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I do not know what I may appear to the
world, but to myself I seem to have been only
like a boy playing on the sea-shore, and
diverting myself in now and then finding a
smoother pebble or a prettier shell than
ordinary, whilst the great ocean of truth lay
all undiscovered before me.

ISAAC NEWTON

Quoted from the novel Beyond Sleep by
Willem Frederik Hermans






Over the past decades great importance has been placed on stochastic calculus
and processes in mathematics, finance, and econometrics. This book addresses
particularly readers from these fields, although students of other subjects as biology,
engineering, or physics may find it useful, too.

Scope of the Book

By now there exist a number of books describing stochastic integrals and stochastic
calculus in an accessible manner. Such introductory books, however, typically
address an audience having previous knowledge about and interest in one of the
following three fields exclusively: finance, econometrics, or mathematics. The
textbook at hand attempts to provide an introduction into stochastic calculus and
processes for students from each of these fields. Obviously, this can on no account
be an exhaustive treatment. In the next chapter a survey of the topics covered
is given. In particular, the book does neither deal with finance theory nor with
statistical methods from the time series econometrician’s toolkit; it rather provides
a mathematical background for those readers interested in these fields.

The first part of this book is dedicated to discrete-time processes for modeling
temporal dependence in time series. We begin with some basic principles of
stochastics enabling us to define stochastic processes as families of random variables
in general. We discuss models for short memory (so-called ARMA models), for
long memory (fractional integration), and for conditional heteroscedasticity (so-
called ARCH models) in respective chapters. One further chapter is concerned
with the so-called frequency domain or spectral analysis that is often neglected in
introductory books. Here, however, we propose an approach that is not technically
too demanding. Throughout, we restrict ourselves to the consideration of stochastic
properties and interpretation. The statistical issues of parameter estimation, testing,
and model specification are not addressed due to space limitations; instead, we refer
to, e.g., Mills and Markellos (2008), Kirchgédssner, Wolters, and Hassler (2013), or
Tsay (2005).

The second part contains an introduction to stochastic integration. We start with
elaborations on the Wiener process W(¢) as we will define (almost) all integrals in
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terms of Wiener processes. In one chapter we consider Riemann integrals of the
form [ f()W(t)dt, where f is a deterministic function. In another chapter Stieltjes
integrals are constructed as [ f(£)dW(r). More specifically, stochastic integrals as
such result when a stochastic process is integrated with respect to the Wiener
process, e.g., the Ito integral [ W(r)dW (). Solving stochastic differential equations
is one task of stochastic integration for which we will need to use Ito’s lemma. Our
description aims at a similar compromise between concreteness and mathematical
rigor as, e.g., Mikosch (1998). If the reader wants to address this matter more
rigorously, we recommend Klebaner (2005) or @ksendal (2003).

The third part of the book applies previous results. The chapter on stochastic
differential equations consists basically of applications of Ito’s lemma. Concrete
differential equations, as they are used, e.g., when modeling interest rate dynamics,
will be covered in a separate chapter. The second area of application concerns
certain limiting distributions of time series econometrics. A separate chapter on the
asymptotics of integrated processes covers weak convergence to Wiener processes.
The final two chapters contain applications for nonstationary processes without
cointegration on the one hand and for the analysis of cointegrated processes on the
other. Further details regarding econometric application can be found in the books
by Banerjee, Dolado, Galbraith and Hendry (1993), Hamilton (1994), or Tanaka
(1996).

The exposition in this book is elementary in the sense that knowledge of measure
theory is neither assumed nor used. Consequently, mathematical foundations cannot
be treated rigorously which is why, e.g., proofs of existence are omitted. Rather I
had two goals in mind when writing this book. On the one hand, I wanted to give a
basic and illustrative presentation of the relevant topics without many “troublesome”
derivations. On the other hand, in many parts a technically advanced level has
been aimed at: procedures are not only presented in form of recipes but are to
be understood as far as possible which means they are to be proven. In order to
meet both requirements jointly, this book is equipped with a lot of challenging
problems at the end of each chapter as well as with the corresponding detailed
solutions. Thus the virtual text — augmented with more than 60 basic examples and
45 illustrative figures — is rather easy to read while a part of the technical arguments
is transferred to the exercise problems and their solutions. This is why there are at
least two possible ways to work with the book. For those who are merely interested
in applying the methods introduced, the reading of the text is sufficient. However,
for an in-depth knowledge of the theory and its application, the reader necessarily
needs to study the problems and their solution extensively.

Note to Students and Instructors

I have taught the material collected here to master students (and diploma students
in the old days) of economics and finance or students of mathematics with a minor
in those fields. From my personal experience I may say that the material presented
here is too vast to be treated in a course comprising 45 contact hours. I used the
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textbook at hand for four slightly differing courses corresponding to four slightly
differing routes through the parts of the book. Each of these routes consists of three
stages: time series models, stochastic integration, and applications. After Part I on
time series modeling, the different routes separate.

The finance route: When teaching an audience with an exclusive interest in
finance, one may simply drop the final three chapters. The second stage of the course
then consists of Chaps. 7, 8, 9, 10, and 11. This Part II on stochastic integration is
finally applied to the solution of stochastic differential equations and interest rate
modeling in Chaps. 12 and 13, respectively.

The mathematics route: There is a slight variant of the finance route for the
mathematically inclined audience with an equal interest in finance or econometrics.
One simply replaces Chap. 13 on interest rate modeling by Chap. 14 on weak con-
vergence on function spaces, which is relevant for modern time series asymptotics.

The econometrics route: After Part I on time series modeling, the students from
a class on time series econometrics should be exposed to Chaps. 7, 8, 9, and 10 on
Wiener processes and stochastic integrals. The three chapters (Chaps. 11, 12, and
13) on Ito’s lemma and its applications may be skipped to conclude the course
with the last three chapters (Chaps. 14, 15, and 16) culminating in the topic of
“cointegration.”

The nontechnical route: Finally, the entire content of the textbook at hand can
still be covered in one single semester; however, this comes with the cost of omitting
technical aspects for the most part. Each chapter contains a rather technical section
which in principle can be skipped without leading to a loss in understanding. When
omitting these potentially difficult sections, it is possible to go through all the
chapters in a single course. The following sections should be skipped for a less
technical route:

133|&[43|&|5.4]|&|6.4]&|7.3|&[8.4|&[9.4]
&|104|&[11.4]&[122]|&[13.4|&|14.3]&[15.4] & [16.4] .

It has been mentioned that each chapter concludes with problems and solutions.
Some of them are clearly too hard or lengthy to be dealt with in exams, while others
are questions from former exams of my own or are representative of problems to be
solved in my exams.

Frankfurt, Germany Uwe Hassler
July 2015
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1.1 Summary

Stochastic calculus is used in finance and econom(etr)ics for instance for solving
stochastic differential equations and handling stochastic integrals. This requires
stochastic processes. Although stemming from a rather recent area of mathematics,
the methods of stochastic calculus have shortly come to be widely spread not only
in finance and economics. Moreover, these techniques — along with methods of time
series modeling — are central in the contemporary econometric tool box. In this
introductory chapter some motivating questions are brought up being answered in
the course of the book, thus providing a brief survey of the topics treated.

1.2 Finance

The names of two Nobel prize winners' dealing with finance are closely connected
to one field of applications treated in the textbook at hand. The analysis and the
modeling of stock prices and returns is central to this work.

Stock Prices

Let S(7), t > 0, be the continuous stock price of a stock with return R(r) = S'(r)/S(¢)
expressed as growth rate. We assume constant returns,

RH)y=c < SO=cS( < % = cS(1).

'In 1997, R.C. Merton and M.S. Scholes were awarded the Nobel prize jointly, “for a new method
to determine the value of derivatives” (according to the official statement of the Nobel Committee).

© Springer International Publishing Switzerland 2016 1
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2 1 Introduction

This differential equation for the stock price is usually also written as follows:
dS(t) = cS(r) dt. (1.1)
The corresponding solution is (see Problem 1.1)
S(r) = S(0) e, (1.2)

i.e. if ¢ > 0 the exponential process is explosive. The assumption of a deterministic
stock price movement is of course unrealistic which is why a stochastic differential
equation consistent with (1.1) is often assumed since Black and Scholes (1973) and
Merton (1973),

dS(t) = cS()dt+ o S(t) dW (1), (1.3)

where dW (¢) are the increments of a so-called Wiener process W(¢) (also referred to
as Brownian motion, cf. Chap. 7). This is a stochastic process, i.e. a random process.
Thus, for a fixed point in time #, S(¢) is a random variable. How does this random
variable behave on average? How do the parameters ¢ and o affect the expected
value and the variance as time passes by? We will find answers to these questions in
Chap. 12 on stochastic differential equations.

Interest Rates

Next, r(¢) denotes an interest rate for ¢+ > 0. Assume it is given by the differential
equation

dr(t) = c(r(t) — pn) dt (1.4)
with ¢ € R or equivalently by

dr(t)

¢ =0 = e - .

Expression (1.4) can alternatively be written as the following integral equation:
t
r(t) = r(0) + C/ (r(s) — ) ds. (1.5)
0
The solution to this reads (see Problem 1.2)

() = p+ e (r(0)—pu). (1.6)
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For ¢ < 0 therefore it holds that the interest rate converges to i as time goes
by. Again, a deterministic movement is not realistic. This is why Vasicek (1977)
specified a stochastic differential equation consistent with (1.4):

dr(t) = ¢ (r(t) — p) dt + o dW(p) . (1.7)

As aforementioned, dW () denotes the increments of a Wiener process. How is the
interest rate movement (on average) affected by the parameter ¢? Which kind of
stochastic process is described by (1.7)? The answers to these and similar questions
will be obtained in Chap. 13 on interest rate models.

Empirical Returns

Looking at return time series one can observe that the variance (or volatility)
fluctuates a lot as time passes by. Long quiet market phases characterized by only
mild variation are followed by short periods characterized by extreme observations
where extreme amplitudes again tend to entail extreme observations. Such a
behavior is in conflict with the assumption of normally distributed data. It is an
empirically well confirmed law (“stylized fact”) that financial market data in general
and returns in particular produce “outliers” with larger probability than it would be
expected under normality.

It is crucial, however, that extreme observations occur in clusters (volatility
clusters). Even though returns are not correlated over time in efficient markets, they
are not independent as there exists a systematic time dependence of volatility. Engle
(1982) suggested the so-called ARCH model (see Chap. 6) in order to capture the
outlined effects. His work constituted an entire field of research known nowadays
under the keyword “financial econometrics”, and consequently he was awarded the
Nobel prize in 2003.?

1.3 Econometrics

Clive Granger (1934-2009) was a British econometrician who created the concept
of cointegration (Granger, 1981). He shared the Nobel prize “for methods of
analyzing economic time series with common trends (cointegration)” (official
statement of the Nobel Committee) with R.F. Engle. The leading example of
trending time series he considered is the random walk.

’R.F. Engle shared the Nobel prize “for methods of analyzing economic time series with time-
varying volatility (ARCH)” (official statement of the Nobel Committee) with C.W.J. Granger.



