AAA rates.
Since the default probabilities of municipal bonds were overestimated, the mono-liners took
advantage of ratings arbitrage. This business model was expanded into the housing market by
selling credit default swaps to insure holders of CDOs and other mortgage-backed securities.

Of course, the extensive trading of a certain financial instrument backed on large portfolios
of credits requires pricing formulas to determine their fair value. David X. Li used the Gaussian
copula to model default correlation and proposed to use spreads of credit default swaps in
order to calibrate them to the market. As mentioned above, this became the standard in the
financial industry and was also used by the rating agencies. When the crisis evolved, the CDS
spreads increased rapidly due to the increased default risks of the underlying obligors, which
in turn led to falling values of CDO tranches. The rating agencies adapted their ratings of
CDOs to reality. In June 2007, Moody’s downgraded the ratings of subprime MBS backed by
residential mortgages worth 5 billion US dollars and started to review 184 CDO tranches for
downgrade. Standard & Poors placed MBS worth 7.3 billion US dollars on downgrade watch.

9.1.3 Models for credit defaults and CDOs

Let us start with some elementary calculus. Fix a time horizon T and denote by A and B
the events that two credits, obligors or firms, default. The corresponding probabilities of a
default before time T are py = P(A) = E(14) and pp = P(B) = E(1p). The joint default
is the event A N B that occurs with probability pap = P(A N B). When the defaults are
independent, pap = p4 pp holds true. Otherwise, the defaults are correlated and it makes
sense to calculate the conditional probabilities

PAB PAB

PA\B =, pB‘A =
PB pPA

and the coefficient of correlation p4p = Cor(14, 1p), which is easily seen to be

0 PAB — PAPB
AB = .
Vpa(l = pa)pp(1 — pp)
Suppose we are given n credits from n obligors with face values Ny, ..., N,.Letry, ..., ry,
be the recovery rates, i.e. if the credit i defaults, one still gets the payment r;N;,i = 1, ..., n.
In what follows, the recovery rates are assumed deterministic.

Let
Ty Ty 2 (2, F, Q) = [0, 00)

be the default time of n obligors (borrowers), which may be individuals or firms, and Q
be a fixed pricing probability measure. Further, denote by F and S, respectively, the joint
distribution and survival functions, i.e.

F(.x1,...,.xn)=Q(T] lew--afn fxn)
and

Sty vy xn) = Q(T1 > X1y 00, Ty > Xp)
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for (x1, ..., x,) € R". By virtue of Sklar’s theorem, there exists a copula C such that
F(xt, ..., xp) = C(F1(x1), ..., Fa(xp)),

where F1, ..., F, are the marginal distribution functions of the default times 7y, ..., 7,. Vice
versa, we obtain a model for the joint distribution of defaults, if we select a copula and
marginals F1, ..., F,.

As CDOs are often based on a large number of credits, there is usually a lack of historical
data, which would allow us to estimate (joint) default probabilities. A further issue is dimen-
sionality. n may be very large, which may even preclude the estimation of correlations in
practice. Recall that there exists n(n — 1)/2 pairwise correlations. For example, for n = 100,
one has to estimate 4590 correlations.

In asset-based or structural models, the underlying obligor’s value V;(¢) are modelled. A
default is triggered if V;(r) < K; for the first time, such that in such a model

i =inf{t > 0: V;(t) < K;},

where K; is a transition barrier, i = 1, ..., n. In the same vein, downgradings in ratings can
be modeled by selecting such barriers. Correlated defaults are then a consequence of the
dependence structure of the values Vi(¢), ..., V,(?).

In intensity-based models, one assumes the existence of d non-negative functions
Aly ...y Ag 1 [0, 00) = [0, 0o) such that the survival probability that the ith obligor (or credit)
survives f is given by

t
pi(t) = P(t; > t) = exp (—/ Ai(u) du) , t € [0, 00).
0

Notice that p;(f) is nonincreasing and the corresponding distribution functions are

t
Fit)=1—pi(t)=1—exp <—/ Ai(u) du) , t € [0, 00).
0
We claim that the default times can be assumed to be given by
7, =inf{t > 0: p;(t) < U;} 9.2)

for random variables Uy, ..., U,, which are uniformly distributed on the unit interval [0, 1].
Indeed, recall that for any number p € [0, 1] and any random variable U ~ U(0, 1), we have
P(U < p) = p. Hence, for t; as in Equation (9.2),

P(r; > t) = P(pi(s) > U, s € [0, t])
= P(pi(t) > Up)
= pi(D),

since p;(t) is nonincreasing. Hence,
P(ti < 1) = Fi(1), teR,
fori =1,...,d. Actually, one may replace the U; by

Fi(t), i=1,....d,
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since those random variables are uniformly distributed on [0, 1]. Dependence between defaults
is now introduced by allowing for dependent Uy, ..., U,. The Li model assumes a Gaussian
copula. That means that the joint distribution function of the default times is modelled by a
Gaussian copula Cy, i.e.

P(ty < x1,...,70 < xg) = Co(Fi(x1), ..., Fa(xa)), X1,...,Xx4 € R. (9.3)

The d loans or bonds of the underlying portfolio are assumed to be issued by d companies
(or obligors) with asset value Z;. The one-factor approach assumes now that

Vi = pF ++/1 = p%Gi, 9.4)

where F, G, ..., G4 are independent standard normal Gaussian random variables under
the fixed pricing measure Q, F is a market factor common to all obligors and p € [0, 1]
determines the exposure to the factor F'. For p = 0 the defaults are independent, whereas p = 1
corresponds to the comonotonic case. The random variables G; represent the idiosyncratic
risks of the obligors. Notice that Cov(V;, V) = p,if i # j, and Var (V;) = 1. Consequently,
the random vector (Vi, ..., V,) is multivariate normally distributed with mean zero and a
covariance matrix ¥(p) with diagonal elements 1 and off-diagonal elements equal to p. This
means, p is the between-asset correlation.

Recall that 7; ~ Fj, such that F;(t;) ~ U(0, 1). In Li’s model it is now assumed that the
standard normal random variables V; are related to the default times t; by

Vi = o~ Y(Fi(w)), i=1,...,d 9.5)
Noting that V; = ®~!(Fi(1))) < Fi(t;) = ®(V;), we obtain

P(ty <x1,...,7¢ < xq) = P(Fi1(11) < F1(x1), ..., Fa(ta) < Fy(xg))
= P(V; < @7 (Fi(x)), ..., Va < & (Fa(xa)))
= Cxp(F1(x1), . .., Fa(xq)).

This means that the joint distribution of the default times is given by (9.3) with Cy = Cxy).
Notice that for this argument the validity of Equation (9.5) is not needed. It is sufficient to
assume that

d -
Vi, oo Va) S (@7 EI@D), o @7 (Fa(T)-
The conditional default probability at time ¢ given Fcan be calculated as follows.

pitlV) = Q(t; < 1|F)
= Q(F7'(®(V)) < 1|F)
= Q(V; < @~ N (F(t))| F).
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Now use the model Equation (9.4) to conclude that

pit|V) = Q(oF + /1 — p2G; < N (F:(1)|V)

OY(F(t) — pF
= Gi< ———2__ "
¢ ( S Vip )

_ o Q) — pF
- Vi-p? o)

To price CDOs using the above model, the correlation p needs to be estimated. A common
approach is calibration. Here, the parameter is selected such that the model price matches the
market prices of credit default swaps.

The simplicity of a Gaussian copula model made it very attractive for the financial industry
and it was quickly adopted and became a de facto standard. Having only one parameter, it
can be easily calibrated to market prices, allows us to price large portfolios and enables fast
computations. But it has a couple of severe drawbacks. The modeling of (joint) defaults is
inadequate. Defaults tend to occur in clusters. If one company defaults, it is likely that other
companies default as well, for example since they have the same business, or a similar exposure
to external risks that caused the default.

Even worse, under the Gaussian copula, the defaults become independent as the size
of default increases, in the sense that the upper-tail dependence vanishes, which is defined
as follows. Let 71 and 7, be default times with marginal distribution functions Fj and F>,
respectively. Provided the limit exists,

d= lim P(Ty> F ' (@ITi > F\(9))

p—1—

is called the coefficient of upper tail dependence. 77 and 7, are called asymptotically
independent in the upper tail, if 4 = 0. The coefficient d depends only on the copula.
For a Gaussian copula with correlation less than one, one can show that d = 0. This means
that under the Gaussian copula, extreme events look independent, whatever the value of the
coefficient of correlation.

9.2 Local linear nonparametric regression

Let us consider the following general framework for nonparametric regression, which extends
the setup studied in previous chapters. It is assumed that {(Y;, X;) : t € N} is a discrete-time
process satisfying

Y, =m(Xy) + &,
€ = o(Xp&;,

where Y; is an univariate response variable, X; d-dimensional regressors, d € N, {&} is an
innovation process with

EGIX)=0 and E(§IX;) =1,
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o :R — (0,00)andm : R — R functions, o(x) continuous and m(x) a function whose partial
derivatives of order p + 1 for some p € N exist and are bounded. Let us introduce the filtration

Fo={0,Q}, Fr=0s_1,Xs:5 1), t>0
and notice that
E(Y X, = x) = m(x) + o(X) EG|X; = x) = m(x)
as well as
Var (Y| X, = x) = 0> () E (£} |X; = x) = 0*(x),

almost surely. This means, m(x) is the regression function and o (x) the conditional volatility.

9.2.1 Applications in finance: Estimation of martingale measures and
It6 diffusions

The above framework is general enough to cover many important estimation problems arising
in finance: The estimation of risk-neutral densities (equivalent martingale measures), esti-
mation of nonparametric models for autoregressive conditional heteroscedasticity and the
estimation of discretely sampled diffusion processes.

Example 9.2.1 (ESTIMATION OF THE RISK-NEUTRAL DENSITY)

Recall from Chapter 1, Section 1.5.8, that the risk-neutral density ¢7(x) of the stock price St
at time T is related to the arbitrage-free price C.(K) of a European call on the stock with
strike price K and expiration date T via

PC(K)
9Kz o7 (K).
Given a sample Cq, ..., C, of option prices with maturities K1, ..., Ky, write
Ci =m(K;) + ¢, i=1,...,n,

where m(K;) = E(C;|K;) and €¢; = C; — m(K;). Then we are led to the problem to estimate
the second derivative m™ (x) from the sample (C1, K1), ..., (Cy, Kp,).

Example 9.2.2 (NoNPARAMETRIC ARCH MODEL)

Let R; =log(P;/Pi—1), t =1,...,T, denote the log returns of price process {P;} that is
observed at T equidistant time instants. Let us assume that { R;} form a stationary time series
with mean zero and assume a nonparametric ARCH model of order p € N,

Ri=o(Rr.....R ))&  t=12.,
where & are random variables, independent of
Fi—1 =0(Ri—1, ..., Ri—p),

with E(&) = 0 and E(Stz) =1, forall t, and o(x1, ..., xp) is a smooth function defined on
[0, 00) x -+ x [0, 00). Note that 6(R;—1, ..., R,_p) is the conditional volatility given the
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past Fi—1 = 06(Ry—1, Ri—2, ...). Consider

R? = 6*(Ri—1, ..., Ri—p)El, r=1,2,....

Then
2 _ 2
E(R; |-7:t—1) =0 "(Ri—1, ..., Rt—p)a
and we may estimate o*(x1, .. ., Xp) by using the model
2 __ 2 —
R =0(Rts....Rip)+&,  1=1,...T,
where €; = R,2 —o2(R;_1, ..., R;—p) have conditional mean 0.

Example 9.2.3 (NONPARAMETRIC ESTIMATION OF ITO DIFFUSIONS)
Let {X(t) : t = 0} be a stationary ergodic It6 diffusion, that is a stationary ergodic solution
of the stochastic differential equation

dX(®) = uw(X(0)dr + o(X(1))d By,

where X(0) is distributed according to the stationary distribution . Recall Section 6.7 for a
discussion of this class of processes, sufficient conditions for stationary and ergodic solutions
and many examples. The Euler approximation scheme with time step A > 0,

X, = X(tA), t=1,2,...,
leads to the equations
Y, = w(Xi—1)A + o(X,— )V Ae, r=1,2,...,
where
Y, =X, — X,—1, t=1,2,...

is a stationary time series.

9.2.2 Method and asymptotics

Let us first assume that X, takes values in R. We aim at estimating m(x) for some fixed x. Let
us approximate m(x) by its Taylor polynomial around x,

P ®
MOED PR UEEY

k=0

Fix some univariate smoothing kernel K and a bandwidth 4 > 0. The local polynomial
estimator of m(x) and its derivatives m/(x), ..., m‘P(x) are defined by

mr(x) = 8r0(x),

AR = kSp(), k=1,...,p,
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where 87(x) = (810, .. ., d7p) With
~ L P . ’ X —x
Sr(x) = argming, 5 \cpot Y Y,—Za,-(x,_x)f K( g )
=1 j=0
Define
I Xi—x X1—x? -+ X1—xF
X: . . . . ’
1 Xr—x (Xr—x? - (Xr—x7

Y=1,..., Y1),

w s (1 (2170) ok (7)),

Then ST(x) is a solution of the linear equations

(X'WX)87(x) = X' WY
and allows the explicit representation
Sr(x) = (X' WX)" ' X'WY.

Notice that X'WX = (q; j)i,j is a Vandermondsche matrix with entries a;; =
ZzT=1 K(X’h_x)(X[ —x)*tJ, 1 <i,j<p+1. Thus, it is almost surely regular, since
the X, are continuously distributed.

In what follows, we confine ourselves to the local linear estimator given by p = 1, but
allow for the multivariate case, thatis d > 1. To define the smoothing weights, we shall again
use the product kernel K (u) = H[;:l Luj),u=uy,...,ug) € RY, see Equation (8.11), for
some univariate smoothing kernel L satisfying Assumptions (8.9) and (8.10).

Assume that the regression function m : RY — Ris of the class Cg and consider the Taylor
expansion

1
m(X) =mx) + Vm@x)(X; — x) + 5 (X — x) Dm(x)(X: — x) + o(| X; — x|1*),

where Vm(x) denotes the gradient and Dm(x) the matrix of second-order partial derivatives.
Observe that

1\ 1
m(X,) = (X x) ?Hx) + E(Xt — x) Dm(x)(X; — x) + o(| X; — x||*),
.

where

. m(x)
x) = (Vm(x)) '
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The local linear estimator of J(x) is defined by

T X X 1 / 2
. ‘ -
97(x) = argming, 2 Z K ( - > (Y, — <X B x) 19(x)>
=1 t

and attains the explicit representation

It turns out that the matrix in brackets converges to a regular matrix, in probability, if we

multiply it with the diagonal matrix Qp(x) with entries 1, hl_z, ey h;z. Recall the formula
On Zszl wrasa, = Zszl wya,(Qpay) for arbitrary scalars w; and vectors a;, t =1, ..., T.
This leads to

- 1 <& X, — x 1
dr(r) = A7 () - th( th ) (X,X> Y, (9.6)

=1 h?
T
1 Xt — X 1
AT(x)zz:K( ) <X[_ )(1,X,—x) 9.7)
Th =1 h hZX
1 & X, —x (X —x
T pa K h X;l;x (Xt—x;l(;(r—xy ’ ©-8)

which will be the starting point for the asymptotic analysis. Here and in the following /7 is
understood element-wise such that

X —x (Xn‘ —x,-)d
W h12 i=1 '
It turns out that the convergence rate of the intercept differs from the rate for the slopes.
Precisely,
() D71(x)is «/Thy - - - hg-consistent for 8;(x) = m(x); whereas
(i) D7r2(x)is /Thy -~ hgdiag(hy, ..., hg)-consistent.

Here, 5T = (§T1, zA?’Tz)’ , thatis 571 estimates the intercept, whereas 1§T2 estimates the slopes.
The right scaling matrix is therefore the diagonal matrix with those elements,

Hr = diag (\/Th1-~-hd, VThy - hghi, . .. \/thn-hdhd).
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We are now in a position to state and prove the following result on the asymptotic normality
of the local linear estimator. The theorem works under the weak assumption that the central

limit theorem for smoothing averages holds true.

Theorem 9.2.4 (CENTRAL LiMIT THEOREM FOR LOCAL LINEAR ESTIMATION)
Suppose that {(Y:, X;) :t = 1,2, ..., } is a stationary and ergodic L time series such that

the random vectors
1
X,—x €;q, t:1,2,...,
h2

where €; = Y; — E(Y;|Xy), satisfy a central limit theorem in the sense that

1 T Xt_x 1 d
UT(x)_m;K( - ><Xth_x>et—>N(O,V), (9.9)

as T — oo, for some matrix V, and

d
maxhj=o(l)  and  Thy---ha» hj=o(l).
J -
j=1

Suppose that the third-order partial derivatives of f exist and are bounded and that f has
compact support or K is bounded and compactly supported. Then

Hy <5T — 9(x) — (5’“)) 4 NO, AT V)Y,

as T — oo, where

d
bi(x) = Y him? (0 f ()L,
i=1

1
A7l = /) ) ON ) (9.10)
=VfW/f(x) /(L2 f(x))

and

. <Z§a2<x)/f(x> 0 )
0 Ly Loa /(L3 () )

with Ly, = [ u?L?(u)du.

Proof. First, notice that the weak law of large numbers for kernel smoothers, that is
assertion (8.23) of Theorem 8.5.8, which easily extends to the multivariate case, holds true
for the functions ¥(X;, x) = X; — x and ¥(X;, x) = (X; — x)(X; — x)/, since {X,} is ergodic
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by assumption. In the proof we shall frequently make use of this fact that implies that

1 & (X — 1 -
JWESK(’hx)wazw:i/hK<Zhx>¢mxv@mZ+mﬂ>

=1

Next, observe that straightforward algebra of Equation (9.6) shows that
Hr(D7(x) — 0(x)) = A7 (0){Ur(x) + Hr Br(x) + Hr Ry (x)}, 9.11)

where Ur(x) is defined in Equation (9.9) and and

1 Lo (Xi—x 1\ 1 )
Br(x) = m Z K <h> X,—x E(Xt — x) Dm(x)(X; — x)

h2

T
1
R = —
r(x) Th]~-~hdz

t=1

>
7N
x
=1
=
N———
VR
=
9|

1
x)mm—w%

We shall show that
1) Ar(x) £ A(x), as T — oo, for some invertible matrix A(x).

Hr1(bp(x) + o(1) + op(1))
, where
Hro max j hj 4+ op(1)

H 0
HT — T1
0 Hpp
with Hyy = «/Thy---hg and Hyp = /Th - - -hddiag(hl, oo hy).
(iii) HrRr(x) = op(1).

(ii) HrBr(x) = (

Noting that Rr(x) is, of course, of smaller order than Br(x), (iii) follows easily and thus we
omit the details. Notice that (ii) and (iii) imply that

~ b
Hr <19T(X) — 0(x) — <Oh(x)>> = A7 (OUr(x) + op(1),

as T — oo, which together with (i) and Equation (9.9) then yields the assertion, by virtue of
Slutzky’s lemma. Let us now start with (i). We have to show that the sequence, Ar(x), T > 1,
converges to some regular matrix A(x). Let us partition Ar(x) as

ar()  fr()
A == )
e (wm &m)
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with
T X X
ar(x) = - EK( - )
T X;—x
Br(x) = ZK( o )(X,—ao’,
I:l
T X, —x\ (X —x)
Y1 = F—— ZK(‘h ) =,

1 T X, —x\ (X; — )(X; — x)
(sT(x):Thl_._hde( & x><, x/>1<2, X

Clearly, ar(x) = f(x),as T — oo, in probability. Let us consider the element (i, j) of §7(x).
The usual substitutions u; = (z; — x;)/h;, L =1, ...,d, lead to

1 Xy —x\ Xoi —x;i Xyj — x;
S0 = —— STK '
( T(x))t,/ Thy---hy Z < h > h; hj

=1
1 (Z—X)Zi_xl'Zj—Xj

= f(@dz+op(1)

[ ()5

:/K(u)uiujf(x+hu)du+0p(l)

>

= / K@)uiu;[ f(x) + V f(x)hu + (1/2)(hu) Df (x)(hu) + r ¢1du 4+ op(1).
Here and throughout the proof, we make use of the third-order Taylor expansion
fx+hu) = f(x)+ V f(x)hu + (hu) Df (x)(hu) + r¢ (9.12)

with remainder ry = O(E‘;zl h?), see the formulas and arguments provided for Equa-

tion (8.21). Recall that
Z ) | = .5
/u,-qu(u)du = 2 l J
0, i+#]

Further
d
/K(u)uiuij(x)hu du = th Bg(x) /K(u)u,-ujuk du
k=1 k
i ASY K(u)uizuj j 8?;()() K(u)u?u,' du
) X

_Jo, i #J,
| O(max{h;, h;}), i=h.
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Since f(x) f K@)uujdu = f(x)ZQ(SU as well, where 8;; = 1(i = j) denotes the Kronecker
symbol, we arrive at

1)) = fWL2 + o(D).
Hence,
87(x) = La f(W)L2 + o(1) + 0p(D),
as T — oo. Consider now the kth element of y7(x). We have

T
1 X[ — X X[k — Xk
=— YK
(VT(X))k Th] T hd ( A ) h%

t=1

1 / 1 <z—x> Ttk — Xk
=— K f(@)dz +op(1)
d
hi [Tj=1 1) h hi

1
= E/MkK(u)[f(X) + V f()hu + (1/2)(hu) Df (x)(hu) + r gl du + op(1)

- i / K@)V f()hu + (1/2)(hu) Df ()(hu) + r ¢l du + op(1),

since f ux K(u)du = 0, which implies that the term involving f(x) vanishes. Further

d
1
O<hk/|ukK(u)|durf> =0 ;hf = o(1).

Itremains to analyze the terms involving the linear and quadratic terms of the Taylor expansion.
Using

d
1 hi 9f(x)
m /ukK(u)Vf(x)hu du = ,; E: o ug ;K (u) du
af (x)
= %/M%K(u)du
_ of (x) Zz
Xy
and
L e Ky DF )y du = (1),
2hk
we obtain

yr(x) = LaV f(x) + o(1) + 0p(1),
as T — oo. Noting that 8r(x) = hzyT(x)/ , we obtain

Br(x) = o(1) + op(1),
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This establishes part (i) of the proof, namely

Ar i; A= {(X) 0 ~ .
LaVf(x) Taf(x)La

Obviously, A is regular and its inverse is given by Equation (9.10). Let us now verify (ii). To
do so, consider the first component of Hr Bj,(x). We have, using the usual substitutions
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(HrBr(x)1 = \/Th; - hdzT Z

3 ( ’h_ x)(xf—x)’Dmu)(X,—x)
] 1

X —x\ Xi—x; X4 — x5
(2) t fi i Atj i
=+/Thy---hg m; (X) ( ) ,
l]z:l Z Hk +i,j hk h hi h/
d
=\/Thi---ha Y {mg?(x)h,-hj/K(u)u,-ujf(x + hu) du +0p(1)} ,
i, j=1

where Dm(x) = ( (2)(x)) , since

1 (z—x> i — X Zj—Xj
K f(2)dz
/Hf#,,-hk h hi hj

= hihj/uiqu(u)f(x + hu)du.

Again, plugging in the Taylor expansion (9.12) and noting that the leading term matters, we
obtain

(HrBr(x)1 = /Thy -+ hg Z m (x) {hih jf ) / it K () du +op<1)}
i,j=1

hthz P { f0L +0p(D)}

Consider now the kth component of Hr Br(x) for k > 1. We have
T
1 1 Xi—x\ Xa—x 1 @
VThi - hahis K( ) 5 72<Xz,—x,)m OXsi = x)
tlHllhl h h 2;‘,]'1
| & 1 T—X\ Zk— Xk Zi —Xi 2 — Xj
= Thy - hg= S " hih; K( ) FZ MGG TN f)dz + op(l)
: "2Z ’{ I1¢ h he  hi  h d

I=1j hy
1
= /Th, ohay > {hfhj/K(u)u,-ujuk [f(x) + V f(x)hu + O (th) du +0p(1)}
i, j=1 l

d
=\/Th, hd% Z {hihj/l((u)uiujuk [Vf(x)hu +0 (th) du +0p(l)} )
i j=1 1
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As a preparation for the final estimates of the terms involving the linear term V f(x)hu, observe
the following fact. If d = 1, then i = j = k, yielding [ uujuxKu)du = [ L(#)dt =0
since fEK AL dt = — fOK Z3L(r)dt for any K > 0. Otherwise, if i # J, either i or j differs
from k and we can first integrate w.r.t. that index yielding [ u;u juxK(u)du = 0, and if i = j
we can find some 1 < v < d with v # i = j and argue the same way. We obtain

d
h,-hj/uiujukK(u) <Z ajapj(;)hlm> du
=1

= hih; Zhlaf( %) uin jug K(u)u; du

= h;h; Z hlaf(x) /u ujuru K(u) du

1€di, j,k}
= O (hihjmax{h;, hj, hi})
= O(max {h;, h3})

Summarizing the above arguments, we may conclude that
d
1
(HrBr(o) = V/Thi - haz > o) +0p(D} = V/Thy - ha(0 + 0p(1),
i, j=1
since

o|Th -- hd/|u,u ukK(u)|duZh2 =

j=1

which completes the proof.

Theorem 9.2.4 provides the right asymptotics of the local linear estimator for any time
series that satisfies the smoothing central limit theorem (9.9).

Theorem 9.2.5 Assume that €, = Y; — E(Y;|X;) forms a series of i.i.d. random variables

with E(e%) < 00. Then Equation (9.9) holds true with
L4 VL4
V=0t | - S

/ 1L,L57" W

where W is a d-dimensional matrix with diagonal elements equal to Zng_l and off-diagonal
elements L’2171 (fuL*w) du)z.

Proof. 1t is easy to verify that Theorem 8.5.4 also holds true for random vectors. Hence,
it suffices to show that

T

Vr = Vi 1 ZK<Xt_x> :
= ar €
r JTh - hy Tha h X—x !
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converges to V, as T — oo. We have

I N s AV AR (X, — x)
e (2 05 () (-25)1
1 X1 —x 1 (X1 —x)
:h1---ha’EX1E<K2< 1h )(thx> <11h) E(EﬂX]))
_ 1 2({2—X 1 z—x)\ ,
_h1-~hd/K ( h )(76) <1, h )o(z)f(z)dz

:/Kz(u) (l) (1, u")(o? f)(x + hu) du.
u

Noting that K?(u) = H‘;:l Lz(uj), u= (uy,...,ug), wehave
d
/ K*(u)(0? f)(x + hu)du = / H L2 u)@? f)(x + hu)duy - - - dug
j=1

d
= (0* f)(x) ( / LA() dt) +o(1),

by d iterated applications of Bochner’s lemma. Indeed, notice that f K2(u)(0? f)(x + hu) du
equals

d
/HL(MJ) [/ L2(u)(0? f)(x1 + hyuy, x4 hauy, ... ., ug +hdud)du1] dus - - - dug,
=2

where the expression in brackets converges to (ozf)(xl , X2+ houa, ..., ug + hgqug),ashy —
0, and so forth. Further, fork =1,...,d

/Kz(u)uk(azf)(x+hu)du = (azf)(x)/ukLz(uk)duk H /Lz(uj)duj +o(1)
j#k

d—1
= (0> f)(x) / tL*(r) dt ( / Lz(t)dt) + o(1),

as well as

/ Kz(u)uiuj(azf)(x + hu) du

B {(a2f>(x) [ L) du [u;L2u;) ([ L2y de) ™, i,
~lernw (f Lz(t)dt)d_1 J2L@)dt, i=].

Recalling that L, = [ #2L(t)dt and L, = [ L?(r) dt, the assertion follows now easily.
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9.3 Change-point detection and monitoring

Since the true finite-dimensional distributions of time series as arising in finance are unknown,
inferential procedures have to rely on large sample asymptotics, both for parametric and
nonparametric approaches. The common setting studied extensively throughout this book is
to assume that we are given the first 7 observations X1, . .., X1 of an infinite one- or two-sided
time series

X1, Xo, ... or o X1, Xo, X1, - -

of random variables are at our disposal, where T is large. Then, a statistic Uz (X1, ..., XT)
is calculated, for instance to conduct a statistical test, and its distribution is approximated by
applying a central limit theorem in order to determine quantities of interest such as critical
values, confidence intervals or risk measures.

Since usually the nth observation X, is available to us with negligible delay, this means
that in the classical setting one waits 7 units of time before one applies an inferential procedure
once at time 7 to make a decision. However, often the same decision could be made much
earlier and many financial tasks such as risk monitoring of traders, portfolio management for
clients, liquidity management or the handling of risks by initiating hedges, selling risks or
closing positions, demand for pseudo-continuous actions taking place on a sufficiently small
time scale.

In such situations, monitoring procedures are in order, which analyze a data stream
X1, X2, ... sequentially. At each time ¢ the available sample X1, ..., X; of size ¢ is ana-
lyzed, usually by calculating a so-called control statistic, and, depending on the observed
value of the control statistic, one decides to either continue monitoring (no action) or give
a signal to trigger a measurement. Here an analyst, trader, portfolio or risk manager is only
involved when such a sequential monitoring procedure gives a signal, in order to decide how
to react, but can focus on other issues as long as no signal is observed. In this way, the sequen-
tial approach is very attractive, since it allows for automatic monitoring of a huge number of
financial instruments, positions or portfolios.

A further important aspect of financial data has to be taken into account. Real financial
time series are often non-stationary, for they represent quantitative measures of economic
relationships and entities. At best, one can assume that they are stationary over short time
intervals. In this case the time series X1, X3, ... can be decomposed in blocks

Xi,o s Xg—1 Xgpooos Xgots Xgpo oo Xgamts -+

in such a way that the observations in each block are weakly or strictly stationary, but any
subset containing observations from two or more blocks leads to a non-stationary series. In
this situation, g1, g2, ..., qr are called change-points. L may be infinite, but usually one
assumes only a finite number of change-points.

The change of the marginal and/or finite-dimensional distribution or induced functionals
such as autocovariances can have many specific forms. The basic change-in-mean model
assumes that the expectation changes at a change-point such that the mean function m(¢) =
E(X;),t > 0, is a piecewise linear function.

m(t) =y milig,g)(®, (9.13)

i=0
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where mg, my, ma, ... are real numbers and gop = 0. Here, we ignore the X, with ¢ < 0, since
this part of the time series simplifies the mathematical treatment, but cannot be observed in
practice. It is natural to embed the case of no change into the model. This can be achieved by
allowing for m;, = mg forall r € N and g; € Ny for all ;.

It is worth mentioning that various other change-point models can be transformed to the
change-in-mean model. For example, if {Z,} is a mean zero time series, a change-point model
for the lag / autocovariance,

yo(h), t<4q,

(h) = E(Z:Zy4n) =
v T ) + Ay, 124,
for some autocovariance function (k) and a function A(k) # 0 such that (yy + A)(h) is an
autocovariance function as well, can be analyzed by the above change-in-mean model, if one
defines

X[:ZtZt-i,-h, tZ 17

since then E(X;) = yz(h) for all ¢.

Returning to the basic change-in-mean model (9.14), notice that the model can also be
interpreted as follows when m # mg: After the (first) change-point ¢ = ¢; the mean func-
tion is a piece-wise linear function. However, often it is more realistic to assume that the
mean function belongs to a more general class of functions. The change-point setting can be
subsumed under the following model for the mean function m(¢) = E(Y;),

m(t) = moljo,q)(t) + m*()1[g,00)(2), (9.14)

for some function m* satisfying m*(g+) # mo.

9.3.1 Offline detection

Suppose we are given a sample X1, ..., X7 and aim at testing whether there is a change-
point where the (marginal) distribution of the observation changes. Before focussing on the
change-in-mean problem, let us briefly consider the general case. Let us assume that

X; ~ fo(x), t=1,...,k—1,
X: ~ filx), t=k, ..., T,

for two different densities. In what follows, we assume that f and f] are Lebesgue densities,
but the results can be easily extended to the general case of densities that are dominated by a
measure u. As before, k is assumed to be an unknown, fixed and nonrandom change-point.
The likelihood ratio statistic for that problem is given by

[Toi foX) Ty kX0 _ ﬁ AiXo)

T ITii fo(Xo) 00

on the set A = {]_LT=1 fo(X;) #0} and A7 =0 on A°. Notice that Py(A) = 1, where
Pp indicates that the probability is calculated assuming that X; by fo for all ¢. The
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likelihood-ratio (LR) test rejects the null hypothesis
Hy: k=00 (nochange)

in favor of the alternative hypothesis of a change at time k > 0, if A7 attains large values,
that is the corresponding statistical test is given by

¢Lr = 1(AT > 0©)

for some critical value c. The question arises whether the test ¢ g is optimal in the sense
of maximizing the power Py(¢ = 1), where Pj indicates that the probability is calculated
assuming the change occurs at k € {1, ..., T}, among all statistical tests ¢ operating at the
same significance level Py(¢ = 1).

We need the following change-of-measure lemma.

Lemma 9.3.1 Let A be a measurable set. Then

Eo(AT1s) = Ex(14) = Pr(A)

and

Eo(A7Y) = Ex(Y),
for any random variable Y that is measurable with respect to (X1, ..., XT), where Ej
indicates that the expectation is calculated assuming that X1, ..., X1 ~ fo.