4 1 Introduction

Random Walks

In econometrics, we are often concerned with time series not fluctuating with
constant variance around a fixed level. A widely-used model for accounting for
this nonstationarity are so-called integrated processes. They form the basis for the
cointegration approach that has become an integral part of common econometric
methodology since Engle and Granger (1987). Let’s consider a special case — the
random walk — as a preliminary model,

t
=) &g, t=1...n, (1.8)
=1

where {g;} is a random process, i.e. & and &, t # s, are uncorrelated or even
independent with zero expected value and constant variance o2. For a random walk
with zero starting value xo = 0 it holds by definition that:

Xy =x_1+¢&, t=1,...,n, withVar(x) = o’t. (1.9)

The increments can also be written using the difference operator A,
AX; = X — X—1 = & .

Regressing two stochastically independent random walks on each other, a statisti-
cally significant relationship is identified which is a statistical artefact and therefore
nonsense (see Chap. 15). Two random walks following a common trend, however,
are called cointegrated. In this case the regression on each other does not only
give the consistent estimation of the true relationship but the estimator is even
“superconsistent” (cf. Chap. 16).

Dickey-Fuller Distribution

If one wants to test whether a given time series indeed follows a random walk, then
equation (1.9) suggests to estimate the regression

Xy =ax—1 +&, t=1,...,n.

From this, the (ordinary) least squares (LS) estimator under the null hypothe-
sis (1.9), i.e. under a = 1, is obtained as

Dt Xi—1 &

P

Dot X X1 _

n =1 +
Zt=1xr2—l

&:
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This constitutes the basic ingredient for the test by Dickey and Fuller (1979). Under
the null hypothesis of a random walk (a = 1) it holds asymptotically (n — c0)

n@—1 % pF,, (1.10)

where « Lo stands for convergence in distribution and DJF, denotes the so-called
Dickey-Fuller distribution. Corresponding modes of convergence will be explained
in Chap. 14. Since Phillips (1987) an elegant way for expressing the Dickey-Fuller
distribution by stochastic integrals is known (again, W(#) denotes a Wiener process):

1

DF, = M . (1.11)
Jo W2(r) dt

Note (and enjoy!) the formal correspondence of the sum of squares Y ,_, xf_ | in

the denominator of @ — 1 and the integral over the squared Wiener process in the

denominator of (1.11), fol W2(t) dt (this is a Riemann integral, cf. Chap. 8). Just

as well the sum Z:l=1 Xi—1 & = Z’:=1 x;—1 Ax; resembles the so-called Ito integral

fol W (t) dW(t). But how are these integrals defined, what are they about? How is this
distribution (and similar ones) attained? And why does there exist another equivalent
representation,

W2(1) —1
pr,= M- (1.12)
2 [, W2(r)dt
of the Dickey-Fuller distribution? We concern ourselves with these questions in
connection with Ito’s lemma in Chap. 11.

Autocorrelation

The assumption of the increments Ax; = x;, — x,—; of economic times series being
free from serial (temporal) correlation — as it is true for the random walk — is too
restrictive in practice. Thus, we have to learn how the Dickey-Fuller distribution is
generalized with autocorrelated (i.e. serially correlated) increments. In practise, so-
called ARMA models are used most frequently in order to model autocorrelation.
This class of models will be discussed intuitively as well as rigorously in Chap. 3.
The so-called spectral analysis translates autocorrelation patterns in oscillation
patterns. In Chap. 4 we learn to determine which frequency’s or period’s oscillations
add particularly intensely to a time series’ variation. Often economists are refused
access to spectral analysis because of the extensive use of complex numbers.
Therefore, we suggest an approach that avoids complex numbers. Finally, Chap. 5
introduces a model where the temporal dependence is particularly persistent such
that the autocorrelations die out more slowly than in the ARMA case. Such a feature
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has been called “long memory” and is observed with many economic and financial
series.

1.4 Mathematics

Stochastic calculus, which will be applied here, is a rather recent area in mathemat-
ics. It was pioneered by Kiyoshi Ito? in a sequence of pathbreaking papers published
in Japanese starting from the forties of the last century.* The Ito integral as a special
case of stochastic integration is introduced in Chap. 10.

Ito Integrals

The aforementioned interest rate model by Vasicek (1977) leads to a stochastic
process given by an integral constructed as for f(s) dW(s) where f is a deterministic
function and again dW denotes the increments of a Wiener process. Such integrals —
being in a sense classical integrals — will be defined as Stieltjes integrals in Chap. 9.
Ito integrals are a generalization of these. At first glance, the deterministic function
f is replaced by a stochastic process X, fot X(s) dW(s). Mathematically, this results
in a considerably more complicated object, the definition thereof being a problem
on its own, cf. Chap. 10.

Ito’s Lemma
At this point, the idea of Ito’s lemma is briefly conveyed. For the moment, assume

a deterministic (differentiable) function f(¢). Using the chain rule it holds for the
derivative of the square f2:

SO
0 —210170
or rather
d 2
PO rorwa=roaqo. (1.13)

3 Alternative transcriptions of his name into the Latin alphabet, Itd or Itd, are frequently used in
the literature and are equally accepted. In this textbook we follow the spelling of Ito’s compatriot
(Tanaka, 1996).

4In 2006, Tto received the inaugural Gauss Prize for Applied Mathematics by the International
Mathematical Union, which is awarded every fourth year since then.
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Thus, for the ordinary integral it follows

t

[ 106 = [ roros= 370 =3 (Fo-£o).
0 0

1
0 2
However, among other things, we will learn that the Wiener process is not a

differentiable function with respect to time ¢. The ordinary chain rule does not apply
and for the according Ito integral one obtains

t

(W2(s) —s)| == (W) — W*(0) —1) . (1.14)

0

| =

N =

/t W(s) dW(s) =
0

This result follows from the famous and fundamental lemma by Ito being a kind of
“stochastified chain rule” for Wiener processes in its simplest case. Instead of (1.13)
for Wiener processes it holds that

dW2(1)
2

= W(r)dW () + %dr. (1.15)

Substantial generalizations and multivariate extensions will be discussed in
Chap. 11. In particular, Ito’s lemma will enable us to solve stochastic differential
equations in Chap. 12, and it will turn out that S(¢) solving (1.3) is a so-called
geometric Brownian motion. In Chap. 13 we will look in greater detail in models
for interest rates as e.g. given by Eq. (1.7).

Starting point for all the considerations outlined is the Wiener process — often
also called Brownian motion. Before turning to it and its properties, general
stochastic processes need to be defined and classified beforehand. This is done —
among other things — in the following chapter on basic concepts from probability
theory.

1.5 Problems and Solutions

Problems

1.1 Solve the differential equation (1.1), i.e. obtain the solution (1.2).
1.2 Verify that r(¢) from (1.6) solves the differential equation (1.4).

1.3 Consider a simple regression model,

yi:a+ﬁxi+8is izlv"'snv
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with OLS estimator ,3 Check that:

A ;l= (xi — )_C) &
fop =Tz DY
Zi=1 (x; — %)

with arithmetic mean x.

Hint: )7, (x; = X) = 0.

1.4 Let /" denote n-th power of a function f with derivative /', n € N. Show that:

t
7O =0 +n [ 7050 .

Hint: Chain rule as in (1.13).

Solutions

1.1 Using equation (1.1) we get by integration

/Ot 5;((:)) dr = /Otcdrz ct.

Since?

dlog(S(n) _ S'(1)
dt S

this implies

log(8(1)) —1og(85(0)) = cz,

or

S(f) — elog(S(O)) ect
= 5(0) e,

which is the required solution.

By “log” we denote the natural logarithm to the base e.
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1.2 Taking the derivative of (1.6) yields:

dr
T — e () - )
= el — ).

where again the given form of r(f) was used. By purely symbolically multiplying
by dt the equation (1.4) is obtained. Hence, the problem is already solved.

1.3 It is well known that the OLS estimator is given by “covariance divided by
variance of the regressor”, i.e. it holds that:

I =) (i—)

P =5 e

Because of ) ;_, (x; —X) = 0 this simplifies to

% Z?:l (xi = X)yi

ﬁzzﬁz;xm—@f

Assuming the model to be correct and substituting y; = o + B x; + &;, one obtains

Yoim (i —X) (o + Bxi + &)
Z?=1 (x; — )_5)2

Again applying the argument Y ., (x; — x) = 0 yields

B =

i (i = X) (B —X) + &)

F= Z?=1(xi —X)?
_ Z?:](xi —X)&;
=B+ —Z?=l(-xi —ap .

This was exactly the claim.

1.4 We address the problem in a slightly more general way. Let g be a differentiable
function with derivative g’. By the fundamental theorem of calculus it holds that®

t

/g@m=g®—ﬂm

0

SFor an introduction to calculus we recommend Trench (2013); this book is available electronically
for free as a textbook approved by the American Institute of Mathematics.
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or

t

¢(0) = 5(0) + / ¢/ (s)ds.

0

If g describes a process over time, this last relation can be interpreted the following
way: The value at time 7 is made up by the starting value g(0) plus the sum or
integral over all changes occurring between 0 and ¢. Now, choosing in particular

() = f"(1) with
g0 =nf"" (0f ()

we obtain the required result.
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2.1 Summary

This chapter reviews some basic material. We collect some elementary concepts
and properties in connection with random variables, expected values, multivariate
and conditional distributions. Then we define stochastic processes, both discrete and
continuous in time, and discuss some fundamental properties. For a successful study
of the remainder of this book, the reader is required to be familiar with all of these
principles.

2.2 Random Variables

Stochastic processes are defined as families of random variables. This is why
related concepts will be recapitulated to facilitate the definition of random variables.
Measure theoretical aspects, however, will not be touched.!

Probability Space

We denote the possible set of outcomes of a random experiment by 2. Subsets
A, A C £2, are called events. These events are assigned probabilities to. The
probability is a mapping

A PA)e[0,1], ACQ,

TRoss (2010) provides a nice introduction to probability, and so do Grimmett and Stirzaker (2001)
with a focus on stochastic processes. For a short reference and refreshing e.g. the shorter appendix
in Bickel and Doksum (2001) is recommended.

© Springer International Publishing Switzerland 2016 13
U. Hassler, Stochastic Processes and Calculus, Springer Texts in Business
and Economics, DOI 10.1007/978-3-319-23428-1_2



14 2 Basic Concepts from Probability Theory

which fulfills the axioms of probability,

* P(A) =0,
. P(2)=1,

b P(UA,) = ZP(A,) fOI'A,' ﬂAj = @ with i 75‘],

where {A;} may be a possibly infinite sequence of pairwise disjoint events. For a
well-defined mapping, we do not consider every possible event but in particular
only those being contained in o-algebras. A o-algebra’> F of 2 is defined as a
system of subsets containing

* the empty set @,
» the complement A€ of every subset A € F (this is the set §2 without A, A® =
2\ A),

¢ and the union | J A; of a possibly infinite sequence of elements A; € F.

Of course, a g-algebra is not unique but can be constructed according to problems
of interest. The interrelated triple of set of outcomes, o-algebra and probability
measure, (§2, F, P), is also called a probability space.