Proof. We have

Eo(AT1 )_/ d fl(xt)ﬁf(x)dx o
0 TLA) = At:k fO(X;) — (1A% 1 T
k—1 T
:/ Hfo(xz)Hﬁ(x,)dxl...dxt
A= t=k
= Ex(14)
= P (A).

Similarly,

k—1 T

Eo(A7Y) = / 1T st

t=1 t=

S1(x)Y dxy - - -dxr = Ex(Y).
J

Here is an elegant and simple proof of the optimality of the LR test.

Theorem 9.3.2  Let §: (2, F, P) — ([0, 1], Bjo.1)) be an arbitrary randomized statistical
test. If o1 g and & operate on the same significance level, that is

Po(Ar >0)=P8=1) =a,
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then ¢ g is more powerful than § in the sense that

PuAr >c)= P (6 =1).

Proof. Notice that forall x, y e R
(x =y >y)-48=0
holds, since § attains values in [0, 1]. Apply that inequality with x = A7 and y = ¢ to obtain
(Ar — o)I(AT > ¢) = (AT — ¢)8. (9.15)
But this implies
Eo((Ar — o)X(AT > ©)) = Eo(A1é) — Eo(ch),
that is
Eo(AT1(AT > ¢)) — cPo(AT > ) = Eo(A18) — cPo(6 = 1).
By virtue of the preceding lemma
Eo(A7d) = Ex(d) = P8 =1)
as well as
Eo(ArH(Ar > ©)) = Ex(@LR) = Pr(¢pLr = D).
Hence, Equation (9.15) is equivalent to
Pi(prr=1)—cPoy(Ar > ) > Pr(§=1) —cPy(6 = 1),
which in turn is equivalent to
Pprr =1 = P8 =1),
since Py(¢prr = 1) = Py(§ = 1) by assumption.

The LR test requires to know the pre- and after-change distributions fj and f7, which is
rarely the case, since otherwise one can not calculate the test statistic. A common approach is
to investigate for a specific problem the LR test statistic assuming that the observations follow
a certain idealized model such as the normal law. Then one tries to establish appropriate limit
theorems that are also valid for non-normal observations. This allows us to make approximative
probabilistic calculations, for example in order to obtain critical values or make assertions on
the power. In a last step, one investigates whether such approximations can also be derived for
dependent time series, perhaps after some appropriate modifications, which is of particular
concern in the analysis of financial data.

In what follows, we shall study the change-in-mean problem and tentatively assume that
the X, are independent normal variables with means u; = E(X;) and common variance ole

(0, 00). Then, the change-in-mean change-point testing problem addresses the no-change null
hypothesis

Ho:py=---=pr,
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which we aim at testing against the composite alternative hypothesis
H:py==u—1#puk=---=ur forsomel <k<T.
If there is a change, it occurs at some fixed k. Thus, consider the testing problem
Hp : no change against Hl(k) : change at time k.

The associated likelihood ratio statistic is given by

= Ly(Xy,...,X7)
Li(Xq1,....,X7)
where
k—1 T
LeX1, ... Xr) = sup  [ToXe = un [T = p2)
wrp2€R 1=k
is the likelihood of the alternative, that is the joint density of X1, ..., X7 maximized over the

pre- and after-change means 1, u2, and

T
Li(X1,..., X7) = sup [ [ (X, — 1)
neR ;g

the corresponding likelihood for the null hypothesis. Here and in what follows, ¢(x) =
®(u,0)(x) denotes the density of the N(0, o2)-distribution.
Recall that products of the form

ﬁ 1 (b—a+1) 1 Zb: s
o(X; — ) = ( ,—> CXP{_Z (Xi — ) },
t=a 27‘[0’2 20 t=a

forl <a <b < Tandu € R, are maximized (in ©) by minimizing Zf:a(xf — u)z, the least

squares criterion, leading to the unique maximizer b_:;ﬁ Zf:a X;. Hence, with the notations

k T
— 1 — 1
Xy =— Xy, X T= Xy,
k=70 X iyt = > Xi
=1 t=k+1

we obtain the formula

I o = X Tt 0Xd = Xes )
[T e(X, — X1)

To proceed, we shall consider the log likelihood ratio statistic

A(X1, ..., XT)

(X1, ..., X1) = log Ap(X1y, ..., X7).

Lemma 9.3.3 The log likelihood ratio statistic allows the representations

(X X)—1 T si— K ’
WL AT = S T ok T 7T
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and
k 2
(X X7) = : d > (X —Xr)?
k | ERR) T _20'2(T—k)k pr t T )
where
k T
Sc=) X and  Sginr= ) X
=1 t=k+1

Proof. The calculation is a slightly involved chain of simple manipulations. First, notice
that by taking the log, the factors involving +/27o cancel, such that [ (X1, ..., X7) equals

k T T
1 - — —
o7 {— S X =X = Y (X = X)) (X - XT>2} : (9.16)
=1 t=k+1 t=1
Using simple identities such as
2Surnr X, _ g d kX; =87
kDT READT = S+ 1):r A0 k= ok

and collecting terms, we see that the expression (9.16) is equal to

1 2 1\ ., 2 1 5 1,
202 Wk k)7 g ) S T 0T g

Now use S(2k+1):T = (St — Sp)? = S% — 28, St + S,% and collect terms to arrive at

(X X)—1 1+1 Y ! ! Y 255
R 2 =02 \\k "TT—=k )% T\ T T =%)T T T Z)FT

1 T o ko 2 o
22\ (T =k F @ =k T T Tk

_ 1 T s2 552 2555
T2 (T —kk kT T T T

Hence,

WX xn= T (g Kg 2
AL 2 =2 =k \* 1)

The above facts lead us to the maximally selected weighted CUSUM statistic

k
T _
C¥ = ma _— X:—Xr1),
= 0 k(T—k);(’ 7

or the unweighted version

k
- X, — Xp).
Cr 12%;( :— X1)
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Both statistics can also be used when the observations are non-normal. Indeed, the limiting
law turns out to be a functional of Brownian motion, for any time series { X;} that satisfies a
FCLT. As a preparation, let us consider the following fact.

Lemma 9.3.4 Suppose that {X;} satisfies a FCLT in the sense that

LTu]

1
S =—> X, 0, 1],
7(u) ﬁ; ' u € [0, 1]

converges weakly to nB(u), as T — oo, for some constant n € (0, 00) and standard Brownian
motion B. Then
[Tu]

Brin = —= > (X = Xr1) = nB(w),
t=1

as T — oo, where
B%(r) = B(t) — tB(1), t€0,1],

is a Brownian bridge.

Proof. Notice that
[ Tu] [ Tu] T
1 _ 1 \Tu] 1
— SN X-Xp=-—7-Yx,-——Yx
ﬁ t=zl( t T) ﬁ I=ZI t T ﬁ I:ZI t
[7u]
= St(u) — TST(l).

But the latter expression converges weakly to nB(u) — unB(u) = nB%(u), by an application
of the continuous mapping theorem.

From Lemma 9.3.4 it is only a small step to a general limit theorem for the (weighted)
CUSUM statistic.

Theorem 9.3.5 Suppose that {X;} satisfies a FCLT in the sense that
[Tu]

1
Sr(u) = 7F > X uelo.1],
t=1

converges weakly to nB(u), as T — oo, for some constant n € (0, 00) and standard Brownian
motion B. Then,

BO
Cy = sup nB W

uefo.1] Vul —u)’
and

Cr = sup nB),
uel0,1]

as T — oo.
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Proof. We show the result for C7. Notice that Ci'(u) = 0 for u € [0, 1/T). Hence,

k
T _
W= — ) (X, -X
=\ kT 0 ;( ¢~ X1)
T [Tu]
= sup —— ) (X, — X7)
wetty ) \| [Tul(T — | Tu]) ; o

BY(u)
up N
uell/T,1] 8r(1)

where

\Tu] T — [Tu]
T T

gr(u) =

and
[Tu]

1 _
BY(u) = 7 ;(Xt —X1)

is the process we studied in Lemma 9.3.4. We have B} = 1B, as T — oo, and

lim sup |gr(u)— g(u)| =0,

T—00 ¢[0,1]
where

gu) = v/u(l —u), u € [0, 1],

is a deterministic function. Hence, (B(%, gr) = (nBO, g), as T — oo, jointly in the product
space D([0, 1];R) ® D([0, 1]; R), and the continuous mapping theorem yields

0 0
By _ B
8r 8

3

as T — oo, in D([0, 1];R), since BO(O) = Bo(l) =0, a.s., such that nBO/g is well defined
for u € {0, 1}. A further application of the continuous mapping theorem shows that

BY(u) nB°(u)
sup sup ,
uef0.1] &r()  ser0,17 &)

as T — oo, which completes the proof.

In practice, the parameter 7, the long-run variance, is unknown. However, it can be es-
timated from X1, ..., X7 by the Newey—West estimator 77, see Equation (8.28). Assuming
that the assumptions of Theorem 8.8.6 are satisfied, one may divide the statistics C7 and C¥,
respectively, by 77, and then use the above limit processes with n = 1. In other words,

w BO
TT = sup @
nr

wefo1] Vul —u)’
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and
C
A—T = sup Bo(u),
nr uel0,1]

as T — oo.

Let us now study the above tests under the alternative hypothesis that there is a change-
point g = | 7| where the mean changes from u to u 4+ A for some constant A #* 0. Now
the model for the observations X1, X5, ... is

Xi=p+ Al gq1, (1) + €, t=1,2,..., 9.17)

where {¢;} is a mean zero time series satisfying a FCLT. We have seen that the process Br(u)
defined in Lemma 9.3.4 governs the statistics Ct and C7. The following proposition reveals
its behavior under the above alternative model.

Proposition 9.3.6  Suppose that {€,} satisfies a FCLT in the sense that

[Tu]

1
S = =D & ueld1l
t=1

converges weakly to nB(u), as T — o0, for some constant ) € (0, 00) and standard Brownian
motion B. Then under the model (9.17), the process

L7u]

Br(u) = —— Y Xi—Xp),  welo1],
VT 5
satisfies
Br(u) — 87(u) = B°(w),
as T — oo, where B is a Brownian bridge motion and the drift
[Tu] — |T9] +1

JT

converges to zero, if u < ¥, and diverges to sign(A)oo, ifu > 9, as T — oo.

Sr(u) = A 1(|Tu] > [T9))

Proof. Notice that

_ T — 1
Xp—2r+ a4t
T
and
_ GI—ET—AT%[I-H, I <gq,
X — X7 = — T—qg+1
&¢—€értA(t—qg+1)—A——, t=q
Define

[Tu]

1
BGT(”) = ﬁ Z(Gt —€r), u € [0,1].
t=1
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‘We have
[Tu]
1 T—-qg+1
Br(u) = By(uw) + —= > [A(r — g+ Dljggr1,. () — — 2" A
ﬁ p 4.9 T
= BS(u) + A%I(LTM > |TY)) — T_\/_qT—’_lA
= B7(u) + 87(u) + o(1).

Hence,
Br(u) — 87(u) = B3 (u) + o(1) = nB(u),

as T — oo, since S5 = nB, as T — oo, implies B; = nBO, as T — oo, by virtue of
Lemma 9.3.4.

Proposition 9.3.6 shows that the process By before the change, thatis {Br(u) : u < LT—T”J}
converges to the corresponding part {nB(% 1 u € [0, v]} of the Brownian bridge. But behind the
change-point the process Br(u) diverges such that the maximally selected CUSUM statistic
diverges as well.

9.3.2 Online detection

We have seen that offline detection aims at detecting a change-point by analyzing a sample
of size T once. We have already argued that for many problems arising in finance sequential
monitoring, also called online detection or monitoring is the method of choice, provided the
observations arrive sequentially, thus forming a data stream, and the observation X, at time
t is available to us with no or a negligible delay. A sequential method analyzes at time ¢ the
available sample X1, ..., X; of size t in order to generate a decision. It is common practice to
design such a decision rule (detector) in the following way. One calculates a control statistic
U, = Ui(X1, ..., X;) taking values in the real numbers. Then a signal is given indicating that
the data provide empirical evidence in favor of a change-point, if the control statistics U,
attains values in a critical set A; otherwise monitoring continues by proceeding to the next
time instant. One may either consider monitoring schemes that may last forever or schemes
that stop at the latest when reaching a time horizon T defining the maximal sample size. In
financial applications, the latter approach is often more natural, since basic assumptions and
models are checked and updated from time to time, usually on a regular basis, for example
on a quarterly or yearly basis. In mathematical terms, the first time point # < T when U; € A
is given by the stopping time,

Rr=inflk <t <T:U, € A}.

In what follows, we assume 7 < 00.
As a large class of control statistics, let us consider weighted averages of the form

t .

~ r—

m; = E K(hl>)/l, t=1,2,...,
i=1
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for some smoothing kernel K(x) and abandwidthz > 0. Notice the similarity to the Nadaraya—
Watson estimator. However, in order to detect a change in the mean, it is not necessary to
estimate the mean consistently. Thus, we do not norm the weights. Further, assuming that
the observations Y7, Y2, ... arrive sequentially and are observed at fixed equidistant time
instants, which after rescaling time can be assumed to be the natural numbers, we assume
that the bandwidth tends to infinity as the time horizon T approaches infinity. Precisely, we
assume that 4 = hp with

forsome ¢ € [1, co). Anticipating the /7 -convergence rate of /7, let us consider the stopping
time Ry with Uy = =iy, that is

1 1
Rr=inflk<t<T:——i;>cCyp.
! { S UTIT }

Let us define the corresponding sequential kernel-weighted partial sum process by

e (LTsJ —t

Mr(s) = ZK - ) Y, s €0, 1].
=1

Then,

Ry = Tinf {s e[0,1]: \/ITMT(S) > c} .

In order to proceed, let us slightly modify the change-in-mean model (9.14). Let us assume
that a time horizon T € N is given and the first 7 observations used for monitoring depend
on T, thatis Y; = Yr;. This means that we assume that we sequentially observe Y7y, ..., Y71
satisfying the model

1 r—
Y= —=mo (T‘1> 1t>q)+e,  t=1,....T (9.18)

for some function mg : R — [0, 00), the change-point ¢, and a strictly stationary mean zero
process {€;}.
If the function m satisfies for some t* > 0 the condition

mo(s) =0, s<0, and mo(s) >0 fors e (0,1"), 9.19)

then ¢ is a change-point. Before the change the observations have mean zero, whereas af-
ter the change the mean function is induced by the strictly positive function mo(t), t > 0.
Model (9.18) is a local alternative model: As T gets larger, the problem to detect the change
becomes harder, since the mean tends to zero. In particular, if m( is bounded in the supnorm,
E(Yn) = O(1/J/T) fort > q.
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The following result provides the distribution under the no-change null hypothesis.

Theorem 9.3.7 Assume that {€,} satisfies E|e;|"t® < oo forr > 4,8 > 0, and is a-mixing
with mixing coefficients a(k), k € N, satisfying

r(r + 96)
28

K is assumed to be a bounded and Lipschitz continuous kernel. Then, under the no-change
null hypothesis Hy : mo = 0, the following assertions hold true.

ak) = O(k_ﬂ) for some >

(i) Forall 0 < s,t <1 the limit

| Tr] | Ts)

co) = jim 23S Kk (=) k(Y i 020

i=1 j=1
exists, where ro(k) = E(e1€141), k € N, is the autocovariance function of {€;}.

(ii) The empirical process {Mr(s) : s € [0, 1]} converges weakly,
Mr = M,

as T — oo, where M is a mean zero Gaussian process with covariance function
(9.20).

(iii) The stopping time Rt satisfies the central limit theorem

Rt 4q
T 4 inf{s € [0, 1] : M(s) > c},

as T — oo.

Let us now study the behavior when the change-in-mean condition (9.19) holds. In what
follows, the change-point g is allowed to be a function of T, thatis ¢ = gr.

Proposition 9.3.8 Suppose that, in addition to the assumption of Theorem 9.3.7, the change-
in-mean condition (9.19) holds. If the product Kmy is integrable, then

N

%MT(S) = M'(s) = M(s) + /nmq/r K(g(s — r))mo(r — limgq/T)dr,

as T — oo. Consequently,

R
TT 2 infls € [0, 1] : M'(s) > ¢},

as T — oc.

Proof. The result follows by an application of Slutzky’s lemma using the fact that

1
—=Mr(s) =

1
7 MO(s) + mr(s),

77
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where

LTs]

1 Ts| —
Mg(s)=ﬁ E K(L th t) €,
t=1

L Ts]
1 Ts| — -
mry(s) = T g K <|' Si [> mo (th) 1(t = q).
t=1

Clearly, M? = M, as T — oo, by Theorem 9.3.7. Further, by virtue of the Lipschitz conti-
nuity of K and my,

| Ts]
1 T |Ts| —t t—q
mT<s>=T§K<h ; )mo (T) 1(t > q)

L75)

;;K(C (S—%))mo (%—hm%) +o(1)

/ K — mymo(r — limg/TYdr + o(1),
1

img/T

as T — oo. Theresultfor R/ T follows by an application of the continuous mapping theorem,
see Theorem B.2.1 and Example B.2.2 (iv).

Remark 9.3.9  Observe that the limit process M depends on the function mo determining
the mean function of the process after the change only through the deterministic drift function

(s K) = / (s — Pymo(r — limg/ T dr,
limg/T

which depends on the kernel K. The natural question arises how one should select the kernel
in order to optimize the procedure in terms of the delay Rt — q of the procedure in some
reasonable sense. Within the following modified framework, one can find optimal kernels.
Consider the model

1 t—q
YTt:ﬁmO(T)l(th)+€t’ t=1""’7;

withlim g/ T = 0. If one uses the control statistic U, = m,/ h and considers the stopping time
Roo = inf{t > 0:m;/h > c},

then the normed delay pp, = RTh_q converges almost surely to

po = inf{s > 0 : u(s; K) > ¢},

as h — oo, for some function ju(s; K) similarly defined as u(s; K). Now the optimal kernel
can be determined under rather weak conditions for a large class of functions mg. For details
we refer to the references.
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9.4 Unit roots and random walk

Let us tentatively assume that u1, us, ... arei.i.d. random variables with mean 0 and common
variance 02 = E (u%) € (0, 0co). We shall relax that assumption below substantially. Recalling
Bachelier’s historic approach to model stock prices, let us consider the pure random walk

t
Y[:ZMI', t=0,1,...
i=0

with starting value Yy = ug. The above equation for ¥; can be written as a recursion yielding
Y=Y 1+ uy, t=1,2,...

with starting value Yy = ug. Obviously, this recursion is a member of the family
Y = pYi—1 +uy, t=1,2,... (9.21)

of recursions parameterized by p € (—1, 1]. p = 1 reproduces the pure random walk above,
whereas for |p| < 1 we obtain an AR(1) process with start at Yy = ug. In Chapter 3, we
discussed the question whether there exist stationary solutions of the Equations (9.21). If

u_n,, n=0,1,...,arei.id. copies of u1, and Yy = 25’20 ,oiu,,-, then
o0
Y, = Z,Olut—h t € Ny
i=0

is a stationary (and causal) solution of the AR(1) equations.
Whether or not we are in the stationary or random-walk regime can be inferred from the
characteristic polynomial

o(z) =1— pz, z € C,

which has exactly one root given by z = 1/p. That root lies outside the unit disc {z € C:
|z| < 1}ifand only if |p| < 1. For p = 1 the characteristic polynomial has its root on the unit
circle. Such aroot is called a unit root. In other words, model (9.21) corresponds to a random
walk if and only if the characteristic polynomial has a unit root.

As we shall in the next subsections, the stochastic behavior of basic statistics change
completely when the underlying time series is a stationary AR(1) or a non-stationary random
walk with independent or serially dependent innovations. For many series representing log
prices or interest rates, the random-walk assumption can be justified by economic theory and
statistical evidence, and the statistical task is then to test whether that assumption can be
confirmed by empirical data.

This gives rise to the following two testing problems within the AR(1) framework dis-
cussed here.

Stationarity tests: Here, one tests the null hypothesis of stationarity

Hy:lpl <1
against the alternative hypothesis of a unit root (random-walk hypothesis)

H]Z,OZ].
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Unit root tests: A unit root test reverses the null hypothesis and tests
Hy:p=1
against the alternative stationarity hypothesis
Hi:|p|l < 1.

We shall later extend this class of testing problems.
Unit root tests also have interesting applications in trading. Here is an example.

Example 9.4.1 (PaIrs TRADING)

Assume that { X} and {Y;} are two random walks, for example the prices of two similar assets
or commodities. Some assets and commodities, respectively, are exchangeable. For example,
usually one may substitute white pepper by black pepper and vice versa. But then their prices
should be quite similar in such a way that the differences fluctuate around zero in a stationary
way. This suggests the following trading strategy: If the price of white pepper is much smaller
than the price of black pepper, one enters a long position in white pepper and a short position
in black pepper. One waits until white pepper has become more expensive than black pepper
and then reverts the positions. This strategy may work, if the difference

DtZYt—Xt, t=1,2,...,

is indeed a stationary process with mean zero and not a random walk. In the latter case,
the probability that the price difference exceeds a given threshold is much higher than for a
stationary process. To check that assumption behind the rationale of pairs trading, one may
assume that D, follows the model (9.21) and apply a unit root test. If the test rejects the random-
walk null hypothesis, one may enter a pairs trading strategy. Even more interesting would
be the application of a procedure that continuously monitors the price processes and gives
a signal if the series provide evidence in favor of the stationarity assumption. Then one can
automatically enter a pairs trading strategy. We shall study such procedures in Section 9.4.4.

The mathematical phenomenon behind Example 9.4.1 is called cointegration and will be
defined in Section 9.4.2 in a more general framework.

9.4.1 The OLS estimator in the stationary AR(1) model

In model (9.21) we assumed i.i.d. innovations u;. To study inferential procedures to decide
in favor of the unit root hypothesis or the stationarity hypothesis, let us now generalize
model (9.21) to the case of martingale difference errors. Thus, we assume

YT = le_l + Ug, t= 1, 2, ey (9.22)

where {u,} is a martingale difference sequence with respect to the filtration 7; = o(us : s < 1),
ie.

E(u|Fi-1) =0, r=1,2,....
In addition, we assume that there are finite constants o> and y4 such that

E2F) =0 and  E(*F 1) =y
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a.s. These assumptions will allow us to apply the limit theorems for martingale difference
sequences and arrays, respectively, discussed in Chapter 3.
Given Yy, ..., Y7, the ordinary least squares (OLS) estimator pr of p defined by

T

pr = argmin,eg Y _(¥: — p¥;-1)’.
=1

A straightforward calculation shows that it is given by

5y = S YiYio
= =l T
Zt:l Yt2—1

It coincides with the ML estimate for i.i.d. normal errors, and in this case the denominator
> Ytz_ | turns out to be the Fisher information.

Let us first study the asymptotic distribution of p7 when |p| < 1. The following theorem
shows that py converges to p in probability at the usual convergence rate 1/+/T, and is
asymptotically normal. It appears as a special case of the least squares estimation theory for
multiple regression models given in Section 8.2, but we will give a direct proof to highlight
in the next subsection the completely different stochastic behavior of certain statistics for
integrated time series.

Theorem 9.4.2  Suppose that {u;} is a strictly stationary martingale difference sequence
with E(utz|.7-',,1) =o%and E(uf|_7-},1) = y4 < oo. It holds that

(i)
r 2
1 5 P o
? ; thl — 1_7'02, (923)
(ii)
1 T d
—= > _Yiu = N©O,o*/(1 = p)), (9.24)
ﬁ t=1
as T — oo.
This implies that

~ d
VT(Br — p) > N(0.(1 - p%)),
as T — oo, where 6% = E(e%).
Proof. Notice that

Zthl (YIYF] - IOYtZ—l) _ ZtT=1 €Y
T - T
Zt:l Yt271 Zt:l Yt{]

pr—p=

)
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which leads to the representation

T3 Yot
_ T 2
-1 Zt:l Yt—l

VT(pr - p) =
We shall first treat the denominator. Assertion (i) is simply Proposition 8.4.1, which assumes
E@?|F,—1) = 0% and E(u}|Fi—1) = y4 < 00. Next, put
& =Yi_1uy, t=1,2,...,

and let us show that {£} is a strictly stationary martingale difference sequence with respect
to the filtration F; = o(u, : s < t). Recall that the stationary solution of the AR(1) equations
is given by the linear process

e .
Y, = Z o't
i=0
It follows that & = Y;_u, is of the form f(u;, u;—1, ...) for some Borel measurable function

f : R*® — R. Hence, & is strictly stationary. Since E(Y> |) = 02> .22, p* < 0o, we have

El&| <+/E(Y>|)E(u}) <oo  forallt.

E($t|-7'—t—l) = E(Yi—uslYi—1) = Y1 E(us| Fi—1) =0,

Further,

a.s., for all 7. It follows that {£} is a strictly stationary martingale difference sequence. To
show the central limit theorem for ﬁ Zthl & consider for ¢ > 0 the Lindeberg condition,

T
1
Lre)= 2> E(EQZ uf1(Yu > &) | Fiy)),
t=1
which takes the form
1 T
2 / v / up (@) 1(|yu (@) > VTe)dPy,py,_,=y(@) dPy,_, ()

t=1

Clearly, the indicator converges to 0, as T — oo, for any fixed w and y. Since, additionally,
the integrand is bounded by the integrable r.v. utz, which implies that E (u2T|]-"t,1) < 00, a.s.,
the conditional dominated convergence theorem ensures that for all fixed ¢

/ u(@)1(yur(@)| > VTe)dPy,py,_ =y(@) = 0,
as T — oo, and a further application of dominated convergence shows that for each ¢
E(Y,z_lutzl(Yt_lu, > ﬁs)) — 0,
as T — oo. But by strict stationarity these summands do not depend on ¢, such that

Ly(e) = 0, T — oo,
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follows. It remains to study the convergence of

l/l j
T 1 =1

Since E(u,2|]-',_1) = o2, we obtain

lT
ZE z]“ |ftl Z M |f[ ]) lipz,

t=1

as T — oo. Hence, conditions (i) and (ii) of Theorem B.7.2 are satisfied and we may conclude
that

T
1 d
75 § Yi—iur = Z ~ N0, o*/(1 — p?)),
=1

as T — oo, which shows assertion (ii). Combining this fact with Equation (9.23) and applying
Slutzky’s lemma, we obtain that

-1

R T_l/2 Y u d o2
VT(pr — p) = S Vit ( 2) Z~ N, (1 - p*),
-1 Zt l - p

as T — oo, which completes the proof.

The above result allows us to discuss how to test statistical hypotheses on the AR parameter
p and how to set up a confidence interval for that parameter. The testing problem

Hy: p=po versus Hi:p+# po

for some known pg € (—1, 1) can now be treated as follows: For a given significance level
a € (0, 1) reject the null hypothesis, if |S7| > z1-q/2, Where

ST:ﬁu’
\1-7%

and z1_q2 is the (1 — a/2)-quantile of the N (0, 1)-distribution. A confidence interval with
asymptotic coverage probability 1 — « is given by

V1I=757 V1=77

ﬁT—Zl—a/zT,pT+Z1—a/2 Nia

Notice that the estimator pr and therefore its asymptotic distribution does not depend on
the scale of the measurements. Nevertheless, it may be interesting to estimate the dispersion
o of the innovations u;. It is natural to take the full-sample residuals

il\tzyl_/p\TY[_l, t=1,...,T
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and to estimate o by
1 I
~2 § :A2
or = ? Us.
=1

A direct proof of its consistency is straightforward.

Proposition 9.4.3  Under the conditions of Theorem 9.4.2,

as T — oo.

Proof. Usingu; =Y, — prY;—1 = (p — pr)Yi—1 + u;, we obtain
;= (o= pr)*Yiy +2(0 — pr)Ye1us + ;.
Clearly, the arithmetic mean of the last term converges to 2 a.s., by the strong law of large

numbers. Thus, the result follows, if we show that
1 T P 1 T P
— ()2 2 — Sy
Ar=(p—pr)’ ; Y10, Br=2p-prz le Yi—tu; = 0,
as T — oo. Consider A7. The asymptotic normality of VT (Br — p) implies o7 — p £ 0,
and, in turn, (o — ﬁr)z —P> 0, as T — oo. Further, in the proof of Theorem 9.4.2 we have

. o . P
shown that 7! Zthl Ytz_l converges in probability to a finite constant. Hence, A7 — 0, as
T — oo. The corresponding result for Br follows from similar arguments.

9.4.2 Nonparametric definitions for the degree of integration

The stationary solution, Y;, of the AR(1) Equation (9.22) with |p| < 1 can be represented as
a linear process, ¥; = Zio p'u,—;, and therefore satisfies a functional central limit theorem.
This means that the partial sum process

[Tu]

1
St(u)=—= ) Y, uel0,1], T=>1,
D
satisfies
St(u) = nB(u), (9.25)
as T — oo, where B is a standard Brownian motion and n = \/772 . Here
o
7= EYg +2)  E(YVoY),
k=0

is the long-run variance associated to {Y,,}. Consistent estimation of 12 has been discussed
in Section 8.8, see Theorem 8.8.6.
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If p =1, then Y; is a random walk with increments that are martingale differences and
therefore satisfies

T7'2Y 1) = oB(s), (9.26)

as T — oo, where Y 1y, s € [0, 1], is the canonical process associated to Y1, ..., Yr. In
addition, the first-order differences,

AY, =Y — Y1,
are stationary and satisfy a functional central limit, since by telescoping

LTs]

Yoy =Yoo + Z AY;.
i=0

Both the FCLT (9.25) as well as the weak convergence (9.26) also hold true, if the summands
and increments of the random walk, respectively, are correlated time series.

Let us now suppose that we are given a statistic, say, Uz, which depends on the time-series
data {Y;} through the partial sum process S, i.e.

Ur = U(ST),

for some mapping U : D — R defined on a domain D of functions such that all trajectories
of St are elements of D. If the mapping U is smooth in the sense that U(St) converges in
distribution to U(nB),as T — o0, if ST converges weakly to B, then the asymptotic behavior
of the statistic Ut is known for any time series {Y;} that satisfies the FCLT (9.25). This means,
we get a general limit theorem that holds true for a very rich class of time series. Analogously,
the asymptotic distribution of any statistic Vr that depends in such a smooth way on the
time-series data via the canonical process, i.e. V7 = V(T_l/ 2y [Te|), is given by the random
element V(o B), by virtue of the FCLT (9.26). For various unit root statistics, we encounter
that pleasant setting. This fact motivates the following nonparametric definitions.

Definition 9.4.4 (INTEGRATED TIME SERIES)

(i) A stochastic process {Y;} in discrete time is called integrated of order 0, denoted by
Y: ~ 1(0), if it satisfies a functional central limit theorem, that is for some constant
n € (0,00

LT5)

1
— Y, = nB(s),
7T

as T — oo, where B is a standard Brownian motion.

(ii) A stochastic process {Y;} in discrete time is called integrated of order 1, denoted by
Y: ~ I(1), if the canonical process satisfies

T7'2Y 15 = oB(s),
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as T — oo, and if the first-order differences AY; form a weakly stationary sequence
satisfying a functional central limit theorem.

Remark 9.4.5 It is worth mentioning that in the above definition the notion 1(0) covers
nonstationary processes as long as they are sufficiently well behaved in the sense that they
satisfy a functional central with a Brownian motion limit. However, the models studied by
econometricians usually give rise to stationary 1(0) series.

The above definitions allow us to provide a general definition of cointegrated time series.

Definition 9.4.6 A bivariate time series {(Yy, X;) :t =1,2,...} with Y; ~ I(1) and X, ~
1(1) is called cointegrated, if there exists a constant a # 0 such that Y; — aX; ~ 1(0). More
generally, a d-dimensional time series {X;}, X;: = (X1, ..., Xsa), with X4 ~ I(1) for all
i=1,...,d, is called cointegrated, if there is some vector a € R4, which is not the null
vector, such that a’ X; ~ 1(0).

9.4.3 The Dickey—Fuller test

We are still studying the model (9.22). A widely used statistic to test the unit root null
hypothesis Hy : p = 1 against the stationarity alternative H; : |p| < 1 is the Dickey-Fuller
statistic

Dr =T(pr — 1).

The following theorem provides its asymptotic distribution under the unit root null hypothesis
that ¥; = Zle ¢; is I(1). It shows that the convergence rate of o7 is T, i.e. in the unit root
case it converges faster to the true value pp = 1 than under a stationary regime where the
convergence rate is +/7. This means, pr is a superconsistent estimator when applied to
random-walk series.

Theorem 9.4.7 Suppose that the partial sum process St(u) = T-1/2 Z}ZJ ¢, uel0,1],

satisfies
St = nB,
as T — oo, for some constant 1 € (0, 00), and that

1

P
—g 61'2_>02’ T — oo.
T

=1
Then,

2
(i) %ZITZI Y, 1€ 4 '77 (Bz(l) — ;—;) as T — oo, and

.. T d 1
(ii) % S Y2 52 In B(r)dr, as T — oo,
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and these convergences are jointly. Further, the OLS estimator pr satisfies
TGr—1) 4 1 B0

or — P Ee—

2 Iy Bz(r) dr

as T — oc.