Example 2.1 (Game of Dice) Consider a fair hexagonal die with the set of outcomes
2 ={1,2,3,4,5,6},
where each elementary event {w} C £2 is assigned the same probability to:
P = =P} = ¢

When #(A) denotes the number of elements of A C §2, it holds in the example of
the die that

_ M) _#A)

P@) = #2) 6

The probability for the occurrence of A hence equals the number of outcomes
leading to A divided by the number of possible outcomes. If one is only interested
in the event whether an even or an odd number occurs,

E=1{2.,4,6}, E°=R\E={1,3,5},

2Sometimes also called a o-field, which motivates the symbol F.



2.2 Random Variables 15

then the o-algebra obviously reads
Fi1 =1{0,E E, £2}.

If one is interested in all possible outcomes without any qualification, then the
o-algebra chosen will be the power set of §2, P(£2). This is the set of all subsets
of £2:

Fr=P(2) =1{0.{1},...,{6},{1,2},...,{5,6},{1,2,3},..., 2}.

Systematic counting shows that P(£2) contains exactly 2#() = 26 = 64 elements.
With one and the same probability mapping one obtains for different o-algebras
different probability spaces:

(£2,7,P) and (£2,7,P). N

Random Variable

Often not the events themselves are of interest but some values associated with them,
that is to say random variables. A real-valued one-dimensional random variable X
maps the set of outcomes §2 of the space (2, F, P) to the real numbers:

X: £ >R

o~ X().

Again, however, not all such possible mappings can be considered. In particular, a
random variable is required to have the property of measurability (more precisely:
F-measurability). This implies the following: A subset B C R defines an event of
£2 in such a way that:

X '(B) :={w € 2| X(w) € B} .

This so-called inverse image X~!(B) C 2 of B contains exactly the very elements
of §£2 which are mapped by X to B. Let B be a family of sets consisting of subsets
of R. Then as measurability it is required from a random variable X that for all
B € B all inverse images are contained in the o-algebra F: X~!(B) € F. Thereby
the probability measure P on F is conveyed to B, i.e. the probability function P,
assigning values to X is induced as follows:

P,XeB)=P(X '(B)). BeB.
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Thus, strictly speaking, X does not map from £2 to R but from one probability space
to another:

X: (Q,]:,P)_)(RyBst)v

where B now denotes a o-algebra named after Emile Borel. This Borel algebra B is
the smallest o-algebra over R containing all real intervals. In particular, for x € R
the event X < x has an induced probability leading to the distribution function of
X defined as follows:

Fi(x) :=Py(X <x) =P, (X € (—00,x]) = P (X! ((—00.x])) , x€R.

Example 2.2 (Game of Dice) Let us continue the example of dice and let us define
a random variable X assigning a gain of 50 monetary units to an even number and
assigning a loss of 50 monetary units to an odd number,

1+— =50
2 +— 450
X:3+— =50
4 — +50
5~ —50
6 — 450

The random variable X operates on the probability space (£2, i, P) known from
Example 2.1. For arbitrary real intervals probabilities P, with F; = {@,E, E, 2}
are induced, e.g.:

P, (X € [-100,—50]) = P (X' ([~100, —50))) = P(E*) = %

F,(60) = P, (X € (—00,60]) = P (X' ((—00. 60])) = P(£2) = 1.

Let a second random variable ¥ model the following gain or loss function:

1~ —10
2 =20
Y: 3+ =30
4 — —40
5~ 0
6 — 100

As in this case each outcome leads to another value of the random variable, the
probability space chosen is (£2, 2, P) with the power set 7, = P(§2) being the
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o-algebra. Then we obtain for Y for instance the following probabilities:

Fy(0) =P, (Y <0) =P (Y '(~00,0]) = P({1,2,3,4,5}) = g

P, (Y € [-20,20)) = P (Y~'[-20,20)) = P({1,2,5}) = %

For another probability space the mapping Y is possibly not measurable and
therefore it cannot be a random variable. E.g. Y is not F;-measurable. This is due
to the fact that the image ¥ = 0 has the inverse image Y~!(0) = {5} C £ which is
not contained in F; as an elementary event: {5} ¢ F;. B

Continuous Random Variables

For most of all problems in practice we do not explicitly construct a random
experiment with probability P in order to derive probabilities P, of a random
variable X. Typically we start directly with the quantity of interest X modeling a
probability distribution without inducing it. In particular, this is the case for so-
called continuous variables. For a continuous random variable every value taken
from a real interval is a possible realization. As a continuous random variable can
therefore take uncountably many values it is not possible to calculate a probability
P(x; < X < x,) by summing up the individual probabilities. Instead, probabilities
are calculated by integrating a probability density. We assume the function f(x) to
be continuous (or at least Riemann-integrable) and to be nonnegative for all x € R.
Then f is called (probability) density (or density function) of X if it holds for
arbitrary numbers x; < x, that

Pxj <X <x) = /Xzf(x) dx.

The area beneath the density function therefore measures the probability with
which the continuous random variable takes on values of the interval considered.
In general, a density is defined by two properties:

L) =0,
+o00
2. f)de=1.

Thus, the distribution function F(x) = P(X < x) of a continuous random variable X
is calculated as follows:

F(x) = /_ f(@) dt.
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If there is the danger of a confusion, we sometimes subscript the distribution
function, e.g. F(0) = P(X < 0).

Expected Value and Higher Moments

As is well known, the expected value E(X) (also called expectation) of a
continuous random variable X with continuous density f is defined as follows:

E(Y) = /_ " ) dx.

oo

For (measurable) mappings g, transformations g(X) are again random variables, and
the expected value is given by:

[e.o]

E[g(X)] =/ g(X)f (x) dx.

In particular, for each power of X so-called moments are defined fork = 1,2, ...
Mik = E [Xk] .

Note that this term represents integrals which are not necessarily finite (then one
says: the respective moments do not exist). There are even random variables whose
density f allows for very large observations in absolute value with such a high
probability that even the expected value y; is not finite.? If nothing else is suggested,
we will always assume random variables with finite moments without pointing out
explicitly.

Often we consider so-called centered moments where g(X) is chosen as (X —
E(X))*. For k = 2 the variance is obtained (often denoted by o2)*:

(o]

(x = B(X))’f (x) dx.

02 = Var(X) = /
Elementarily, the following additive decomposition is shown:

Var(X) = E(X*) — (B(X))* = pa — ] 2.1)

3 An example for this is the Cauchy distribution, i.e. the t-distribution with one degree of freedom.
For the Pareto distribution, as well, the existence of moments is dependent on the parameter value;
this is shown in Problem 2.2.

“Then o describes the square root of Var(X) with positive sign.
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Since Var(X) > 0 by construction, this gives rise to the following inequality:
(E(X))> <E(X?) . (2.2)

In addition to centering, for higher moments a standardization is typically consid-
ered. The following measures of skewness and kurtosis with k = 3 and k = 4,
respectively, are widely used:

_ BI(X — )] _ BIX — )]
V1= - 3 V2 = - 4 -
o o

The skewness coefficient is used to measure deviations from symmetry. If X
exhibits a density f which is symmetric around the expected value, it obviously
follows that y; = 0. The interpretation of the kurtosis coefficient is more difficult.
Generally, y; is taken as a measure for a distribution’s “peakedness”, or alternatively,
for how probable extreme observations (“outliers”) are. Frequently, the normal
distribution is taken as a reference. For every normal distribution (also called
Gaussian distribution, see Example 2.4) it holds that the kurtosis takes the value 3.
Furthermore, it can be shown that it holds always true that

=1,
which is verified in Problem 2.1.

Example 2.3 (Kurtosis of a Continuous Uniform Distribution) The random variable
X is assumed to be uniformly distributed on [0, b] with density

1
_ b X € [O, b]
S 0, else
As is well known, it then holds that
b b?
1 :E(X):E’ 02:Var(X):E.

In order to calculate the kurtosis y, we are interested in the fourth centered moment:

b
E[(X—u1)4]=/( —§)4édx.
0
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For this we determine (binomial theorem):

4 2 3 4
( —g) =x4+4x3(—§)+6x2bz+4x(—§) +(§)

3 1 b*

4 3 212 3
=x* =230 4+ Z4%p% — —xb® + —.
* 2 2" 16

From this it is obtained that

/ »\* B b b b b

) dr= =

/( 2)x 5 272 4 1
0

bS
f— %’
and hence
b4
E[X— 4] .
( 1) 30

The kurtosis coefficient is therefore determined as

ot ~ 80\ »?

It is obvious that the kurtosis is independent of b. The value 1.8 is clearly smaller
than 3 indicating that the uniform distribution’s curve exhibits a flatter behavior than
that of the normal distribution. Hl

Markov’s and Chebyshev’s Inequality

Consider again the random variable X with variance 0> = Var(X). Depending on
02, Chebyshev’s inequality allows to bound the probability with which the random
variable is distributed around its expected value. In fact, this result is a special case
of the more general Markov’s inequality, see (2.3), which is established e.g. in Ross
(2010, Sect. 8.2). A proof of Chebyshev’s result given in (2.4) will be provided in
Problem 2.3.
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Lemma 2.1 (Markov’s and Chebyshev’s Inequality) Let X be a random vari-
able.

(a) If X takes only nonnegative values, then it holds for any real constant a > 0:

EX
P(X>a) < (a ); (2.3)
(b) with 0% = Var(X) < oo it holds that
0_2
P(X-EX)| >¢) < = (2.4)

where ¢ > 0 is an arbitrary real constant.

Example 2.4 (Normal Distribution) The density of a random variable X with
normal or Gaussian distribution with parameters y and o > 0 goes back to Gauss®

and is, as is well known,
1 1 /x—p 2)
exp| —= ( ) , x € R,
V2no P ( 2 o

fx) =

with
E(X) = u and Var(X) = o>.

In symbols we also write X ~ AN (u,0?). As the density function is symmetric
around p it follows that y; = 0. The kurtosis we adopt from the literature without
calculation as y, = 3. Sometimes we use this result for determining the fourth
centered moment. Under normality it holds that:

E[(X — pu1)*] = 3 (Var(X))*.

We want to use this example to show that Chebyshev’s inequality may be not very
sharp. For example,

o?
P(X —pu| >20) < — = 0.25.
402

3The traditional German spelling is GauB. Carl Friedrich GauB lived from 1777 to 1855 and was a
professor in Gottingen. His name is connected to many discoveries and inventions in theoretical and
applied mathematics. His portrait and a graph of the density of the normal distribution decorated
the 10-DM-bill in Germany prior to the Euro.
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When using the standard normal distribution, however, one obtains a much smaller
probability than the bound due to (2.4):

X— X—
P(|X — ul 220):P(M zz) =2P(—“ 5—2) ~0.044. W
o o

2.3 Joint and Conditional Distributions

In this section we first recapitulate some widely known results. At the end we
introduce the more involved theory of conditional expectation.

Joint Distribution and Independence
In order to restrict the notational burden, we only consider the three-dimensional
case of continuous random variables X, ¥ and Z with the joint density function

f+.y,. mapping from R? to R. For arbitrary real numbers a, b and ¢, probabilities are
defined as multiple (or iterated) integrals:

c b a
PX<aY<bZ<c) = / / / Seyz(x,y, 2)dxdydz.
—o0 J—o00 J—00

As long as f is a continuous function, the order of integration does not matter, i.e.
one obtains e.g.

a b c
PX<aY<bZ<c)= / / / Seyz (X, ¥, 2)dzdydx
—00 J—00 J —00

= / / / Sy (e, y, 2)dzdxdy .
oo Joo Joo

This reversibility is sometimes called Fubini’s theorem.’
Univariate and bivariate marginal distributions arise from integrating the respec-
tive variable:

o= [ Z [ :fx,y,z(x,y, Ddvz.

ey = f_ Frneloy. .