Proof. Put S(T) = ~/TSr(1) = Y1, €. We first show that

T 1 T
Z Vit =5 <S(T)2 — Z ef> ) (9.27)
=1 =1

Notice that
T T t—1
Sra=3 (Se|a= ¥ g
t=1 t=1 \ j=1 1<i<j<T

is the sum of all elements above the main diagonal of the symmetric matrix (¢;€;); ;. Thus,

T 2
<Z€t> ZE’E/_226’6/+ZEt’
t=1

i, j=1 i<j
which implies that
T | T 2 7 ) | ) T )
;Y,_letzgeiejzz (;e,> —;e, =§ [S(T) —;etl,

where S(T)? = TS%(1) such that

1
nyt e = [s (1) — Zet] : (9.28)

Let us now consider

Notice that 1/T = fol 1;¢—1);7,1y7)(r) dr and, by definition of the floor function,

LTr]

de=> e fort—1<Tr<terelt-1)/TyT), t=1,....T

We shall now partition the one, 1jp,1] = Zthl 1¢—1)/7,1y 77 and use the fact that

L7r)

fzel Z/ dr—/ > ad



372 SPECIAL TOPICS

We obtain

\7r] 2

r 1

1

?E /0 (E €i> Lie—vy/ 1)) dr
t=1 i=1

T 1
Z/o S2( 1)/ Ty 7y (r) dr
=1

1 T
2
T2 > v
=1

1 T
=/O S%(")Z1[(171)/7",t/T)(r)dr-
=1

Hence, we arrive at

T 1—

1

ﬁz Y, = /0 S2(r)dr. (9.29)
t=1

To show the joint weak convergence, we consider the bivariate random vector
(TS Yim1e, T2 | €%). Combining Equations (9.28) and (9.29), we may conclude
that

a

I v I - [ 1 2 )
?;Ytilet’ﬁget = 5 ST(I)_?ZGI ,/0 ST(r)dr

t=1

= (1[52(1)—0’2] /1_ Sz(r)dr> +op(1)
- 2 T ’ 0 T P
= ¢(S1) + op(1),
where the functional ¢ : D([0, 1];R) — R2 is defined by
1—

1 2 2 2
o(f) = (2[f 1) —o7], A f (r)dr> , f € D([0, 1];R).

¢ is continuous, cf. Example B.2.2. Hence, the result follows from the continuous mapping
theorem and we can conclude that

7’}2 0_2 1
$(ST) = $(nB) — (2 {Bzm— nz} 7 /O B%r)dr) ,

as T — oo, which establishes the assertions (i) and (ii). Now the asymptotics for Dy =
T(pr — 1) follows by an application of the continuous mapping theorem, since the function

F(x, y) = x/yis continuous on R x R — {0} and fol B%(r)dr is a.s. positive.

Compare assertions (i) and (ii) of the above theorem with Theorem 9.4.2 that gave
the corresponding results for a stationary AR(1) model. For /(1) series the asymptotics
for the statistics ), Yt{l and ), Y,_1¢;, after appropriate scaling, are completely different,
both the convergence rates as well as the type of the limiting distribution.
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Observing that the limit process appearing in Theorem 9.4.7 (i) is a linear function of
B%(1) ~ x*(1), we may apply a transformation to the statistic

T
1 1 —~
?Zyt—let = <T ZYIZ_1> Gor — 1
t=1 t
to obtain a x-distributed random variable. This leads to the Phillips—Durlauf statistic

2 (1 & o2
2 )~ 2 2
¢<T§fL>un—n+nziB(n~xax

as T — oo, under the unit root null hypothesis. In this formula we can replace the unknown
nuisance parameters 7> and o2 by consistent estimators.

9.4.4 Detecting unit roots and stationarity

The question arises how to monitor a time series in order to detect a change from (0)-
stationarity to /(1)-nonstationarity in the sense of Definition 9.4.4. To make this idea precise,
let us denote the true and deterministic but unknown change-point by ¢ and assume that it is
proportional to a time horizon T,

q = LT7]

for some ¥ € (0, 1). Two change-point models are of interest:
I(1) — I(0) Change: It is assumed that the series of pre-change observations

Yo, ..., Yimwy—1} ~ I(1)
is I(1) in the sense of part (ii) of Definition 9.4.4, whereas the subseries of observations
(Y19}, ..., Y7} ~ 1(0)

is 1(0) in the sense of part (i) of that definition.
I(0) — I(1) Change: Here, the first part of the series behaves as a 1(0) series

{Yo,.... Y1} ~ 1(0)
and changes its behavior to a /(1) series starting at the change-point g,
(Yiro), ..., Y7}~ 1(D).

1(0) Detection: In order to detect a change from /(1) to 1(0), one may use a sequential
version of the KPSS or Dickey—Fuller test statistics. Related to the KPSS test is the following
procedure. Define Ur(s) = 0 fors € [0, 1/T) and

. 2
| 75) 3 oL (ijzl Yj) Kn(i — |Ts))

Ur(s) = .
7512 250 v

, se[l/T 1]. (9.30)

Ur is called a sequential KPSS process. Here, K is a kernel with mean zero, a finite non-
vanishing second moment and K, (e) = K(e/h)/h is the scaled version. It is used to ensure



374 SPECIAL TOPICS

that partial sums Zj‘:l Y; corresponding to distant time points i contribute less to the statistic
than partial sums corresponding to time points near the current time instant r = | Ts].If Kisa
kernel with support [—1, 1], only observations located in the time window [¢ — h, ] are used.
Thus, the bandwidth & determines the degree of localization of the procedure. Inference on
the degree of integration requires relatively large effective sample sizes and we do not assume
that the time scale on which the time series Y, Y», ... is observed tends to zero. Hence,
in contrast to the nonparametric smoothing procedures discussed in Section 8.5, we do not
assume that the bandwidth tends to zero, as the maximal sample size tends to co. Instead, it
is assumed that 4 = A7 is chosen as a function of T in such a way that

T
lim — = 1
S Iy ¢ €[l1, 00),

This condition ensures that the number of observations effectively used by the procedure tends
to 0o, as T gets larger. In practice, one fixes ¢ and then selects it = |T/¢].

We stop monitoring and signal evidence for a change from I(1) to 1(0), if U7r(¢/T) falls
below a fixed value for the first time. This means that we consider the stopping time

Rr=Rp(c)=min{k <t <T:Ur(t/T) < c},

where ¢ is some control limit chosen to ensure that the procedure has well-defined statistical
properties and k denotes the first time instance where monitoring starts. For the asymptotic
results discussed below, it is assumed that

k= |«kT], for some « € (0, 1). (9.31)

The first k — 1 observations can be used as a learning sample to estimate other quantities of
interest not being related to the monitoring procedure.

A natural approach to specify the control limit c is to ensure that the type [ error rate that
the procedure stops,

ar = Po(Rr < T),

where Py indicates that the probability is calculated under the null hypothesis that the process
{Y;} is I(1), converges to some given nominal significance level o € (0, 1),

lim ar = o.
T— o0

The null distribution of the sequential KPSS process is given in the following theorem.

Theorem 9.4.8 Assume {Y;} is I(1) in the sense of Definition 9.4.4. Then the sequential
KPSS process converges weakly,

o™ [y K@ —s) [fy Baydr]® dr

Ur(s) = Ui(s) = T BOR dr
0

, (9.32)

in D[k, 1], as T — o0.
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Proof. Notice that

r\3
(m) X7(s)
Ur(s) = 3 ,
) 7
if we define
L 2
Xr() =23 | DY | K= LTs)),
i=1 \ j=1
LTs] Ts|/T 2
1 LTs1/ 1
Zr(s) = — Y?z/ <Y >dr,
7(s) = TZIZ:; i A 7T
where

LT5)

Sr(s) = Z Y,  sel01]

If we show that

X7(s)
Z7(s)

as T — oo, then the assertion follows by a straightforward application of Slutzky’s lemma,
Lemma B.2.4. To show Equation (9.33), we shall approximate jointly numerator and de-
nominator by the right integral functionals of a Brownian motion, the limit process of the
partial sum process St under the conditions of the theorem. We make use of the Skorohod
representation theorem and will assume that, w.l.0.g.,

= sl (s), (9.33)

Yinu) — oB(u)

VT

almost surely, as T — oo. Notice that, for simplicity of presentation, we do not change
notation when working with the equivalent versions on the new probability space. Let us
represent X 7(s) as an iterated Riemann integral. Use

t t+1
t=|T €=, —
\Tr| < r {T T)

sup
uel0,1]

— 0, (9.34)

to obtain

2
Y; t— |Ts|
T K( h >

]

t

N -
N =

j=1

1
= [1}.90 72

2

Y; LTr] — |Ts]
) ().

)

||M
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In the same vein,

gives

1
XT(S)ZZLZIQS LTs]) IS5~ Y K<I_LTSJ>

h

5 r 2
T LT(~+T1/T>J LT( +TI/T)J Y|_Tuj |_Trj . |_TSJ
= — E— du K - drv
h )i VT h

| Ts]+1
T

J
- 2
T s (1] i ~
TS we= i | (Z,. T T T
T

~N—

= LT(HTI/ DI Notice that Equation (9.34) implies that

b b
Y 7u) /

du = oB(u)du,
/a JT a

forany 0 <a < b <1 as well as

where we used the fact that

b
Ir(B)y=  sup /|aB(u)|du=Op(1),
a,bel0,1],a<b Ja

as T — oo. Further, we have

|[T(r+1/T)] 2 | T(r+1/T)] 2
sup / ! Yim) — / i aB(u)
relk, 11| \J + VT ¥
1 1 1
Yi1u) Yiu)
< sup / loB(u)| du +/ du
rele.1] ( 0 o | VT o | VT

1 1
Y1 Y1)
< sup / |oB(u)|du+/ ’ du | sup — oB(u)
re[;c,l]( 0 o | VT welo1]| T
=op(D),

du

— oB(u)
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as T — 00, since the expression in parentheses is O p(1). Combining this fact with the bound-
edness of K and T/ h, we obtain

LT(s+1/T)) LT(+1/T)) 2
T T T |Tr] — | Ts|
Xr(s) = ﬁ/l [ oBu)du | K| —— | dr+o0p(1),
T

h

T

as T — oo, where the op(1) term is also uniform in s € [k, 1]. Using 7/h — ¢ and the
Lipschitz continuity of K, we may further conclude that

| T(s+1/T)] [T(r+1/T)]
T ( T

X7(s)=¢ |

T

2
oB(u) du) K@ —s))dr +op(1),

T

as T — oo, where again the op(1) term is uniform in s € [«, 1]. Replacing the intervals of
integration by (0, s] and (0, r], respectively, also leads to an error term of the order op(1),
uniformly in 7, 5. For example,

LTe+1/T)]

sup oB(u)du — / oB(u)du
0

relx, 1]

T

1 v 1
— | sup / |oB(u)| du 4+ sup / |oB(u)| du
T |vefo.11)o vel0,1] Jv

1
= 711(B)

= op(1),

IA

as T — oo. The same arguments show that

sup = op(1),

s€(x, 1]

Zr(s) — o2 / B2(r)dr
0

as T — oo. Putting things together leads to

(Xm)) ) (4“02 Ji (U B du)® Kz - sw) H o

su
P Z7(s) o2 N B2(r)dr

selx, 1]

as T — oo, where || o || denotes an arbitrary vector norm on R?. But the latter implies the
joint weak convergence

(X1, Z7) = (X, 2),

as T — oo, for the original processes, in the product space D([0, 1];R) x D([0, 1]; R)
(equipped with the product Skorohod toplogy, cf. Appendix B.2), where

s r 2
X(s) = {o? / < / B(u)du) K((r — s))dr,
0 0

Z(s) = o> / ' B%(r)dr,
0
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for s € [k, 1]. Next, observe that for any s € [«, 1]
P(Z(s) > 0) =1,

since otherwise B(r) = 0 for r € [k, 1], A-almost everywhere, with positive probability, lead-
ing to a contradiction; the variation of Brownian motion on any interval is infinite. Thus, we
can apply the continuous mapping theorem, see the discussion in Remark B.2.6, to obtain that

Ur =27 Ly
T = ZT )

as T — o0, as stated in the theorem.

From the above theorem, we can deduce a central limit theorem for the normed stopping
rule
R t
—:inf{K<—<l:U S <c}.
T =z = 7($)

Notice that Ry /T stops later than x, if and only the condition Ur(s) > ¢ holds true for all
s € [k, x]. This means,

Rt
T >x & sup Ur(s) > c,

se[k,x]

for all given x € R. Hence, for the distribution function Fr(x) of Rr/T, we obtain

Fr(x) = P(Rr/T < x)

=P sup Ur(s) <c
s€[k,x]

— P | sup Ui(s) <c ],
se[x,x]

as T — oo.

As already discussed, the above results allow us to obtain critical values and control limits,
respectively, to set up a procedure for testing and monitoring and attaining a given significance
level in large samples.

I(1) Detection: In order to detect a change from /(0) to I(1), we consider the process

|75) 2

Ur(s) = ! ——> | D_vi| Kul—LTs)), s e [0, 1], (9.35)
Tm()z 1\ j=1
where

L7s] L7s]

53 (s) = ZY2+ZZw(k m)— ZYY,+k, s € [0, 1],
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is the Newey—West estimator as defined in Equation (8.28) and studied in Theorem 8.8.6 of
Section 8.8. That estimator is used to eliminate a nuisance parameter appearing otherwise in
the limit distribution. The corresponding detector is given by

Ry = Ry(c)=minfk <n < T : Ur(n/T) < c}.
The null distribution of that detector follows from the following result.

Theorem 9.4.9 Let {Y,} be a strictly stationary a-mixing 1(0) process such that EY 14 Y < 00
with a-mixing coefficients satisfying

o0
> Fa() Y < oo, (9.36)
j=1

for some v > 1. Assume that the lag truncation rule satisfies m/T'/* = o(1). Then

Ur(s) = Ua(s) = s7'¢ /0 B K(C(r — 5) dr,

in D[k, 1], as T — o0.

Let us now consider the asymptotics for time series that are nearly a random walk. It is
common to consider the following mathematical model. Assume that the first 7 observations
we have available for the analysis correspond to the 7T'th row of a triangular array {Y7; : 1 <
tT, T € N} satisfying

Yo =(+a/TYp+u, 1<t<T TeN, (9.37)

where a € R and {u,} is an 1(0) process. As T — oo, the AR coefficient 1 + a/ T approaches
1 corresponding to the unit root case, although for each fixed T the series Y71, ..., Y77 is
1(0)-stationary. This model is called the local-to-unity model.

We shall give a sketch of the arguments leading to the asymptotics of this more involved
model. Routine calculus shows that

L7s]

1 1 .
—Y =— A +4a/DB-y
7T T\ Ts) ﬁg( /T) '

LTs]/T
= / er(r;s)dSt(r),
0

where
L7s]

1
St(r) = ﬁ Zun
t=1

er(r;s) = (1 +a/ T
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forr, s € [0, 1]. Noting that e7(r; s) converges uniformly in0 < r < s < 1 toe(r;s) = eals—r)
and has uniformly bounded variation, one may show that

— 0

’

| Ts]/T s
/ er(r;s)dSt(r) — / e(r;s)dB(r)
0 0

sup
5€[0,1]

as T — o0, in probability, leading to the following result.

Proposition 9.4.10 (CONVERGENCE TO ORNSTEIN-UHLENBECK PROCESS)
Foranarray (Y1 : 1 <t < T, T > 1} satisfying the local-to-unity model (9.37), it holds that

| L5/ T
—Y7 15 = er(r;s)dSr(r) = O(r;s),
JT T\ T5) /0 7(r;s)dS7(r) (r; 8)

as T — oo, where
S
O(r;5) = / e dB(r),
0
is an Ornstein—Uhlenbeck process and B a standard Brownian motion.

Observing that the proof of Theorem 9.4.8 works under the general assumption that the
canonical process 7~ 1/2 Y775, § € [, 1], converges weakly to an almost surely continuous
process, the proof can be easily modified to obtain the asymptotics for data-generating pro-
cesses leading to more involved limits. Thus, one can establish the following result on the
local-to-unity-asymptotics of the process

. 2
(751 U (X201 ¥y ) Kt = LTs))

_ T
17512 0 vz,

Ur(s) = , s €[1/T 1]. (9.38)

Theorem 9.4.11 Let{Yr; : 1 <t < T, T € N} bean array satisfying the local-to-unity model
(9.37). Then

sV S (fr O a)dr)® K(g(s — r)dr,
fos O(r;a)? dr

s

Ur(s) = Uo(s) =
in D[k, 1], as T — oo.
In addition, observe that the process Ur(s) is invariant under changes of the scale. This

fact implies that we may also consider strong dependent processes where a different rate of
convergence applies. Assume that

t
YI=ZX,-, t=1,2,... (9.39)
i=1

with long-memory increments X;, for example a fractional integrated noise of degree 0 <
d < 1/2 and Hurst index H = 1/2 + d, respectively, that is

(1= LY X, ~ WN(O, ¢?), o2 € (0, 00),
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see Definition 3.8.3. In what follows, we assume that {X,} satisfies an invariance principle
with fractional Brownian motion limit,

L7s]

Z X, = cyB(s), (9.40)

=1

1
TH
as T — oo, for some constant cy; see Theorem B.7.5 and the references. Consequently, the

canonical process with scaling 7~# satisfies

1 H
ﬁYLTSJ = cyB",

as T — oo. It follows that the process Ur(s) based on the time series (9.39) satisfies

sV S (fr BH@) di)? K(e(s — r) dr,
Jo B (r)?dr

)

Ur(s) = Ugn(s) =

as T — oo.