6 Cf. Sydster, Strgm, and Berck (1999, p. 53). A proof is contained e.g. in the classical textbook
by Rudin (1976, Thm. 10.2), or in Trench (2013, Coro. 7.2.2); the latter book may be recommended
since it is downloadable free of charge.
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The variables are called stochastically independent if, for arbitrary arguments, the
joint distribution is given as the product of the marginal densities:

Jeya(6.y,2) = () () @),

which implies pairwise independence:

Jey(,y) = f:(0) /() -

The joint probability
c b a
razar=szzo= [ [ [ reosoneddd:
—00 J—00 J —00

is, under independence, factorized to

c b a
PX<aY<bhZ<c) = /_ /_ HOLE) [ /_ .ﬁ(x)dx] dydz

[l [ ][ sl

a b c
[ swax [ pow [ rea
=PX <a)P(Y <Db)P(Z < ¢).

Covariance
In particular for only two variables a generalization of the expectation operator is

considered. Let 4 be a real-valued function of two variables, h: R?2 — R, then we
define as a double integral:

o0 o0
B ) = [ [ bt oy
—00 ¥ —O0
Hence, the covariance between X and Y can be defined as follows:

Cov(X.Y) := E[(X — E(X))(Y — E(Y))]
= E(XY) - EX)E(Y),
where the finiteness of these integrals is again assumed tacitly. It can be easily

shown that the independence of two variables implies their uncorrelatedness, i.e.
Cov(X,Y) = 0, whereas the reverse does not generally hold true. In particular, the
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covariance only measures the linear relation between two variables. In order to have
the measure independent of the units, it is usually standardized as follows:

Cov(X,Y)

Py = R /Var(Y)

The correlation coefficient p,, is smaller than or equal to one in absolute value, see
Problem 2.7.

Example 2.5 (Bivariate Normal Distribution) Let X and Y be two Gaussian
random variables,

X~ N 07), Y ~N(uy,07),

with correlation coefficient p. We talk about a bivariate normal distribution if the
joint density takes the following form:

1
fry(,y) = —————=u,(x,y)
y 2m0.0y/1 — p? y

with @, (x,y) equal to

1 x— e\ X— 1\ (V= By y— i\
- -2 — — .
expg 2009 [( 2e) -2 () (1) + (55
Symbolically, we denote the vector as

();) ~ N>, ),

where 1 is a vector and X' stands for a symmetric matrix:

2
e _ (o Cov(X,Y)
“_(uy)’ E‘(Cov(x,Y) o )

In general, the covariance matrix is defined as follows:

_ X-EX) B B
E—E[(Y_E(Y))(X E(X), Y E(Y))]
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Note that in the case of uncorrelatedness (p = 0) it holds that

foiy) = L %_(X—Mx)z} exp =)
AR 202 | V2mo, 202
= @) /).

The joint density function is then determined as the product of the individual
densities. Consequently, the random variables X and Y are independent. Therefore it
follows, in particular for the normal distribution, that uncorrelatedness is equivalent
to stochastic independence. Furthermore, bivariate Gaussian random variables have
the property that each linear combination is univariate normally distributed. More
precisely, it holds for A € R? with’” 1’ = (4, A,) that:

pY (};) — X+ MY ~ NV A ER).

Interesting special cases are obtained with A’ = (1, 1) and A’ = (1, —1) for
sums and differences. Note that furthermore for multivariate normal distributions
necessarily all marginal distributions are normal (with A’ = (1,0) and A’ = (0, 1)).
The reverse does not hold. A bivariate example for Gaussian marginal distributions
without joint normal distributions is given by Bickel and Doksum (2001, p. 533). &

Cauchy-Schwarz Inequality

The inequality by Cauchy and Schwarz is the reason why |p,,| < 1 applies. The
following statement is verified in Problem 2.6.

Lemma 2.2 (Cauchy-Schwarz Inequality) For arbitrary random variables Y and
Z it holds that

|E(YZ)| < VE(Y?)VE(Z?), (2.5)
where finite moments are assumed.

We want to supplement the Cauchy-Schwarz inequality by an intermediate inequal-
ity, see (2.8). For this purpose we remember the so-called triangle inequality for

"Up to this point a superscript prime at a function has denoted its derivative. In the rare cases
in which we are concerned with matrices or vectors, the symbol will also be used to indicate
transposition. Bearing in mind the respective context, there should not occur any ambiguity.
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two real numbers:
lar + a2| < |ai| + |azl.

Obviously, this can be generalized to:

n

>

i=1

n
=D lail.
i=1

If the sequence is absolutely summable, it is allowed to set n = oco. This suggests
that an analogous inequality also applies for integrals. If the function g is continuous,
this implies continuity of |g| and one obtains:

'/ g(x)dx

This implies for the expected value of a random variable X:

< [ g@dx.

[E )| < E(IX]). (2.6)

This relation resembles (2.2); in fact, both relations are special cases of Jensen’s
inequality.® A random variable is called integrable if E(|X|) < oo. Of course this
implies a finite expected value. For integrability a finite second moment is sufficient,
which follows from (2.5) with Y = |X|and Z = 1:

E(IX]) < VEX2V12 = VE(X)%.

Now, if setting X = YZ in (2.6), it follows that: |E(YZ)| < E(|Y||Z]). This is the
bound added to (2.5):

[E(Y2)| =E(Y]|Z]) = VE(Y*)VE(2?). (2.3

The first inequality follows from (2.6). The second one will be verified in the
problem section.

8The general statement is: for a convex function g it holds
g(EX) <E (X)) ; (X))

see e.g. Sydseter et al. (1999, p. 181), while a proof is given e.g. in Davidson (1994, Ch. 9) or
Ross (2010, p. 409).



2.3 Joint and Conditional Distributions 27

Conditional Distributions

Conditional distributions and densities, respectively, are defined as the ratio of the
joint density and the “conditioning density”, i.e. they are defined by the following
density functions (where positive denominators are assumed):

_ Sry(x,Y)
fx\y(—x) = f;(y) s
_ freye(,3,2)
fxly,z(-x) - f;*,z(y, Z_) 5
Sy, 3,2)
Syl (6, y) = T

It should be clear that these conditional densities are in fact density functions. In
case of independence it holds by definition that the conditional and the unconditional
densities are equal, e.g.

Jay®) = fe(x) .

This is very intuitive: In case of two independent random variables, one does not
have any influence on the probability with which the other takes on values.

Conditional Expectation

If the random variables X and Y are not independent and if the realization of Y is
known, Y = y, then the expectation of X will be affected:

o]

Xfxly (X)dx.

Bl =) = [

Analogously, we define the conditional expectation of a random variable Z, Z =
h(X.Y),h:R*> — R, given Y = y as:

EZIY =y) =E(h(X.Y)|Y =)

:/ h(x, y)fxy(x) dx.

In particular, for A(X,Y) = X g(Y) with g : R — R one therefore obtains

EagwnYzwzg@y[.mM@w

= g(y) EX|Y =y).
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Here, the marginal density of X is replaced by the conditional density conditioned
on the value Y = y.

Technically, we can calculate the density conditioned on the random variable Y
instead of conditioned on a value® ¥ = y:

fx,y (x,Y)

L0 =255

By fyjy (x) a transformation of the random variable Y and consequently a new random
variable is obtained. This is also true for the related conditional expectations:

o

Xfyy (x)dx,

oo

h(x, Y)fqy (x)dx.

E(X|Y) = /

Emamm3=/

As this is about random variables, it is absolutely reasonable to determine the
expected value over the conditional expectation. This calculation can be carried out
applying a rule called the “law of iterated expectations (LIE)” in the literature; it is
given in Proposition 2.1. In order to prevent confusion whether X or Y is integrated,
it is advisable to subscript the expectation operator accordingly:

[e.]

ammm=/

—00 —00

B0y = | U:ﬁmmﬂﬁmw

Although Y and g(Y) are random variables, after conditioning on Y they can be
treated as constants and in case of a multiplicative composition, they can be put in
front of the expected value when integration is with respect to X. This is the second
statement in the following proposition, also cf. Davidson (1994, Theorem 10.10).
The first statement will be derived in Problem 2.9.

Proposition 2.1 (Conditional Expectation) With the notation introduced above, it
holds that:

(a) Ey[Ex(X|Y)] = Ex(X)r
(b) Ex(g(MX|Y) = g(WME(X]Y) for h(X,Y) = Xg(¥).

This is not a really rigorous way of introducing expectations conditioned on random variables.
A mathematically correct exposition, however, requires measure theoretical arguments not being
available at this point; cf. for example Davidson (1994, Ch. 10), or Klebaner (2005, Ch. 2). More
generally, one may define expectations conditioned on a o-algebra, E(X|G), where G could be the
o-algebra generated by Y: G = o (Y).
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Frequently, we formulate these statements in a shorter way,
E[E(X|Y)] = E(X),

E (g(M)X|Y) = g(Y) E(X|Y),

if there is no risk of misunderstanding.

2.4 Stochastic Processes (SP)

In this section stochastic processes are defined and classified. In the following
chapters we will be confronted with concrete types of stochastic processes.

Definition

A univariate stochastic process (SP) is a family of (real-valued) random variables,
{X(#; ) }er, for a given index set T:

X: Tx2 —- R
(t; w) —» X(t;w).

The subscript ¢ € T is always to be interpreted as “time”. At a fixed point in time %,
the stochastic process is therefore simply a random variable,

X: £ —->R

o +— X(t;w).

A fixed wy, however, results in a path, a trajectory or a realization of a process which
is also often referred to as time series,

X: T —-R
t = X(t;wp).
In fact, a stochastic process is a rather complex object. In order to characterize it

mathematically, random vectors of arbitrary, finite length » at arbitrary points in
time f; < --- < t, have to be considered:

Xo(t:) i= (X(t130), « ooy Xt @), 1 <oor <ty
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The multivariate distribution of such an arbitrary random vector characterizes
a stochastic process. In particular, certain minimal requirements for the finite-
dimensional distribution of X,,(#;) guarantee that a stochastic process exists at all.'®

Depending on the countability or non-countability of the index set T, discrete-
time and continuous-time SPs are distinguished. In the case of sequences of random
variables, we talk about discrete-time processes, where the index set consists of
integers , T € N or T C Z. For discrete-time processes we agree upon lower case
letters as an abbreviation without explicitly denoting the dependence on w,

{x}, 1€T for{X(;w)}er.
For so-called continuous-time processes the index set T is a real interval, T =
[a,b] € R, frequently T = [0,7] or T = [0, 1], however, open intervals are also

admitted. For continuous-time processes we also suppress the dependence on w
notationally and write in a shorter way'!

X(@),teT for{X(tw)}er.

Stationary and Gaussian Processes
Consider again generally an arbitrary vector of the length n,
Xn(ti) = (X(ll; 0)), ey X(ln; C()))/ .

If X,,(#;) is jointly normally distributed for all n and #;, then X (¢; @) is called a normal
process (also: Gaussian process). Furthermore, we talk about a strictly stationary
process if the distribution is invariant over time. More precisely, X, (;) follows the
same distribution as a vector which is shifted by s units on the time axis.

Xt +5) = Xt +5;50), ..., X(ty + 5;0)) .
The distributional properties of a strictly stationary process do not depend on

the location on the time axis but only on how far the individual components
X(t;; w) are apart from each other temporally. Strict stationarity therefore implies

10These “consistency” requirements due to Kolmogorov are found e.g. in Brockwell and Davis
(1991, p. 11) or Grimmett and Stirzaker (2001, p. 372). A proof of Kolmogorov’s existence theorem
can be found e.g. in Billingsley (1986, Sect. 36).

"'The convention of using upper case letters for continuous-time process is not universal.
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the expected value and the variance to be constant (assuming they are finite) and the
autocovariance for two points in time to depend only on the temporal interval:

1. EX(t;w)) = puyforte T,
2. Cov(X(t;w), X(t + h;w)) = y(h) forallt,t + h e T,

and therefore in particular

Var (X(t; w)) = y»(0) forallteT.
A process (with finite second moments E[(X(7; a)))z]) fulfilling these two conditions
(without necessarily being strictly stationary) is also called weakly stationary

(or: second-order stationary). Under stationarity, we define as autocorrelation
coefficient also independent of #:

Synonymously to autocorrelation we also speak of serial or temporal correlation.
For weak stationarity not necessarily the whole distribution is invariant over time,
however, at least the expected value and the autocorrelation structure are constant.

In the following, the term “stationarity” always refers to the weak form unless
stated otherwise.

Example 2.6 (White Noise Process) In the following chapters, {g,} often denotes
a discrete-time process {(f; w)} free of serial correlation. In addition we assume a

mean of zero and a constant variance 2 > 0, i.e.

E(e;) =0 and E(ge;) = C;Z” ; ; j .
By definition such a process is weakly stationary. We typically denote it as

{e;} ~ WN(0,0?).
The reason why such a process is called white noise will be provided in Chap. 4. B
Example 2.7 (Pure Random Process) Sometimes {g;} from Example 2.6 will
meet the stronger requirements of being identically and independently distributed.

Identically distributed implies that the marginal distribution

Fi(e) =P(e, <e)=F(e), i=1,...,n,
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does not vary over time. Independence means that the joint distribution of the vector

En, = (&0, &)

equals the product of the marginal distributions. As the marginal distributions are
invariant with respect to time, this also holds for their product. Thus, {g,} is strictly
stationary. In the following it is furthermore assumed that ¢; has zero expectation
and the finite variance 0. Symbolically, we also write'?:

{e;} ~ 1id(0,0?).

A stochastic process with these properties is frequently called a pure random
process. Clearly, an iid (or pure random) process is white noise. ll

Markov Processes and Martingales

A SP is called a Markov process if all information of the past about its future
behavior is entirely concentrated in the present. In order to capture this concept
more rigorosly, the set of information about the past of the process available up to
time ¢ is denoted by Z,. Frequently, the information set is also referred to as

=0 X(r;w), r<t),

because it is the smallest o-algebra generated by the past and presence of the process
X(r; ) up to time #.'> The entire information about the process up to time ¢ is
contained in Z,. A Markov process, so to speak, does not remember how it arrived
at the present state: The probability that the process takes on a certain value at time
t+ s depends only on the value at time ¢ (“present”) and does not depend on the past
behavior. In terms of conditional probabilities, for s > 0 the corresponding property
reads:

PX(t+s;0)<x|L)=PX(t+s0)<x|Xto)). (2.9)
A process is called a martingale if the present value is the best prediction for

the future. A martingale technically fulfills two properties. In the first place, it has
to be (absolutely) integrable, i.e. it is required that (2.10) holds. Secondly, given all

12The acronym stands for “independently identically distributed”.

3By assumption, the information at an earlier point in time is contained in the information set at a
subsequent point in time: Z, € Z,4, for s > 0. A family of such nested o-algebras is also called
“filtration”.
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information Z;, the conditional expectation only uses the information at time ¢. More
precisely, the expected value for the future is equal to today’s value. Technically, this
amounts to:

E(|X(#; w)|) < o0, (2.10)
EX(t+ s;0)|T;) = X(t;w), s > 0. (2.11)

Note that the conditional expectation is a random variable. Therefore, strictly
speaking, equation (2.11) only holds with probability one.

Martingale Differences

Now, let us focus on the discrete-time case. A discrete-time martingale is defined by
the expectation at time ¢ for 7+ 1 being given by the value at time z. This is equivalent
to expecting a zero increment from ¢ to ¢ + 1. Therefore, this concept is frequently
expressed in form of differences. We then talk about martingale differences. As
we will see, in a sense, such a property is settled between uncorrelatedness and
independence and is interesting from both an economic and a statistical point of
view.

We again assume an integrable process, i.e. {x;} fulfills (2.10). It is called
a martingale difference (or martingale difference sequences) if the conditional
expectation (given its own past) is zero:

E(.xt+1 Io(xt,Xt_] b .)) = 0.

This condition states concretely that the past does not have any influence on
predictions (conditional expectation); i.e. knowing the past does not lead to an
improvement of the prediction, the forecast is always zero. Not surprisingly, this
also applies if only one single past observation is known (see Proposition 2.2(a)).
Two further conclusions for unconditional moments contained in the proposition
can be verified,'* see Problem 2.10: martingale differences are zero on average and
free of serial correlation. In spite of serial uncorrelatedness, martingale differences
in general are on no account independent over time. What is more, they do not even
have to be stationary as it is not ruled out that their variance function depends on ¢.

“We cannot prove the first statement rigorously, which would require a generalization of
Proposition 2.1(a). The more general statement taken e.g. from Breiman (1992, Prop. 4.20) or
Davidson (1994, Thm. 10.26) reads in our setting as

E[EQx|Zi—1) [x—n] = EQxlxi—n) -



34 2 Basic Concepts from Probability Theory

Proposition 2.2 (Martingale Differences) For a martingale difference sequence
{x;} withZ, = o(x;, s <t) it holds that

(a) E(x;|x;—p) = 0for h> 0,

(b) E(x) =0,

(c) Cov(xy, Xi41n) = E(xXiX4n) = 0for h # 0
forallt € T.

Note that a stationary martingale difference sequence has a constant variance and
is thus white noise by Proposition 2.2. The concept should be further clarified by
means of an example.

Example 2.8 (Martingale Difference) Consider the process given by

3 ..
X=X ——, te{2,....n}, {&}~iid(0,0?),
Er—2
with x; = &; and g9 = 1. From this it follows that x, = x; z—i = £1&; and by

continued substitution:
Xt = E+—1&¢, t:2,...,n.

We want to show that this is a martingale difference sequence. Therefore, we note
that the past of the pure random process can be reconstructed from the past of x;:

X2 X2 X3 Xt
&= —=—,8=—,...,8&= .
&1 X1 & Er—1
Therefore, the information set Z, constructed from {x,, ..., x|} contains not only the

past values of x;41, but also the ones of the iid process up to time ¢. Thus, it holds
that
E(x+11Z:) = E(ee1411Z)
&B(er1|ZLr)
= &E(&r+1)
=0.

The first equality follows from the definition of the process. The second equality
is accounted for by Proposition 2.1(b). The third step is due to the independence
of &;4 of the past up to 7, that is why conditional and unconditional expectation
coincide. Finally, by assumption, &, is zero on average. All in all, by this the
property of martingale differences is established. Therefore, {x;} is free of serial
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correlation, however, it is serially (i.e. temporally) dependent, which is obvious from
the recursive definition. l

A prominent class of martingale differences are the ARCH processes treated in
Chap. 6.
2.5 Problems and Solutions
Problems
2.1 Prove for the kurtosis coefficient: y, > 1.
2.2 Let X follow a Pareto distribution with

fx) = Ox7 1, «x >1, 6>0.

Prove that X has finite k-th moments if and only if 6 > k.
2.3 Prove Chebyshev’s inequality (2.4).

2.4 Consider a bivariate distribution with:

1
ab °’ (X,y) € [Os Cl] X [Ovb]
— ) ab
x,y X, -
Sey(x,y) 0. else

Prove that X and Y are stochastically independent.

2.5 Calculate the expected values, variances and the correlation of X and Y from
Example 2.2.

2.6 Prove the second inequality from (2.8).

2.7 Prove for the correlation coefficient that |p,,| < 1.

2.8 Consider a bivariate logistic distribution function for X and Y:
Foyy)=(0+e*+e)7",

where x and y from R are arbitrary. What does the conditional density function of X
given Y = y look like?

2.9 Prove statement (a) from Proposition 2.1.
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2.10 Derive the properties (b) and (c) from Proposition 2.2.
Hint: Use statement (a).

Solutions

2.1 Assuming finite fourth moments we define for a random variable X with | =
E(X):

E(X — 1)
V2=
o
Consider the standardized random variable Z with expectation 0 and variance 1:

X —

7= with E(Z%) = 1.

For this random variable, it holds that y, = E(Z*). Replacing X by Z? in (2.2), it
follows

1= (E(@)) <E(Z%) = n,

which proves the claim.

2.2 For the k-th moment it holds:
o0 o0
E(X") = / Xf(x)dx = / 6 X dx.
—00 1

1. case: If 8 # k, then the antiderivative results in

0
—6—1 _ —0
/ka dx__k—QXk .

The corresponding improper integral is defined as limit:

0
/ O X0y = hrn r—r [xk_e]jlw.
. _
For 6 > k it follows that

0 9
0 dx=0—- — = —— .
/ k-0 o-k ™

For 6 < k, however, no finite value is obtained as M*—? goes off to infinity.



2.5 Problems and Solutions 37

2. case: For 0 = k the antiderivative takes on another form:
/9 K0y = /Gx_l dx = 6 log(x).

As the logarithm is unbounded, or log(M) — oo for M — o0, one cannot obtain
a finite expectation either, as the upper bound of integration is co.

Both cases jointly prove the claim.

2.3 We provide two proofs. The first one builds on the fact that (2.4) is a special
case of (2.3). The second one is less abstract and more elementary, and hence
instructive, too.

1. Note that (X — )2 is a nonnegative random variable. Therefore, (2.3) applies
with a = &%
E(X - p?)
&2 '

P(X—p)Y?=é) <

The event (X — w)> > &%, however, is equivalent to |[X — u| > &, which
establishes (2.4).

2. Elementarily, we prove the claim for the case that X is a continuous random vari-
able with density function f; the discrete case can be accomplished analogously.
Note the following sequence of inequalities:

Var(X) = /_ " = WY

> [ e wirwas [

—00 m

o0
(x = )*f (x)dx
+e
n—e oo
> / &2 (x)dx + / &2 (x)dx.

—00 nte

The first inequality is of course due to the omittance of
nte
[ w-wied=o.
n—e

The second one is accounted for by the fact that for the integrands of the
respective integrals it holds that:

x—pu<—e for x<u—e
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and
x—u>¢ for x>pu+e.
Up to this point, it is therefore shown that:

Var(X) > e?P(X < —¢&) + P(X > u + ¢)
=&’P(X — | = o).