9.5 Notes and further reading

Sklar’s theorem can be found in Sklar (1959), also see Riischendorf (2009). An exposition
on correlation and dependencies in risk management as well as related relevant properties of
copulas see Embrechts et al. (2002). The brief summary of the financial crisis is mainly based
on Baily and Johnson (2008). The application of the Gaussian copula to price CDOs is due to
Li (2000). The asymptotics for the nonparametric copula estimator can be found in Fermanian
et al. (2004). Local polynomial regression, first studied systematically by Stone (1977), has
been extensively studied and applied, see Fan and Gijbels (1996), Fan and Yao (2003) and,
for an econometric viewpoint and applications, Li and Racine (2007). Results on minimax
estimation can be found in Tsybakov (2009). The asymptotics for mixing processes has been
established by Masry and Fan (1997), see also Fan and Yao (2003) and Li and Racine (2007).
A thorough exposition on nonparametric statistics for dependent stochastic processes is Bosq
(1998). For the methodology of nonparametric econometrics, particularly kernel smoothing
methods, we refer to the monograph of Li and Racine (2007). Our presentation draws on those
known works and provides a version of this type of asymptotic normality theorems that is
new in that shows that the result holds true for any stationary and ergodic time series which
satisfies a certain smoothing central limit theorem.

For a discussion and applications of the Neyman—Pearson-type result, Theorem 9.3.2, see
Vexler and Gurevich (2011). Theorem 9.3.7 and related results can be found in Steland (2004).
The kernel optimization theory can be found in Steland (2005). For a thorough exposition on
change-point methods for classical problems we refer to the monograph Csorgd and Horvath
(1997), the present exposition focuses on sequential procedures for the detection of stationarity
and nonstationarity. For asymptotic results on sequential detection of 1(0) stationarity and 7(1)-
nonstationarity based on sequential KPSS processes, as discussed here, see Steland (2007a).
We also refer to Davies and Kriamer (2003). Procedures related to the Dickey—Fuller unit
root test statistics are studied in Steland (2007b) and extensions to polynomial trends were
investigated by Steland (2008). For methods to detect changes in linear models, we refer to
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Ploberger and Kramer (1992) and Huskov4 et al. (2007), amongst others. For conditions such
that Equation (9.40) holds, see Wu and Shao (2006).
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Appendix A

A.1 (Stochastic) Landau symbols

For a deterministic sequence {a, : n € N} we write a, = O(1), if |a,| < C for large enough
n (i.e. there is some ng € N such that for all n > ny we have |a,| < C). We write a, = o(1),
if a, — 0, as n — oo. Both notions carry over to a sequence of vectors or, more generally,
sequences of a normed linear space. However, for real-valued sequences {b, }, one can further
introduce the notions

. . . dap
a, = O(by), if |a,| < C|b,|, asn — oo, for some C < oo, i.e. lim sup |—| < oo,
n—oQ n
and
a, = o(by), ifa, /b, — 0,asn — oo, i.e.lim sup |—| =0.
n—oo n

Let {X, : n € N} be a sequence of random variables. { X, } is said to be bounded in proba-
bility, denoted by X,, = Op(1), if for every ¢ > 0 there exists a constants M > 0 andng € N
(which usually depend on ¢), such that

P(|X,| > M) <g  foralln > ny.

By enlarging M one can achieve that P(|X,| > M) < ¢ holds true for the finitely many
n =1,..., ng, such that the above definition is equivalent to

sup P(|X,| > M) <e.
neN

Such a sequence {X,,} is also called uniformly tight. A sufficient condition for X,, = Op(1) is
that X,, converges in distribution to some nondegenerated random variable or to a point mass

Financial Statistics and Mathematical Finance: Methods, Models and Applications, First Edition. Ansgar Steland.
© 2012 John Wiley & Sons, Ltd. Published 2012 by John Wiley & Sons, Ltd.



386 APPENDIX A

in some fixed x¢ € R. Further, we write
. P
X, =op(l), if X, > 0,asn — oo.

Again, those two notions can be extended to random vectors and random elements taking
values in a normed space. If {Y,} is a sequence of real-valued random variables, then

X, = 0p(Yy), if X, =Y, R, with R, = Op(1).
If Y, # 0, then X,, = Op(Yy), if X,,/ Y, = Op(1). Further,

Xn

. Xn .
X, =op(Yy), if A =op(l),i.e.

n

P
— 0,asn — o0.

n

It is important to note that the notions op(1) and Op(1) stand for terms with that property,
but those terms can change from instance to instance, which often simplifies the calculations
and proofs substantially.

The stochastic order can also be obtained by estimating moments.

@) If E(IXn ) = O(an), then X,, = Op(an).

(if) If E(1 X, ]1%) = Oan), then X, = Op(bi/).

Here is a list of rules of calculus for op and Op.
(i) op(1) +op(1) = 0p(1);

(i) Op(1)+op(l) = Op(D);

(i) op(1)Op(1) = op(1);

(iv) op(Rp) = Rpop(1);

(v) Op(Ry) = R,Op(1);

(vi) op(Op(1)) = op(1).

Here is a useful lemma that asserts that one may plug in a op(1) random sequence in o(e)
and O(e) remainder terms, particularly in Taylor expansions.

Lemma A.1.1 Let f: D — R be a function defined on D C R¥ for some k € N, and let
{X,} be a sequence or random variables with X, = op(1), which attain values in D.

(i) If f(x) = o(llx|I"), as x — O, then f(X,) = op(| Xnll").
(it) If f(x) = O(lx|"), as x — O, then f(X,) = Op(| Xnll").

For proofs of the above results see Van der Vaart (1998).
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A.2 Bochner’s lemma

LemmaA.2.1 Let{g, : n > 1} be auniformly integrable sequence of functions g, : R — R,
n>1,ie

sup / lgn(M]dy < C < oo,
neN

which converges uniformly on compact sets to a function g, i.e.
lim sup |g,(x) — g(x)| =0,
n—oo xel

for any compact subset I C R. Further, let K : R — R be a function with
(i) [ K(z)dz < oo and
(ii) |z||1K(z)| = 0, as |z| = oo,

and h,, be a sequence with hy, |, 0. Then the smoothing operator

() = K, % gn(x) = / K (L — 31/ ha)gn(y) dy

satisfies

=0

8n(x) — g(x)/K(z) dz

lim sup
n— o0 xel

Sfor any compact set I C R.

A.3 Conditional expectation

Let X : (R, F, P) = (R, B) be a random variable. First, recall that the expectation E(X) =
[ XdP is said to exist or to be defined, if min{E(X™), E(X™)} < co. Then one puts
E(X) = E(X*) — E(X™). E(X) is called finite, if E|X| < oo, or, equivalently, E(XT) < co
and E(X™) < oo. Notice that due to |x| = xT + x~ we have |E(X)| < oo (E(X) is finite) if
and only if E|X| < oo.

Now let A C F be a sub o-field. If X > 0, the mapping A — fA XdP, A € F, defines
a measure v on A. The measure is finite, if EX < co. In any case, the Radon—Nikodym
theorem ensures the existence of a .A-measureable density f such that v(A) = [ 4 fdP, A€
A, called the conditional expectation of X given A and denoted by E(X|A). If E(X) < oo,
then E(X|A) < oo. Next, suppose X takes values in R and satisfies E|X| < co. Decompose
X = Xt — X~ with X*, X~ > 0 and denote by f* and f~ the corresponding densities.
Then, the conditional expectation E(X|A) is the A-measureable function E(X|A) = f+ —
f~ satisfying [ A EX|A) AP = / 4 X dP. However, the conditional expectation can also be
defined when | X| is not integrable, see e.g. Shiryaev (1999). Having already defined E(X*|.A)
and E(X~|.A) as above, suppose that

min{ E(X T | A)(w), E(X™ | A)(w)} < 00 (A.])
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for (almost) all w € 2. Then, one defines the generalized conditional expectation of X given
Aby E(X|A) = E(XT|A) — E(X™|.A), where on the null set { E(XT|A) = E(X™|A) = o0}
an arbitrary value can be assigned, e.g. 0. If E(]X||.A)(w) < oo for (almost) all ® € L2, then
Equation (A.1) holds true and, moreover, E(X|.A)(w) is finite for (almost) all w € . We say
that the generalized expectation exists and is finite, a.s.

Theorem A.3.1 A list of properties of the conditional expectation.
Let A C F be a sub-o-field. Provided the expectations of all random variables exists, the
following properties hold true.

(i) If A= {0, Q), then E(X|A) = E(X) a.s.
(ii) If X = c a.s., then E(X|A) = ¢ a.s.
(iii) If X <Y a.s, then E(X|A) < E(Y|A), a.s.
(iv) |E(X]A)| < E(IX]A) a.s.

(v) For constants a, b such that aE(X) + bE(Y) exists, E(aX + bY|A) = aE(X|A) +
bE(Y|A).

(vi) E(X) = E(E(X|A)).

(vii) If A; C Ay, then E(E(X|A)| A1) =EX|A) as. If Ay C Ay, then
E(E(X|A2)| A1) = E(X]|A2) a.s.

(viii) If X is independent from A and E(X) exists, then E(X|A) = E(X) a.s.

(ix) Let X and Y be random variables such that X is A-measureable with E|X| < 0o
and E|XY| < co. Then E(XY|A) = XE(Y|A) a.s.

(x) If X=Y onaset Ac A then1,E(Y|A)+ 14cE(X|.A) is a version of E(X|A).
This means, for w € A one may replace E(X|A)(w) by E(Y|A)(w).

(xi) If ¢ : R — R is convex and E|p(X)| < 00, then o(E(X|A)) < E(¢p(X)|.A).

A.4 Inequalities
The following theorem summarizes some classic inequalities, which are frequently used in

the book.

Theorem A.4.1 Let X be a random variable taking values in the set X.

(i) Markov’sinequality: Let g : X — R be ameasurable function such that Eg(X) < oo.
Then P(X > c¢) < E(g(X))/g(c) for any constant ¢ > 0.

(ii) Chebychev’s inequality: If E(X*) < oo, P(|1X — E(X)| > &) < Var (X)/&? for any
e > 0.
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(iii) Holder’s inequality: Let X € L, and Y € Ly for p, g € [0, 0o] with %—}— é =1
Then, E|XY| < [E(XP)]Y/PLE(YD)]'/4. In other words, | XY ||, < XL, Yl

(iv) Generalized Holder inequality: Let X1, ... X, be random variables with X € L,
fori=1,...,n, where p1, ..., pn € (0,00) and r € (0, 00) satisfy
1 1 1
— e — ==,
P1 Pn r

Then,

n n
IIx|l = TTuxillp-
i=1 i=1

(v) C, inequality: Let X and X be random variables with E|X|", E|Y|" < co. Then,

r

E|X+Y|" < C,[EIX|I"+ E|Y|"],

where C, = 1, if0 < r < 1,and C, =27, ifr > 1.

A.5 Random series

The following theorem ensures the existence of the class of linear processes.

Theorem A.5.1 Let {X, :n € N} be a Li-bounded series of random variables, i.e.
sup,en E1X,| < 0o and let {a, : n € N} C C be a summable sequence, i.e. Z;’o:l la,| < oo.
Then the series of random variables

o0
Y, = Zaan_i, neN, (A.2)
i=0

exists a.s. If { X} is Ly-bounded, i.e. sup, .y EX? < 00, then (A.2) holds in L. Further,

E (i aan—i> = iaiE(Xn—i)a (A3)

i=0 i=0
oo N
E (Z aan_i> = ngnooE <Z aiX,,_i> . (A4)
i=0 i=0
Obviously, the above theorem also holds true when the index set N is replaced by Z.

A.6 Local martingales in discrete time

A process {X,} is called a local martingale, if there exists a sequence {7},} of stopping times
such that 7, 1 0o, asn — 00, a.s., and the stopped process Xt = {Xmine,7,y : > 0},n>1,
defines a martingale, i.e. E|X,T"| < oo and E(X,T” | Fs) = XST", as., foralls <randn > 1.
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Let {X, : ¢t > 0} be acadlag process defined on a filtered probability space (2, F, {F:}, P).
{X;} is called a semimartingale, if it admits a decomposition

X:=Xo+ A+ M, t >0,

where {A,} is of bounded variation and {M,} a local martingale.
In discrete time, we have the following characterization, cf. (Jacod and Shiryaev (2003),
Proposition 1.46)

Theorem A.6.1 The following conditions are equivalent:
(i) {X;:t € N}isalocal martingale.

(ii) {X; : t € N}isamartingale transform, i.e. there exists amartingale {M, : t € N} and
a predictable process {H, : t € N}suchthat X, = Xo + > 7, Hi—1(M; — M;_1) for
alln > 1.

(iii) {X; :t € N} is a generalized martingale, ie. E(|X;||F—1) <oo, t>1, and
E(X:|Fi—1) = Xs—1, a5, t > 1.



Appendix B

Weak convergence and central
limit theorems

B.1 Convergence in distribution
Let
Xu 2 (R, Fuy Pr) — (R, B), n €N,

be a sequence of random variables with distribution functions F,(x) = P(X, < x), x € R,
n € N. Observe that, for what follows, each X, may be defined on its own probability space
(24, Fu, Py),n € N. Let F be a further distribution function and X ~ F. The sequence { F},}
converges in distribution to F, if

F() = lim Fy(x)

for all x € R that are continuity points of F,i.e.x € Cr = {y € R: F(y—) = F(y)}. Clearly,
this definition extends easily to distribution functions defined on R<.

The sequence of random variables and random vectors, respectively, {X,} converges in
distribution to X, if the associated sequence { F},} converges in distribution to F, denoted by

Xn —d> X, as n — oo. This means,
P(X, <x)— P(X <x), n— 0o,

holds true for all x € Cr. An equivalent characterization is as follows. Let ¢, () = E (eftXn),
t € R, and ¢(f) denote the characteristic function (ch.f.) of X,, and X, respectively. Then,

Xn —d> X, asn — 00, holds, if and only if for all # € R

@n(t) = @(1),

Financial Statistics and Mathematical Finance: Methods, Models and Applications, First Edition. Ansgar Steland.
© 2012 John Wiley & Sons, Ltd. Published 2012 by John Wiley & Sons, Ltd.
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as n — oo. By checking pointwise convergence of the ch.f.s, one easily checks the following
basic tool for establishing central limit theorems in higher dimensions.

Theorem B.1.1 (CRAMER-WOLD DEVICE)
A sequence {X, X, } of random vectors of dimension d € N converges in distribution, i.e.

Xn 4 X, as n — o0, if and only if for any A € R?¢

VX, 5 WX,

asn — OoQ.

In particular, the Cramér—Wold technique tells us that

X, 5 N, 2,

as n — oo, for some u € RY and ¥ € R4 if and only if the univariate sequence Y, =
Y,(A) = Z‘;zl Aj Xy satisfies a univariate central limit theorem such as Theorem B.7.3 or

Theorem B.7.2, for each fixed vector A = (A1, ..., q) € R4, The following result ensures
that convergence in distribution is invariant under continuous transformations.

Theorem B.1.2 (CoNTINUOUS MAPPINGS)
Let {X, X,,} be a sequence of d-dimensional random vectors in R? jointly taking values in
X c R4 w.p. 1, such that

X, — X,

asn — oo. If ¢ : X - R™, m €N, is a continuous function, then

o(Xn) > o(X).

asn — oQ.

B.2 Weak convergence

The concept of weak convergence of probability measures generalizes the convergence in
distribution of sequences of random vectors to sequences of stochastic processes or, more
generally, sequences of random elements taking values in metric spaces. So, let us now assume
that (S, d) is a metric space with metric d. Recall that d : § x § — R is called a metric, if
the following properties hold.

(1) d(x,y)>0forallx,y € S.
(i) d(x,y)=d(y,x)forall x,y € S.
(iii) d(x,y)=0ifandonlyif x = yforall x, y € S.

(v) d(x,z) <d(x,y)+d(y,z)forall x,y,z € S.
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In particular, if (S, || e ||) is a normed space, then

d(x’Y)ZHX—YH, .X,yGS,

defines a metric on S.

S is equipped with the Borel-o-field S induced by the open sets with respect to the topology
given by d. It turns out that the theory simplifies, if the space is complete with respect to the
metric, i.e. any Cauchy sequence converges. For the spaces of primary interest in mathematical

finance,

this can be achieved by an appropriate choice of the metric.

The most important metric spaces, which are used to model the realizations of ordered
sequences of numbers, continuous function and functions with discontinuities of the first kind,
are the following:

®

(i)

(iii)

Time series: Let S be the set of all sequences of real numbers, i.e.
S=R® = {{x,}: x, € R,n € N},

equipped with the metric

d(xn}, () =Y 27 do(xk, yw),

i=1
where

do(x,y) = Lyl, x,yeR.
L+ |x =yl

S = R is a separable space, since its elements can be approximated in the metric d
by those sequences that have only a finite number of non-vanishing rational elements.
Clearly, a measurable mapping X : (2, F, P) — (S, S) is a univariate time series,
since if 77, denotes the projection of some element x = {x,} € S on the nth element,
i.e. m,(x) = xp, then X = {X,,} with X;, = 7, o X, i.e. X is a family of real-valued
random variables X,,.

Stochastic processes with continuous trajectories: Let S = C([0, 1]; R) be the set
of functions f : [0, 1] — R that are continuous with respect to the usual topologies.
S is equipped with the uniform topology induced by the norm

Ifl=11flloc = sup |f(®), f e (0, 11 R).
1€[0,1]

Cadlag processes: Let S = D([0, 1]; R) be the set of all functions f : [0, 1] > R
that are right continuous with limits from the left. A random element X with values
in § is called cadlag process, cf. Definition 5.1.2. Since the elements of S may have
jumps, an appropriate metric is given by the Skorohod metric

d'(f g) = inf max{||f — g o Aloo, 12 —idlloo},
reEA
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(iv)

v)
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where A denotes the set of all continuous and strictly increasing mappings A :
[0, 1] — [0, 1] and id stands for the identity mapping on [0, 1]. An equivalent metric
is given by

d(f: g) = inf max{l|f = g o Moo I111°),

where for a non-decreasing function on [0, 1] satisfying A(0) = 0 and A(1) = 1 one
puts

At) — A(s)
log —

IA11° = sup

s<t

— S

If |A]° < oo, then the slopes of the chords of A are bounded away from O and oo,
such that A is continuous and strictly increasing in this case. A sequence converges
with respect to the metric d if and only if it converges with respect to the metric d’,
but the metric d yields a complete metric space (see below).

Cadlag functions on [0, 1] taking values in R4, d > 2, are defined analogously to
the case d = 1. The above notions carry over, if one interprets the absolute value | e |
as a vector norm on R¥. The resulting space is denoted by

D([O0, 1];Rd) ={f:[0,1] > RY | f is right continuous with left-hand limits}.

Cadlag functions on [0, co): To deal with cadlag processes with time coordinate
t € [0, 00), the following Skorohod metric is appropriate. For f, g € D([0, 00); R)
put

o0
|
d(f &)= 5 min{l,di(f )},
=1
where d;(f, g) is defined as follows: d;( f; g) is the infimum of those § > 0, for which
there existstwogrids{#; : i = 1, ..., k}and {s; : i = 1, ..., k} or ordered points with
to = so = 0 and s, ty > t,suchthat |t; —s;| <dfori=1,...,k,and

| f(£) — g(sh| <8, ift € [t;, tiv1) and 5" € [s;, siy1),
fori =0,...,k — 1, see Pollard (1984). One can show that
d(fu, f) — 0, asn — oo,

if and only if there exist continuous, strictly increasing maps {A,} defined on [0, c0)
onto itself, such that, uniformly over compact sets, with

A(t) —t — 0, and fOu®) = ful®) = 0,

asn — oQ.
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For the case of random variables the definition of convergence in distribution asserts that

Fu(x) = /1(—oo,x](5)an(S) - /1(—oo,x](s)dF(S): F(x), n — oo,

for all x € Cr. By approximating the indicator by a continuous function, one can show that
the above condition is equivalent to

/go(s) dF,(s) —> /go(s) dF(s), n— 0o, (B.1)

for all real-valued, continuous and bounded functions g, i.e. ¢ € Cp(R;R). But (B.1) can be
interpreted as a condition for the sequence {d F},, d F'} of probability measures on the real line.
This allows us to extend easily the definition to general probability measures on metric spaces:
A sequence { P, P,} of probability measures on the metric space (S, d) converges weakly, if

/(p(x)dPn(x) — /(p(x)dP(x), n— 0o,

holds true for all ¢ € Cp(S;R). Many basic rules of calculation for this notion as well as
many distributional limits for statistics under nonstandard conditions can be derived from the
continuous mapping theorem, which asserts that the property of weak convergence is stable
under continuous mappings.

Theorem B.2.1 (CoNTINUOUS MAPPING THEOREM)
Let {X, X,,} be a sequence of random elements taking values in some metric space (S, d)
equipped with the associated Borel-o-field. Assume that

Xn = X,

asn — oo. If ¢ : S — S, is a mapping into another metric space S’ with metric d’ that is
a.s. continuous on X(2) C S, then

o(Xn) % 0(X),

asn — oQ.

Example B.2.2 Here are some important continuous mappings
(i) ¢(f) = f(xo), f € D([0, 1];R), for some fixed value x.
(ii) ¢(f) = f g(f(s)ds, f € D([0, 11;R), for any continuous function g.

(iii) ¢(f) = sup,cq f() and ¢(f) = sup,c4 | f()|, A acompact set, for f € C([0, 1];R),
as well as the related inf-functionals. If f € D([0, 1]; R), then ¢(f) = sup,., | f ()]
is continuous at each f such that f(a) = f(a—).

(iv) The first passage time functional ¢(f) = inf{t > 0: f(t) > a}, a a constant, for
f € (o0, 1 R).

Let (S1, d1) and (S>, d») be metric spaces equipped with the Borel-o-field. The product
S1 X 8y is the set of all pairs (f; g) with f € S; and g € S>. We may define a metricon S; x $>
via

d((f1, g1, (f2, &2)) = di(f1, &1) + d2( f2, &2),
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for (f1, g1), (f2, 82) € S1 x S2. 81 x §7 is separable, if S; as well as S, are separable.

The product-o-field S} ® Sy is the o-field induced by all (generalized) rectangles
A X Ay, where A| € Sy and Ap € S). B(S| x S3) denotes the Borel-o-field induced by the
collection of all open sets O C S1 x S$>. If §1 x S is separable, then

BS1 x$H)=851R8.
In what follows, we confine ourselves to this setting.
Let {X, X,,} and {Y, Y,,} be two sequences of random elements taking values in (51, d)
and (S», d»), respectively. Suppose we already know that
X, =X, n— o0, in(Sy,dp), (B.2)
and

Yo=Y, n— oo, in(Sy,d). (B.3)

The following theorem provides sufficient conditions such that Equations (B.2) and (B.3)
imply the joint weak convergence of (X,,, Y;,) to (X, Y) in the product space.

Theorem B.2.3 (JoINT WEAK CONVERGENCE)
Let {X, X} and {Y, Y,,} be two sequences taking values in (S1, dy), respectively (Sz, da), such
that (B.2) and (B.3) hold true. Then

(Xn, Yn) = (X, ),

as n — 00, provided at least one of the following conditions is satisfied.
(i) Y = c € 83 is a constant, i.e. nonrandom.

(ii) X, and Y, are independent for all n as well as X and Y are independent.

By applying the above result to the case ¢ = 0 and combining it with the continuous
mapping theorem, we obtain a general version of Slutzky’s lemma in metric spaces.

Theorem B.2.4 (LEMMA OF SLUTZKY)
Suppose that X,, allows a decomposition

Xy =Yy, + Ry, n>1,

P
where R, = 0or R, — 0, asn — oco. If Y, = Y, as n — oo, for some random element Y,
then

X, =Y,
asn — oo.

The following useful result is often implicitly used, but rarely mentioned.
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Theorem B.2.5 Ifg : R — R s continuous, then the mapping ¢ Dy — D([0, 1]; R%),
where Dy C D([0, 1]; R4 ), given by

()0 = g(f (), f €Dy

is continuous with respect to the Skorohod topology.

Remark B.2.6 In application, that result is often applied as follows. One knows that
X, = X, as n - oo, and P(X € A) =1 for some A C D([0, 1]; R% ). g is well defined
and continuous on A, but not necessarily on D([0, 1]; R ). Then, one puts Dy = A in order
to conclude that

¢(Xp) = (X)),
as n — oo. In particular, it suffices that the g is continuous except on a Px-null set.

The representation theorem due to Skorohod, Dudley and Wichura allows us to work
with equivalent versions that converge for every w. It transforms weak convergence to (a.s.)
convergence in the metric and, vice versa, allows us to establish weak convergence by proving
metric convergence in probability of equivalent versions. We refer to (Shorack and Wellner,
1986, p.48 and Billingsley, 1999, Theorem 6.7).

Theorem B.2.7 (SKOROHOD/DUDLEY/WICHURA REPRESENTATION THEOREM)

(i) Let {P,, P} be a sequence of probability measure defined on a metric space (S, d),
such that P has a separable support or (S, d) is separable. Then, there exist random
elements {X,, X}, defined on a common probability space (2, F, P), suchthat X ~ P
and X,, ~ P, for all n, under P, and

d(Xp(w), X(w)) — 0,

asn — oo, forall w € Q.

(ii) Let {X,, X} be a sequence of random elements taking values in a metric space
(S, d), such that Px has a separable support or (S, d) is separable. Then, there exist
equivalent versions {Xn, X} defined on a common probability space (Q .7-' P), such
that X ~ P and X, ~ P, for all n, under P, and

d(X,(w), X(w)) — 0,

asn — oo, forall w € Q.

(iii) The converse: let {X,, X} be a sequence of random elements taking values in a metric
space (S, d) such that Px has separable support or (S, d) is separable. If

d(X,, X) i3 0, asn — oo,
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for equivalent versions X, 4 X, and X 2 X on anew probability space (§~2, F, P),
then

X, = X, asn — oo.

B.3 Prohorov’s theorem

In order to establish the weak convergence of some sequence {X, X} of stochastic processes
attaining values in the spaces C([0, T];R) or D([0, T]; R), a basic approach is as follows.
First, one establishes the convergence of the finite-dimensional distributions, called fidi con-
vergence, i.c.

Xnt). - X () > (Xu(t). ... X)), 1 — oo,

for all fixed time points 0 < #] < --- < fx < T and all k € N. If X is a Gaussian process, this
can usually be achieved by applying a multivariate central limit theorem in the Euclidean
space R¥. The fidi convergence is a necessary condition and, since the finite-dimensional dis-
tributions determine the distribution of a stochastic process, determines the distribution of the
limit process. Unfortunately, fidi convergence is not sufficient to establish weak convergence.
One has to study the latter notion in greater detail in order to derive sufficient criteria that
turn out to be based on characterizations of the compact sets of the space P(S) of probability
measures defined on S.

Recall that a sequence {x,} of a metric space (S, d) satisfies the Cauchy property or is
fundamental, if for all ¢ > Othere existsng = no(e) suchthatd(x,, x,,) < eforalln, m > ng.
A metric space (S, d) is called complete, if each fundamental sequence converges. A given
metric induces a topology; however, two metrics may induce the same topology, one leading
to a complete metric space, whereas the other metric lacks this property. A space that is
metrizable by a metric leading to a complete and separable metric space is called Polish.
Completeness nicely characterizes compact sets by closed ones, since in a complete metric
space any closed subset is compact if and only if it is totally bounded; recall that a set is called
totally bounded, if any cover by open balls has a finite subcover.

Recall that we are given a metric space (S, d) — such as D([0, 1]; R) — equipped with the
Borel-o-field S and the associated set 7P(S) of probability measures. The space P(S) can be
metrized by the Prohorov metric 7 and the convergence with respect to the Prohorov metric
is the weak convergence, i.e.

P, =P if and only if n(P,, P) — 0.

In a metric space convergence can be characterized by a sequence criterion: A sequence
converges if and only if any subsequence contains a further convergent subsequence. Thus,
the weak convergence of a sequence {P,, P} of probability measures can be characterized
in the following way: We have P, = P (& n(P,, P) — 0), as n — oo, if and only if any
subsequence {P,, : k > 1} contains a further subsequence {P,,;( : k > 1} such that Pn;( =
P(& n(PnZ’, P) — 0),ask — oo, but the latter is equivalent to Pn/k = P,ask — oo.Further,
in any metric space a subset A is relatively compact, i.e. has compact closure, if every
subsequence {P,} C A has a subsequence {P,, : k > 1} with P,, — P’, as k — oo, where
the limit P’ is in the closure of A. Applied to our setting this means: A subset A C P(S) of
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probability measures has compact closure A if and only if every sequence {P,} C A has a
subsequence {P,, } with converges weakly to some P e A,ie. Py, = P, as k — oo. Here,
the limit P’ may depend on the subsequence. Therefore, the weak convergence P, = P,
n — 00, can be shown as follows: First, one shows that { P,} is relatively compact and then
one verifies that all possible limits are equal to P. The latter can be achieved by showing that
the fidis converge to the fidis of P, which determine the distribution of the limit P. A theorem
due to Prohorov allows us to relate the compact sets of P(S) to the compact sets of S. This is
achieved by the concept of tightness. A subset A C P(S) of probability measures in P(S) is
called tight if for all ¢ > O there exists a compact subset K, C S such that

P(K,)>1—¢ forall P € A.

Theorem B.3.1 (PROHOROV’S THEOREM)
Let (S, d) be a metric space.

(i) Any tight set of probability measures on S is relatively compact.

(ii) If S is Polish, i.e. a complete and separable metric space, then any relatively compact
set is tight.

Notice that for the second half of Prohorov’s theorem, the completeness is essential.
Prohorov’s theorem has the following corollary.

Corollary B.3.2 Let {P,} be a tight sequence of probability measures on a metric space
(S, d) such that the fidis converge to P. Then P, = P, asn — o0.

B.4 Sufficient criteria

By virtue of Prohorov’s theorem, fidi convergence and tightness yields weak convergence.
For processes X, X, n > 1, with values in C([0, 1]; R), one has the following sufficient
criterion, cf. (Billingsley, 1968, Theorem 12.3).

Theorem B.4.1 Suppose that fidi convergence holds true, this means

X1, -, Xn 1)) > (X1, ... X (1)), (B.4)

as n— oo, for all ty,...,t, € [0, 1], k € N. If, in addition, there exist a nondecreasing
function F : [0, 1] — R and constants y > 0 and o > 1, such that for all s, t € [0, 1]

P(IX,(t) — Xu(s)| = 2) < ATV|F(t) — F(s)|“, (B.5)
or
E(1Xn(t) — Xn(s)") < |F(t) — F(9)|%, (B.6)
foralln > 1 and all » > 0, then
X, = X,

asn — oQ.
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There is a similar sufficient criterion for the weak convergence of a sequence {X, X, } of
random elements taking values in D([0, 1]; R), which requires the following preparation. The
projection mr; : D([0, 1]; R) — R is continuous in x, if d(x,, x) — 0, asn — oo, implies that
7 (x,) = x,(t) = x(¢) = m¢(x), as n — oo. Notice the following fact.

7; is continuous in x, if and only if x is continuous in ¢.

Indeed, if x is continuous, then one can argue as follows: if d(x,,x) — 0, as n — oo,
and {A,} are transformations such that ||A, — id ||co, [|Xn — X 0 Ay |lcc = 0, as n — o0, then
[x, (1) — x(2)] < |x,(t) — x 0 Ay (1)) + |x 0 Ay (t) — x(¢)] — 0, as n — oo, where the second
term converges to 0 by continuity of x. To show the only if part, assume that x is discontinuous
in t. Let A, be the transformation that is linear on [0, ] and [¢, 1] with A,,(0) = 0 and A, (¢) =
t —1/n and A,(1) = 1. Then, x, = x o A, converges in D([0, 1]; R) to x, but x,,(¢) /> x(¢).

For a random element X of D([0, 1];R) let

Tx = {t € [0, 1] : 7; is continuous at all x € D([0, 1]; R)\ N},

where N C D([0, 1];R)isa Px-null set,i.e. P(X € N) = 0. By right continuity of the cadlag
functions in 0, 0 € Tx. However, 1 may or may not be an element of Tx. One can show that
there are at most countably many ¢ such that

P(X discontinuous in t) = P(X € J;) > 0,

where J; denote those cadlag functions that are discontinuous in ¢, cf. (Billingsley, 1999,
p- 138).
If#, ..., tx € Ty, then the projection

Ty, (X) = (X(11), - ., X(8))

iscontinuousonaset A C D([0, 1]; R) with P(X € A) = 1. We are now in a position to formu-
late the following sufficient criterion, cf. (Billingsley, 1968, Theorem 15.6) and (Billingsley,
1999, Theorem 13.5).

Theorem B.4.2 Suppose that, first, fidi convergence in continuity points holds in the sense

that
(Xn(1), ..., Xn (@) = (X(11), - .., X(10)), B.7)
asn — 00, holds true for all t1, ..., ty € Tx, k € N. Secondly,
X1 —X15=>0, (B.8)
asé | 0, or

P(X| # X1_) = 0.