This is equivalent to the claim.

2.4 The marginal density is obtained as follows:

£i0) = /_ Fuo.3)dy

b

1
0 ab
b—-0

ab

1

— forx €[0,q],
a

and f;(x) = 0 for x ¢ [0, a]. It also holds that

. y€[0,b]

1
b
0, else

L) =

Hence, one immediately obtains for all x and y:

Sy, y) = f(OAG).

which was to be proved.

2.5 Obviously, the expected value of X is zero,
E(X) =50-P.(X = 50) — 50 - P,(X = —50) = 0.
Therefore, it holds for the variance that:
Var(X) = E[(X — E(X))’] = E(X?)
=507 - P,(X = 50) + (=50)? - P,(X = —50)

2500 N 2500
) 2

= 2500.
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Also Y is zero on average:
E(Y) = —10-Py(Y = —10) —20- P, (Y = —20) — 30 - P, (Y = -30)
—40-Py(Y = —40) + 0-Py(Y = 0) 4+ 100 - P, (Y = 100)
1
=3 (—10—20—-30—-40+100) = 0.

Hence, the variance reads

Var(Y) = — ((=10)* + (=20)? + (=30)* + (—40)> + 0% + 100%) = 2166.67.

N =

For the covariance we obtain

Cov(X,Y) = E[(X — E(X)) (Y — E(Y))]
=EXY)

2 6
= Z Zx,‘yij,y(X = X, Y = yj)
i=1 j=1

In order to compute it, the entire joint probability distribution is to be established:
P.y(X = —50,Y = —40) = P({1,3,5} N {4}) = P(¥) =0,

1

P.y(X =50,Y = —40) = P({2,4,6} N {4}) =P({4}) = 3

Py (X = ~50,¥ = ~30) = P(E 1 (3) = P(3)) = .
P, (X = 50,Y = —30) = P(EN {3}) = P(0) = 0.

We may collect those numbers in a table:

Y= —40 —30 —20 —10

0 100
X = —50 0 : 0 L : 0
X =50 : 0 ¢ 0 0 ¢
Plugging in yields

E(XY) = — [=50-40 4 50-30 — 5020 4 50 - 10 + 50 - 0 + 50 - 100] = 666.67.

N =
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Therefore one obtains for the correlation coefficient apart from rounding errors
Pry = 0.286.

2.6 It only remains to be shown that:

E(Y]1Z]) = VE(Y*) VE(Z?).

In order to see that we use the binomial formula and obtain

oo 2 _(m gz ),
B VEmEZ) B\ VB JE))

Therefore, the expectation of the left hand side cannot become negative, which
yields:

_2BQYIZD L, EaYZD ),
VEW?) VE@Z) VEWP)VE?) )~
In particular, it can be observed that the expression is always positive except for the

case Y = Z. Rearranging terms verifies the second inequality from (2.8).

2.7 Plugging in X — E(X) and Y — E(Y) instead of Y and Z in (2.5) by
Cauchy-Schwarz it follows that

[E[(X —E())(Y —E(Y))]| < VE[(X — E(X))2]VE[(Y — E(Y))2],

which is the same as:

|Cov(X, Y)| < v/Var(X)+/ Var(Y).

This verifies the claim.

2.8 Due to
y X
Fuy(xy) = / / For (s )dr ds,
—o00 J—o0

fxy 1s determined by taking the partial derivative of F,, with respect to both
arguments:

azFx,y(X, y) ol +e™+ ) 2ex
axay o ay
_ 2e%e™
(I 4e*4+e)
= fry(x.y).
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The marginal distribution of Y is determined by

/_; /_ :fx,y(x, s)dxds

= lim F,,(x,y) = (1 +e)7".
X—>00

Fy(y)

The marginal density therefore reads

e
PO= ey

Division yields the conditional density:

fx.,y(xv y)

5
21+ e™)?
S (e 4e)3

fxly (-x) =

2.9 The following sequence of equalities holds and will be justified in detail. The
first two equations define exactly the corresponding (conditional) expectations. For
the third equality, the order of integration is reversed; this is due to Fubini’s theorem.
The fourth equation is again by definition (conditional density), whereas in the fifth
equation only the density of Y is cancelled out. In the sixth equation, the influence of
Y on the joint density is integrated out such that the marginal density of X remains.
This again yields the expectation of X by definition. Therefore, it holds that

oo

E, (E; (X|Y)) = / B, (X1y) f; 0) dy

[
g 8

(o]

/ xhiy (@) dx | £, 0) dy

— o0

Sy ) fy () dy | dx

Sy (x,y)
5O)

=

£y () dy | dx

I
g——g 8T™—3g 8T™—
=

gT—g 87™—3
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= fx 7fqu(x,y) dy | dx
= 7 X fr(x) dx
Y

which was to be verified.

2.10 We use statement (a), E(x;|x;—;) = 0 for 2 > 0, connected with the law of
iterated expectations:

E(x;) = E[E(x/|x—4)] = E(0) = 0.

This proves (b), that martingale differences are also unconditionally zero on average.
By applying both results of Proposition 2.1 for z > 0 again with (a), one arrives at:

E(x; x41) = E[E(x; X145 |x,)]
= E[E(X4nlx1)]
= Elx; - 0]
= 0.

Therefore, Cov(x;, x,4+4) = 0 for & > 0. However, as the covariance function is
symmetric in A, the result holds for arbitrary # # 0 which was to be verified to
show (c).
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3.1 Summary

This chapter is concerned with the modelling of serial correlation (or autocorrela-
tion) that is characteristic of many time series dynamics. To that end we cover a class
of stochastic processes widely used in practice. They are discrete-time processes:
{x:}ser with T C Z. Throughout this chapter, the innovations or shocks {e;} behind
{x;} are assumed to form a white noise sequence as defined in Example 2.6. The
next section treats the rather simple moving average structure. The third section
addresses the inversion of lag polynomials at a general level. The fourth section
breaks down the technical aspects to the application with ARMA processes.

3.2  Moving Average Processes
We define the moving average process of order g (MA(g)) as

Xi=u+boe +brg—1+--+bje—y, bo=1,1€T. 3.1
In the following, we assume a white noise process for the so-called innovation {e;}

governing the processes considered. In general, we assume b, # 0. Let us consider
a special case before we enter the general discussion of the model.

MA(1)
We set i to zero and g to one in (3.1) and thereby obtain

X = €r+b8[_].

© Springer International Publishing Switzerland 2016 45
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As the innovations are WN(0, 6%), the moments are independent of time: Firstly, it
holds that E(x;) = p = 0. Secondly, one obtains from

y(h) = Cov(x, x45) = E((&; + be—1) (&4 + b &1+1—1))
immediately
() =0*(1+5). y(1)=0b.
and

y(h)y=0 for h>1.

For the MA(1) process considered the autocorrelation function p(h) = pat]

. 7(0)
therefore is:

p(h) =0, h> 1.

b
= ——,
p(1) e

This is why the process is always (weakly) stationary without any assumptions with
respect to b or to the index set T. Elementary curve sketching shows that p(1)
considered with respect to b,

b
pUSD) = 1705
becomes extremal for b = +1. For b = —1, p(1) takes the minimum —%, and for
b = 1 it takes the maximum % (see Problem 3.1).

In Fig. 3.1 realizations were simulated by means of so-called pseudo random
number with each 50 observations of moving average processes. All three graphs
were generated by the same realizations of {¢,}. The first graph with b = b = 0
shows the simulation of a pure random process {&;}: The times series oscillates
arbitrarily around the expected value zero. The third graph with b, = b = 0.9
depicts the case of (strong) positive autocorrelation of first order: Positive values are
followed by positive values whereas negative values tend to entail negative values,
i.e. the zero line is less often crossed than in the first case. Finally, the graph in the
middle lies in between both extreme cases as weak positive autocorrelation (b; =
b = 0.3) is present.

MA(q)

The results obtained for the MA(1) process can be generalized. Every MA process
is — for all parameter values independent of starting value conditions — always
stationary. For the MA(g) process, it holds that its autocorrelation sequence vanishes
from the order g on (i.e. it becomes zero). The proof is elementary and is therefore
omitted.
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Fig. 3.1 Simulated MA(1) processes with 02 = 1 and u = 0

Proposition 3.1 (MA(g)) Assume an MA(q) process from (3.1).

(a) The process is stationary with expectation |i.
(b) For the autocovariances it holds that,

y(h) = 0 (by + bpy1bi + ... + byby—p), h=0,1,...q,
and y(h) = 0 forh > gq.
Example 3.1 (Seasonal MA) Let S denote the seasonality, e.g. S = 4 or S = 12 for
quarterly or monthly data, or § = 5 for (work) daily observations. Hence, we define

as a special MA process'

X = & + bSt_S.

'For § = 1 we obtain the MA(1) case, however, without a seasonal interpretation.
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In this context, ¢ = S and b, = b hold and
by=by=...=b;1=0.

Proposition 3.1 (b) yields:

y(0) = 0”(bo + by + -+ + b)) = 0*(1 + 1),

y(1) = 0*(by + baby + -+ byby,—1) =0,
and also

y(h)=0 for h=1,2,...,5—1.
The case h = S, however, yields
Y(S) = o%bsby = o%b.

For h > S, according to Proposition 3.1 it holds that y (k) = 0. Hence, the process at
hand is exclusively autocorrelated at lag S, which is why it is also called a seasonal
MA process. B
MA(o0) Processes
We now let g go off to infinity. For reasons that become obvious in the fourth section,

the MA coefficients, however, are not denoted by b; anymore. Instead, consider the
infinite real sequence {c;}, j € N, to define:

o0 o0
x,z,u—}—chs,_j, Z|Qi|<oo,c0:1. (3.2)
=0 =0

Sometimes the process from (3.2) is called “causal” as there are only past or
contemporaneous random variables &;—;, j > 0, entering the process at time . The
condition on the coefficients {c;} of being absolutely summable guarantees that
Z;’io ¢j&—; in (3.2) is a well-defined random variable, which then can be called
X;, see e.g. Fuller (1996, Theorem 2.2.1). Absolute summability naturally implies
square summability,

o0

2
ch < 0,
j=0
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and, indeed, sometimes we define the MA(00) process upon this weaker assumption.
Square summability of {c;} is sufficient for stationarity with E(x;) = u and

o0
y(h) =0 cicivn.
=0

see Fuller (1996, Theorem 2.2.3), which is the first result of the follow proposition.
The second one is established in Problem 3.3.

Proposition 3.2 (Infinite MA) Assume an MA(oo) process,

o0
X = U+ ZCjSt_j, {e/} ~ WN(O,az), =1,
=0

with )2 ¢ < oo.

(a) The process is stationary with expected value w, and for the autocovariances it
holds that

o0
y(h) ZGZZCjCj+h, h=0,1,....
=0

(b) Under absolute summability, Z;’io lcj| < oo, the sequence of autocovariances
is absolutely summable:

> ly()] < oo.

h=0

The fact that the sequence of autocovariances is absolutely summable under (3.2),
see (b) of the proposition, has an immediate implication: the autocovariances tend
to zero with growing lag:

y(h) >0 ash— oo.

This means that the correlation between x; and x,—;, tends to decrease with growing
lag h.

Note that x; from (3.2) or Proposition 3.2 is defined as a linear combination of
&—j, j = 0. Therefore, one sometimes speaks of a linear process. Other authors
reserve this label for the more restricted case of iid innovations, where all temporal
dependence of {x,} arises exclusively from the MA coefficients {c;}. The results of
Proposition 3.2, however, hold under the weaker assumption that {e,} is white noise.
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Impulse Responses

The MA(o0) coefficients are often called impulse responses, since they measure
the effect of a shock j periods ago on x;:

ox;

=Cj.
BSt_j J

Square summability implies that shocks are transient in that ¢; — 0 as j — oo. The
speed at which the impulse responses converge to zero characterizes the dynamics.
In particular, Campbell and Mankiw (1987) popularized the cumulated impulse
responses as measure of persistence, where the cumulated effect is defined as

J
CIR(J) = ¢;.
=0

This measure quantifies the total effect up to J periods back, if there occurred a unit
shock in each past period, including the present period at time ¢. Asymptotically,
one obtains the so-called long-run effect, often called total multiplier in economics.
This measure is defined as

CIR := lim CIR(J), (3.3)
J—00

provided that this quantity exists. Clearly, under absolute summability of the
impulse responses, CIR is well defined. Andrews and Chen (1994) advocated CIR
as being superior to alternative measures of persistence. We will return to the
measurement and interpretation of persistence in the next chapter.

The MA(o0) process is of considerable generality. In fact, Wold (1938) showed
that every stationary process with expected value zero can be decomposed into a
square summable, purely non-deterministic MA(oco) component and an uncorrelated
component, say {&;}, which is deterministic in the sense that it is perfectly
predictable from its past:”

o0 o0
Y e j+8. Y <oo, E(ey8) =0, (3.4)
J=0 j=0

2Typically, one assumes that §, is identically equal to zero for all ¢, since “perfectly predictable”
only allows for trivial processes like e.g. §, = (—1)'A or §, = A, where A is some random variable,
such that §, = —6,—; or §; = &,—1, respectively. Of course, this does not rule out the case of a
constant mean j different from zero as assumed in (3.2).
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where E(g,) = E(§;) = 0. For details on this Wold decomposition see Fuller (1996,
Theorem 2.10.2) or Brockwell and Davis (1991, Theorem 5.7.1).

In practice it is not reasonable to construct a model with infinitely many
parameters ¢; as they cannot be estimated from a finite number of observations
without further restrictions. In the fourth section of this chapter, however, we will
learn that very simple, so-called autoregressive processes with a finite number of
parameters possess an MA(oo) representation. In order to discuss autoregressive
processes rigorously, we need to concern ourselves with polynomials in the lag
operator and their invertibility.

3.3 Lag Polynomials and Invertibility

Frequently, time series models are written by means of the lag operator® L. The
lag operator shifts the process {x;} by one unit in time: Lx, = x,—;. By the inverse
operator L' the shift is just reversed, L 'Ly, = x,or L7 'x, = Xr+1. Successive use
of the operator is denoted by its power, L/x, = x,—;, j € Z. The identity is described
with L%, L°x, = x;. Applied to a constant c, the operator leaves the value unchanged,
Le =c.

Causal Linear Filters

Let us consider an input process {x;}, t € T, which is transferred into an output
process {y;} by linear filtering,

p
Vo= WX, (3.5)
=0

with the real filter coefficients {w;} (which need not to add up to one). Therefore, y;
is a linear combination of values of x,—; where we assume constant filters, i.e. the
weights do not depend on ¢. In particular, the filter is called causal as y, is defined
by past and contemporaneous values of {x,} only.

The general linear causal filter from (3.5) can be formulated as polynomial in
the lag operator:

P
F(L) =Y wiL/ with y, =F(L)x.
j=0

3Many authors also speak of the backshift operator and write B.
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Occasionally, two filters are put in a row:

yi=Fil)x,, z=F(L)y =F(L)Fi(L)x,
P1 ) p2 )
Fi(L)y =) wi;Ll, FyL)=) wy,L.
=0 =0
Then, the filter F(L) transforming {x,} into {z,} is defined by multiplying the filters,
F(L) = F>(L)F,(L), which is called a “convolution”:
pi+p2 k k
F,(L) Fi(L) = Z wul*, v= ZWZ,jWI,k—j = sz,k—jwl,/*
k=0 =0 =0
This convolution is commutative:
Fi(L) F>(L) = F>(L) F\ (L) .
By expressing filters by means of the lag operator, we can manipulate them just
as ordinary (complex-valued) polynomials. As an example we consider so-called
difference filters.
Example 3.2 (Difference Filters) By means of the lag operator, filters can be
constructed, for example the difference filter A = 1 — L or the difference of the
previous year for quarterly data Ay, = 1 — L*:

Axp =X — X1, AuXy = X — X—4 .

The seasonal difference filter for monthly observations (S = 12) as well as for daily
observations (S = 5) are defined analogously:

As=1-1L5.
Instead of extensively calculating the double difference,

A(Ax)) = Alx; — x—1) = (% — x—1) — L0 — x4—1)

= (¢ —X—1) — (=1 —X—2) = X; — 2 X1 + X—2,
we write in short by expanding (1 — L)?:

Ay =(1—-L)%%=0-2L+L)x =x—2x_1 4+ Xi_>.
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While the ordinary difference operator A eliminates a linear time trend from a time
series, the second differences naturally remove a quadratic time trend:

Aa+bt+ i) = c( =21 — 1) + (t—2)%) = 2c.

The fact that the order of filtering is exchangeable is well demonstrated by means
of the example of seasonal and ordinary differences:

AAs=(1—-L)1—-L=1—-L—-15+ L5
=(1-L5(1-L)=A4AsA. W

Invertibility of Lag Polynomials
We define as a polynomial of degree p (also of order p) in the lag operator
PLy=1+biL+---+b,L", b, #0, (3.6)

with the real coefficients by to b,. For brevity, P(L) is also called lag polynomial.
Consider a first degree polynomial as a special case of (3.6),

Ai(L)=1—-alL,
where the reason for the negative sign will immediately be obvious. When and how

can this polynomial be inverted? A comparison of coefficients (“method of unde-
termined coefficients”) results in the following series expansion (see Problem 3.4):

1 o
(l—al)™'=—— =Y "dll/.
Al o

As is well known, it holds that (infinite geometric series, see Problem 3.2)

> 1

Eajzl <00 <<= |a<1. (3.7
—a

—

Hence, it holds that
1 > > 1
(l—al)y ' = — = @'’ with la/| = —— < 0
ML) ; ; 1—Jal

if and only if |a| < 1. This condition of invertibility is frequently reformulated. In
order to do this, we determine the so-called z-transform of the lag polynomial with
z being an element of the complex numbers (z € C): A;(z) = 1 — az. Now, |a| < 1



54 3 Autoregressive Moving Average Processes (ARMA)

implies that the z-transform A;(z) = 1 — az exhibits only roots outside the unit
circle, i.e. roots being greater than one in absolute value:

lal <1 <= |:A1(z)=0 = |z|=|71‘|>11| . (3.8)

Causally Invertible Polynomials
This condition of invertibility for A; (L) from (3.8) is easily conveyed to a polyno-

mial P(L) of the order p. We say P(L) is causally invertible if there exists a power
series expansion with non-negative powers and absolutely summable coefficients:

PL)™! = P(L) Z%L’ with Z |otj| < o0

The invertibility depends on the z-transform

Pz)=14+biz+---+b,z", z€C, (3.9
or rather on the absolute value of its roots. The following condition of invertibility
is adopted from Brockwell and Davis (1991, Thm. 3.1.1), and it is discussed as an
exercise (Problem 3.5).

Proposition 3.3

(a) The polynomial 1 — aL is causally invertible,

1 o0 o
A Zaij with Z la’] < o0,
—a
J=0 J=0

if and only if |a| < 1.
(b) The polynomial P(L) from (3.6) is causally invertible, i.e. for (P(L))™" there
exits the absolutely summable series expansion,

(P(L) ' = P(L) Z I with Y eyl < o0,
j=0 j=0

if and only if it holds for all roots of P(z) that they are greater than one in
absolute value:

P(z)=0 = |z]>1. (3.10)
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Example 3.3 (Invertible MA Processes) The MA(1) process, x, = & + be,—;, can
now be formulated alternatively by applying the MA(1) polynomial B(L) = 1+b L.
Although not required for stationarity, it is usually assumed that |b| < 1. What for?
This implies for the MA polynomial that:

1
Bz)=0 = |z|:m>1.

According to Proposition 3.3 the condition of invertibility is fulfilled and there exists

—_— = o .
B(L) 1+bL & /

where the coefficients {c;} are absolutely summable. The {o;} are obtained explicitly
by comparison of coefficients in

o0
I=(1+b0)) oL
j=0

=aytaL+ol? +asl’+--
+b(L+a L +ay L3 +--0),
yielding
l=ay, O0=a; +bay, 0=ar+ ba;, etc.,
or
ap =1, a; = —b, ap = b?, and o = (—1)7 b/, j > 0.

Hence, the MA(1) process x;, = B(L) &, can be reformulated as follows:

Xt

TS bL =x—bx— +b2x,_2—b3x,_3 +...,

& =

or

Xy = b.xt_l — bz-xt—z + b3.xt_3 +...+ &

o0 o0
=Y ()b te. Y b < oo

J=1 J=0
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In other words: The invertible MA(1) process (for |b| < 1) can be expressed (in
an absolutely summable manner) as a process depending on its own infinitely many
lags. Such a process is called autoregressive (of infinite order). l

Frequently, one is interested in the special case of a quadratic polynomial, p = 2. In
this case, the so-called Schur criterion provides an equivalent reformulation of the
condition of invertibility, rephrasing (3.10) in terms of the polynomial coefficients
b; directly. These have to fulfill three conditions simultaneously. We take the
corresponding statement from e.g. Sydseter, Strgm, and Berck (1999, p. 58).

Corollary 3.1 For p = 2 the polynomial from (3.6),
P(L) =1+ bL+ b)L?,

is causally invertible with absolutely summable series expansion (P(L))™" if and
only if:

@) 1-b, >0,
and (it) 1—by +b, >0,
and (iii) 1 + by + by > 0.

Instead of checking |z1 2| > 1 for

—by & /b? — 4b,

2b;

212 =

’

it may in practice be simpler to check (i) through (iii) from Corollary 3.1.

3.4  Autoregressive and Mixed Processes
Let {x;} be given by the following stochastic difference equation,
x=v4+ax1+ - -+ax_p+e, a#0, teT,

defining an autoregressive process of the order p, AR(p). The properties of the
general AR process can be illustrated well at the example p = 1.