Lastly, assume that forallr < s <tand A > 0

P(IXu(s) = Xn(Ol = 1, [Xn() — Xn (O] Z 1) = #[F(t) — F(nP™, (B.9)
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or
E|Xu(s) = Xa(®)IP| X, () — Xn()IP < [F(t) = F(r)]**, (B.10)
where B > 0 and o > 1/2, and F is a nondecreasing, continuous function on [0, 1]. Then
X, = X,

asn — oQ.

Notice that Equation (B.8) is equivalent to

limlim sup P(|X,(1 —38)— X,(1)] >¢&)=0 (B.11)
510 n—00
forall ¢ > 0.

For processes with paths in the Skorohod space D([0, c0), R9), one has the following nice
version, cf. (Jacod and Shiryaev, 2003, p. 319).

Theorem B.4.3 Suppose that, in addition to fidi convergence in continuity points, Equa-
tion (B.11) holds and there exists a nondecreasing function F on (0, 00) and constants y > 0
and o > 1, such that forall A > Oandall s <r <t

P(IXn(r) = Xy ()l = X, |1 X0(1) = Xp (DIl = A) < ATV[F(t) — F(n)]°, (B.12)
foralln > 1. Then
Xn = X,

asn — oo, in D([0, 00), RY).

Lemma B.4.4 Provided the processes X, X,, n > 1, taking values in D([0, 00); Rd) have
independent increments, the fidi convergence follows at once from, provided

(i) Xo(t) > X (1), as n — oo, forallt > 0 and

(ii) Xn(t) — Xn(s) > X(t) — X(s5), as n — o0, forall s < 1.

B.S More on Skorohod spaces

The Skorohod metric defined above, also called the J; metric, has the property that jumps
converge. Indeed, if x, — x, as n — 00, in the J; topology, then for any inner point ¢ there
exists a sequence {#,} such that #, — ¢, x,(t;,) = x(¢#) = x(t+) and x,(t,—) — x(t—), as
n — oo, which implies x,(#,) — x,(t,—) — x(¢) — x(¢—), as n — 00, i.e. convergence of
jumps. As a consequence, the function f,(¢) that vanishes for r < 1/2 — 1/n, equals 1 if
t > 1/2 and interpolates linearly, otherwise, does not converge to the indicator 11 ,2,1)(?) in
the J; topology. This is sometimes too strong.

To obtain convergence for unmatched jumps, the M; metric can be used. For f €
D([0, 1]; R) define the completed graph by

Iy={z,1neRx[0,1]:z=af(@—)+ (1 —a)f(r) for some « € [0, 1]}.
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Here, we use the convention f(0—) = f(z). Notice that I' 7 is a connected set and particularly
contains all line segments connecting (f(¢—), ¢) and ( f(¢), ¢) for all jump points . We can
define a (total) order on I'f as follows: (z1, 1) < (22, 82) if t1 <ty ort; = 12 and |x(t1—) —
Z1| < |x(t2—) — z2|. Note that this order starts at the left end of the completed graph and
ends at the right end. A parametric representation of I'y is a continuous non-decreasing
function 6 : [0, 1] — I'y onto I" . Denote 6 = (u, 1), i.e. 6(s) = (u(s), t(s)), s € [0, 1], where
u(s) is the spatial coordinate and #(s) the time coordinate. Let IT  be the set of all parametric
representations of I' ;. Then the M metric is defined by

dy, (f1, f2) = inf max(|lu; — uzlloo, 111 — 2llc0),

where the infimum is taken over all (u1, t1) € Iy, and (u2, ;) € I1y,. Again, for continuous
fwehave | f, — flloo = 0,as n — oo, if dy, (fy, f) — 0,as n — oo. The J; topology is
stronger, i.e. convergence in the J; topology implies convergence in the M topology.

An even weaker notion of convergence is given by the M» metric, which is based on the
Hausdorff distance between the completed graphs. Given two compact sets K1 and K>, the
Hausdorff metric is defined by

dy (K1, K2) = max { sup d(f, K2), sup d(f, Kl)} .
fek fekK,

Here, d(x, A) = inf{d(x, y) : y € A} is the distance between the point x and the set A. The
M, metric is now defined by

Convergence with respect to the J; or M7 topology implies convergence in the M3 topology.

B.6 Central limit theorems for martingale differences

Let us now discuss alternative and generalized versions of Theorem 8.3.6, the central limit
theorem for martingale differences. The following result can be found in Durrett (1996).

Theorem B.6.1 (LINDEBERG-FELLER CLT FOR MARTINGALE DIFFERENCE ARRAYS)
Suppose {Xux: 1 <k<n,n>1} is a Fy-martingale difference array such that
E(X2 | Fum) < 00 for all k, n. Put Va = S5_ | E(X%|Fpim1) and Sy = Y-y X If

(i) Vun — 1 in probability and
(ii) the conditional Lindeberg condition is satisfied, i.e. for all ¢ > 0

n

> E(X2 (Xl > &) Fni-1) = 0,
k=1

in probability,

then S, —d> N(, 1), asn — oo.
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It is convenient to have a result for martingale difference sequences.

Theorem B.6.2 (LINDEBERG—FELLER CLT FOR MARTINGALE DIFFERENCE SEQUENCES)
Suppose {X,} is a F,-martingale sequence. Let V, = }_, E(X,%Ifkfl) and S, =
ZZ:1 X If

(i) Vu/n — 0% > 0and

(ii) the Lindeberg condition is satisfied, i.e.

n
1 > E(XFU(Xi| > €)) — 0,
n k=1

asn — oo, forany ¢ > 0,
d
then S, //n — N(0, c?), as n — oc.

Remark B.6.3 The corresponding functional central limit theorems hold as well. In par-
ticular, in Theorem B.7.2 the assertion can be strengthened to S|,/ J/n= B, asn— oo,
without changing the conditions.

Theorem B.6.4 (LINDEBERG-FELLER FCLT FOR MARTINGALE DIFFERENCE ARRAYS)
Suppose that instead of condition (i) of Theorem B.7.2 we have more generally V,, | ;) — t, in
probability, for t € [0, 1], then the partial sum process converges weakly to Brownian motion,
i.e. Sy |nr) = B(), asn — oo.

B.7 Functional central limit theorems

Functional central limit theorems, also called invariance principles, are mathematical theorems
that form the core for the statistical inference on time series as arising on financial markets.
They are also a basic tool to study statistical procedures for estimation and inference, since
many statistics behind such procedures can be shown to be driven by underlying stochastic
processes, particularly partial sum processes, which satisfy a functional central limit theorem
whose limit in turn governs the limiting distribution of the statistic of interest.

Donsker’s classic invariance principle provides the basic relationship between partial sum
processes and the Brownian already discussed at the end of Chapter 4. It addresses the case
that the increments are i.i.d. random variables with mean 0 and a finite second moment.

Theorem B.7.1 (DONSKER, I.I.D. CASE)
Let&1, &, ... be asequence of i.i.d. random variables with E(&1) = 0 and 0% = E(Ef) < Q.
Then

— & = oB(e),
VT

as T — oo, where B denotes standard Brownian motion, and = signifies weak convergence
in the Skorohod space D(]0, 1]; R).
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Donsker’s theorem addresses the case of i.i.d. random variables, which is too restrictive
for financial problems. Generalizations to dependent increments are needed, in order to study
problems arising in mathematical finance and financial markets, respectively. Here is the
corresponding result for a martingale difference sequence under a Lindberg condition.

Theorem B.7.2 (LINDEBERG-FELLER FCLT FOR MARTINGALE DIFFERENCE SEQUENCES)
Suppose {&} is a square-integrable JF;-martingale difference sequence. Let V; =

Sie1 EEEIFn) If
(i) Vr/T — 0> >0, as T — 09, in probability, and

(ii) the Lindeberg condition is satisfied, i.e.
1
= > EE1(&| > VTe) - 0,
t=1

as T — oo, for any ¢ > 0,

then
[Te]

1
= ét = OB(')?
7T 2
as T — oo.

The generalization to martingale difference arrays is as follows.

Theorem B.7.3 (LINDEBERG-FELLER FCLT FOR MARTINGALE DIFFERENCE ARRAYS)
Suppose {ér;: 1 <t <T,T > 1} is a Fr-martingale difference array such that
E(&%|Fri—1) <ooforalll <t <T,T > 1. Put

k
Va=> E(&|Fi1), 1<t<T T>1
i=1

Suppose the following two conditions are satisfied.
(i) V1, 1u) — u in probability for all u € [0, 1].

(ii) The conditional Lindeberg condition holds true, that is

T
> E(51(En| > &) Frio1) — 0.

i=1
in probability, as T — oo, for all ¢ > 0.
Then

[Tu]

> &n = Bw),
t=1
as T — o0.
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Notice that Theorem B.7.3 covers Theorem B.7.2 as a special case.

The central limit theorem for a-mixing sequences can be generalized to the functional
version leading to the following result, cf. Ibragimov (1962) and (Hall and Heyde, 1980,
Corollary 5.1).

Theorem B.7.4 (FCLT FOR a-MIXING PROCESSES)
Suppose {X,, : n € 7} is an ergodic stationary sequence with E(X() = 0 and E|X|*T® < oo
for some & > 0. Suppose that the a-mixing coefficients a(k), k € N, satisfy

0]

Z a(k)ﬁ < 00.

k=1
Then

LTs]

1
— Z X; = 0B,
ﬁ =1

as T — oo, where
o? = E(X3) +22E(X1X1+k)
k=1

For long-memory processes the following result has been shown by Taqqu (1974/75).

Theorem B.7.5 (FCLT FOorR LONG-MEMORY PROCESSES)
Let {X; : t € N} be a stationary sequence of Gaussian random variables with mean zero and
autocovariance function y(k) = E(X1X14k), k € Z. Suppose that

T T
1
fim — f—s)=1,
Far KTZHL(T);;J/( $)

for some 0 < H < 1, a constant K > 0 and a function L that is slowly varying at infinity.
Then

L7s]

\/KTZHL(T Z Xi= By

where {BZH : t € [0, 1]} is a standard fractional Brownian motion.

B.8 Strong approximations

Assume now that the &; and therefore S7 are defined on acommon probability space (2, F, P).
The fact that St converges weakly to Brownian motion B motivates us to ask whether one
may define a Brownian motion on (€2, F, P) in such a way that one can approximate St by B,
preferably uniformly on [0, 1] in some sense. A related question is whether the partial sums
>-r_, & can be approximated by B(n). Provided such an approximation is strong enough, we
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expect that the invariance principle in the sense of Donsker’s theorem also holds true. These
questions have been studied extensively in the classic probabilistic literature.

The following theorem provides some well-known results on the approximation of sums
by Brownian motion, which are also called strong invariance principles. These results are
typically of the form

E, = o(a,), a.s.
for some random expression E,, involving Brownian motion, which means
P(lim E,/a, =0)=1.
n— 00
Theorem B.8.1 (STRONG APPROXIMATIONS, L.I.D. CASE)

Let &1, &, ... be a sequence of i.i.d. random variables with E(§1) = 0 and 0% = E(Elz) < 0.
Put S(n) =3 & neN

(i) One can define a standard Brownian motion {B(t) : 0 < t < oo} such that
Ir}lsaglg |S(n) — B(n)| = o((N loglog N)l/z), a.s.
(ii) If E|&1]" < oo for some r > 2, then
|S(n) — B(n)| = o(n'/"), a.s.

(iii) If H : [0, 00) — [0, 00) is a function such that 72H®) is nondecreasing, 73H®G)
nonincreasing and EH(&1) < oo, then

Xn:«fi - B (211: 03)
i=1 i=1

for some sequence {0, : n € N} of real numbers with o, — 1 that can be chosen in
such a way that 1 — o,% =o(n Y (H '(n))?).

= o(H '(n)),

Related to the above strong approximations of partial sums are results leading to
N=Y2 max |S(n) — B(n)| > 0, (B.13)
n<N

as N — oo, which are frequently called weak invariance principle. Such results are strong
enough to imply the invariance principle in the sense of Donsker’s theorem, that is in the sense
of weak convergence.

Theorem B.8.2 Suppose &1, &>, ... satisfies a weak invariance principle in the sense of
Equation (B.13). Then

Sr(u) = T7'2S(|Tul) = Bw),

as T — oo.
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Proof. We shall apply the Skorohod/Dudley/Wichura representation theorem. Notice
that, by virtue of the scaling property (5.2.10), {B(u) : u > 0} is equal in distribution to
{T~Y2B(Tu) : u > 0} for each T. Therefore

[Tu]

d 1
sup |Sr(u) — Bw)| = sup |—= > & — —=B(Tu)
JT ; vT

uel0,1] uel0,1]

. (B.14)

Therefore, we may conclude that on a new probability space,

[ Tu|

sup |S7(u) — B(u)| = sup > & — B(Tw
=1

1
uel0,1] uel0,1] VT

1
= ﬁ rnn<a7)5 |S(n) — B(n)|

P
- 0,

as T — oo. But this implies St = B, as T — o0, for the original processes.
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long, 28

short, 28
predictable process, 91
present value, 3
price

process, 46, 148

vector, 46
pricing measure, 48
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probability integral transform, 327
probability measure
empirical, 13
process
adapted, 82, 178
AR, 119
ARMA, 122
cadlag, 394
compensated, 196
compound Poisson, 196
continuity, 192
continuous, 178
continuous time, 178
counting, 195
diffusion, 236
ergodic, 236, 268
gains, 47
Gaussian, 182
indistinguishable, 191
1t6, 229
Lévy, 199
left continuous, 178
linear, 111
Markov, 84, 187
measurable, 179
mixing, 306
modification, 190
Ornstein—Uhlenbeck, 235, 380
partial sum, 188
point, 195
Poisson, 195
predictable, 91
progressively measurable, 179
right continuous, 178
second-order, 180
self-similar, 193
simple predictable, 213
stopped, 94
value, 46, 149, 162
version, 190
white-noise, 107
product kernel, 288
Prohorov metric, 398
Prohorov’s theorem, 399
put-call parity, 33, 170

quadratic covariation, 225
observed, 226

quadratic variation, 204
16 process, 230
sampled, 205
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quantile function
empirical, 12
sample, 12

quartiles, 12

random series theorem, 389
random walk, 8
relatively compact, 399
replicable, 154
replication, 36
repo loans, 334
representation theorem, 159
return, 2, 11
annualized average, 7
gross, 7
log, 7
simple net, 7
rho, 40
Riemann-Stieltjes integral, 208
risk, 16
management, 39
measure, 19
risk-neutral
evaluation, 33
pricing, 67
Rosenblatt—Parzen, 22

sample path, 178
securitization, 333
self-financing, 149

strategy, 148
self-similarity, 193
semimartingale, 225
semivariance, 18
sensitivity, 39
separation theorem, 53
sequential KPSS process, 373
settlement price, 29
short position, 28, 46, 47
short rate, 4, 259
simple predictable process, 213
SIV, 334
size of a partition, 205
skewness, 20
Sklar’s theorem, 327
Skorohod metric, 393, 401
Slutzky’s lemma, 396
smoothing kernel, 22
Snell envelope, 95
special-purpose vehicle, 333
spectral density, 124

spectral distribution function,
129

spectral measure, 129
spectrum, 124
spot

contract, 29

market, 29

rate, 4
SPV, 333
stable law, 10
standard deviation, 16
state, 84
state space, 84
stationarity

strict, 102

weak, 103
statistical testing problem, 14
Sterling’s formula, 141
Stieltjes integral, 208
stochastic integral, 91

discrete, 101
stochastic process

discrete time, 81
stock price, 6
stopped process, 94
stopping time, 93
straddle, 32
strict stationarity, 102
strike

call option, 32

price, 30

ratio, 41
strong approximations, 405
strong solution, 236
structural model, 336

structured investment vehicles, 334

stylized facts, 15
submartingale, 86, 179, 220
subprime crisis, 333
supermartingale, 86, 179

tail probabilities, 12
term structure, 5
test for normality, 27
theta, 39
tight, 399
time
horizon, 2
shift, 103
time-dependent volatility, 257
time-to-maturity, 30



total variation, 204
trade, 28
trading strategy, 149, 154,
364
trajectory, 178
transform
martingale, 92
transition
density, 183
matrix, 84
trinomial model, 35

unbiased estimator, 13
underlying, 28, 66, 154
up factor, 34

value process, 46, 149, 162
value-at-risk, 17
variance, 16

empirical, 17

long-run, 267

sample, 17
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variation, 204
bounded, 209
Vasicek’s model, 234, 238
vega, 39
volatility, 9
actual, 16
annualized, 16
generalized, 16
skew, 41
smile, 41
time-dependent, 257
volatility surface, 41

weak
convergence, 391, 395
stationarity, 103

white noise, 107

Wiener process, 181

yield curve, 6

zero coupon bond, 5
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