AR(1)
Particularly, let p = 1:

x=v+ax—,+e¢&, teT. 3.11)
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When replacing x,—; by this defining equation, one obtains:

x=v+a(v+axo+e-1)+e

=v4av+ azx,_z +ag—1+ &
Hence, x; and x,—, prove to be correlated. Continued substitution yields
X =v-+av +a2v +a3x,_3 +a28t_2 +ag—1 + &,
or for any 4 > 0:
— h—1 h h—1
x=0+a+...+d" HYv+d'x—p+ad" e_pt1+...+ae_ + &
Now, let us suppose that the index set T does not have a lower bound at zero but
includes an infinite past, then / can be arbitrarily large and the substitution can be
repeated ad infinitum. If it furthermore holds that
la] <1,
then the geometric series yields (h — 00)

1—a" 1

%
1—a 1—a

l4a+...+d7" =

’

and a"x,_, — 0 in a sense that can be made rigoros, see Brockwell and Davis
(1991, p. 71) or Fuller (1996, p. 39). In this manner, it follows for 4 — oo under the
aforementioned conditions that:

o0
Y .
_ J .
X = 1_a+0+j§:0a E1-j-

This way one obtains an infinite MA representation with geometrically decaying
coefficients, ¢; = a’ in (3.2). In fact, this representation can formally be obtained
by inverting 1 — aL, see Proposition 3.3 (a). The process is therefore stationary with
(see Proposition 3.2)

E(xr):N: l_av

oo 2
, o
Var(x;) = UZZ a’ = -2~ y(0)
=0
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and
o0
Cov(x; , X 4p) = 0> Z ald™h
Jj=0
=4 y(0).
It follows
o(h) = d".

Note that these results are obtained for |a| < 1. Furthermore, stationarity also
depends on the index set. That is to say, if it holds that T = {0, 1,2, ...} then the
above-mentioned repeated substitution cannot be performed infinitely often. From

v=0+a+...+d Hv+dxo+der+--+as_ +e&
the expected value follows as time-dependent:
Ex)=(04+a+...+d Yv+dE(x), te{0,1,...}.

In particular, this example shows that the stationarity behavior of a process can
depend on the index set T. Therefore, in general a stochastic process is not
completely characterized without specifying T.

Example 3.4 (AR(1)) Figure 3.2 displays 50 realizations each of AR(1) processes
obtained by simulation. However, in the first case a; = a = 0 such that the graph
depicts the realizations of {g,}. On the right the theoretical autocorrelogram, p(h) =
0 for & > 0, is shown. In the second panel, the case of a positive autocorrelation
(a; = a = 0.75) is illustrated: Positive values tend to be followed by positive values
(and vice versa for negative values), such that phases of positive realizations tend to
alternate with phases of negative values. The corresponding autocorrelogram shows
the geometrically decaying positive autocorrelations up to the order 10. In the last
case, there is a negative autocorrelation (a; = a = —0.75); consistently, negative
values tend to be followed by positive ones and vice versa positive values tend to be
followed by negative ones. Therefore, the zero line is more often crossed than in the
first case of no serial correlation. The corresponding autocorrelogram is alternating:
p(h) = |a|*(=1)" for a = —0.75. Qualitatively different patterns of autocorrelation
cannot be generated by the simple AR(1) model. Note that the impulse responses or
MA(00) coefficients of the AR(1) model are ¢; = a’. Consequently, the cumulated
effect defined in (3.3) becomes for |a| < 1:

ad 1
CIR:Zaj: )
pars 1—a
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Fig. 3.2 Simulated AR(1) processes with? = 1 and v = 0

The larger a, the larger is CIR, which hence quantifies the persistence described
above for positive a. B

We have seen that the stationarity of an AR(1) process depends essentially on
the absolute value of a. For the Markov property, however, this value is irrelevant.
We talk about a Markov process if the entire past information Z; up to time ¢ is
concentrated in the last observation x;:

P (x4 < x|Z) = P (xr45 < x|x2)

for all s > 0 and x € R. Assuming a normal distribution, we show in Problem 3.7
that every AR(1) process is a Markov process.

AR(p)

In general, the AR(p) process can be formulated equivalently by means of a lag
polynomial:

Al)x, =v+e, AL)=1—-aL—---—a,L”, t€T, (3.12)
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Under the condition
AR)=0 = |z]>1

the autoregressive polynomial A(L) is causally invertible with absolutely summable
coefficients according to Proposition 3.3:

oo oo

1 .
mzZajL/, Zlaj|<oo.

J=0 Jj=0

Therefore, under the condition of invertibility it holds that

vV +e Vv
t
= = + E e,
Xt (L) (1) s Qj Er—j

and {x,} is a stationary MA(oo) process, see Proposition 3.2. Hence, the autocovari-
ance sequence is absolutely summable. Furthermore, in this case it holds for # > 0
(w.l.o.g.* we set v = 0 for simplification),
y(h) = Cov(x;, Xi41)
= E(x: x/+4)
=E (xr(dl Xeth—1 + oo+ Qp Xppp—p + €r+h))

ayy(h—1)+...+ayy(h—p)+0.

Dividing by y(0) yields the recursive relation from the subsequent proposition: The
autocorrelations are given by a deterministic difference equation of order p. The still
missing necessary condition of stationarity from Proposition 3.4 (A(1) > 0) will be
derived in Problem 3.6.

Proposition 3.4 (AR(p)) Let {x,} be an AR(p) process from (3.12) with index set®
T={-00,...,T}

4The abbreviation stands for “without loss of generality”. It is frequently used for assumptions that
are substantially not necessary and that are only made to simplify the argument or the notation. In
the example at hand, generally it would have to be written (x,—; — ) for all j; just as well, one can
set 4 = v/A(1) equal to zero and simply write x,—;.

5Also in the following, the notation {—o0, ..., T} is always to denote the set of all integers without
{T+1,T+2,..}.
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(a) The process has an absolutely summable MA(oco) representation according
to (3.2) if and only if it holds that

Alz) =0 = |z]>1.

Then the process is stationary with expectation @ = v/A(1). The condition
A(l)=1- Z;;l a; > 0 is necessary for this.

(b) For stationary processes the autocorrelation sequence is absolutely summable
where it holds that p(h) # O for all integer numbers h and

p(h) = aipth—1)+ ...+ ayp(h—p), h>0.

Again note that the absolute summability of p(%) implies: p(h) — 0 for h — oo.
The farther x; and x,4, are apart from each other the weaker tends to be their
correlation.

Certain properties of the AR(1) process are lost for p > 1. In Problem 3.8 we
show for a special case (p = 2) that the AR(p) process, p > 1, is not a Markov
process in general.

AR(2)
Letp =2,
Xy =V+ax—1+ayx—+¢&,
with the autoregressive polynomial
A(L) =1—aL—a)L*.

From Corollary 3.1, we know the conditions under which (A(L)) ™" can be expanded
as an absolutely summable filter:

@ 1+a >0,
and (il) 14+a;—ay, >0,
and (iii) 1 —a; —ay > 0.

Consequently, under these three parameter restrictions the AR(2) process is sta-
tionary. The restrictions become even more obvious if they are solved for a, and
depicted in a coordinate system:

(i) a > -1,
and (ii) a < 1 +ay,
and (iii) a, < 1 —ay .



62 3 Autoregressive Moving Average Processes (ARMA)
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Fig. 3.3 Stationarity triangle for AR(2) processes

So, three lines are given, above or below which a, has to be, respectively. This is
why one also talks about the stability or stationarity triangle, see Fig. 3.3. Within the
triangle lies the stationarity region.

The autocorrelation series of the AR(2) case is determined from Proposition 3.4.
For h = 0, it naturally holds that p(0) = 1. For & = 1, one obtains

p(1) = a1 p(0) + az p(=1).

Because of the symmetry, p(—h) = p(h), it follows that

p(1) = —2

1—a2

Similarly, it follows that

p(2) = a1 p(1) + a2 p(0)

2
aj

B 1—612

—+ aj.
By repeated insertion into the second order difference equation,
ph) =aip(h—1) +aph—2), h=2,

the entire autocorrelation sequence is determined. Next, four numerical examples
will be considered.
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Fig. 3.4 Autocorrelograms for AR(2) processes

Example 3.5 (AR(2)) We now consider four numerical examples for AR(2) pro-
cesses in order to characterize typical patterns of autocorrelation. In all cases, the
stability conditions can be proven to be fulfilled. The corresponding autocorrelo-
grams can be found in Fig. 3.4.

(i) a; = 0.7, ap = 0.1: In this case, all the autocorrelations are positive and they
converge to zero with £; their behavior is similar to the autocorrelogram of a
AR(1) process with a; > 0, see Fig.3.2.

(i) a; = —0.4, a; = 0.4: Starting with p(1) < 0, the autocorrelations alternate
similarly to an AR(1) process with a; < 0, cf. Fig.3.2.
(i) a; = —1.0, aa = —0.8: In this case, we find a dynamic which cannot be

generated by an AR(1) model; two negative autocorrelations of the first and
second order are followed by a seemingly irregularly alternating pattern.

@iv) a; = 1.0, a, = —0.5: In the last case, the autocorrelations swing from the
positive area to the negative area, then to the positive one and again to the
negative one whereas the last-mentioned can hardly be perceived because of
the small absolute values.
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Therefore, the cases (iii) and (iv) show that the AR(2) process allows for richer
dynamics and dependence structures than the simpler AR(1) process. H

Autoregressive Moving Average Processes

Now, we consider a combination of AR and MA processes. Again, {x;} is given by
a stochastic difference equation of order p, only that &, from (3.12) is replaced by an
MA(g) process:

x=v+ax—1+--+apx—p+e+begg+--+bje—, teT.

Abbreviating, we talk about ARMA(p, g) processes assuming a, # 0 and b, # 0.
Again, a more compact representation follows by using lag polynomials,

AlL)xy=v+BlL)e, teT, (3.13)
where it is assumed that both polynomials
AL)=1-aiL—---—a,L? and B(L) =14+ b1 L+ -+ b, L*

do not have common roots.

A stationary MA(oo) representation hinges on the autoregressive polynomial
such that the stationarity condition can be adopted from the pure AR(p) case in
Proposition 3.4. It amounts to an absolutely summable expansion of (A(L))~!
such that the process possesses an absolutely summable representation as MA(co)
process, see (3.2). If stationarity is given, the absolutely summable autocorrelation
sequence can again be determined from a stable difference equation (see e.g.
Brockwell & Davis, 1991, p. 93)

Proposition 3.5 (ARMA(p, q)) Let {x;} be an ARMA(p, q) process from (3.13) with
T={-00,...,T}.

(a) The process has an absolutely summable MA(oco) representation according
to (3.2) if and only if it holds that

Aiz) =0 = |z]>1.
Then the process is stationary with expectation @ = v/A(1). The condition
A(l)=1- Z;;l a; > 0 is necessary for this.
(b) For stationary processes the autocorrelation sequence is absolutely summable

where it holds that p(h) # O for all integer numbers h and

ph)=arplh—1)+...+a,p(h—p), h>max(p.qg+1).
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For h > max(p, g + 1) the autocorrelations satisfy the same difference equation as
in the pure AR(p) case. It is known that the solution to such a difference equation
is bounded exponentially. Consequently, we have the following result, see e.g.
Brockwell and Davis (1991, Prob. 3.11): For a stationary ARMA process there exist
positive constants ¢ and g with 0 < g < 1, such that

lp(W)| <cg" (3.14)

for all h = 1,2,.... Hence, the decay rate of the autocorrelations is bounded
exponentially. This shows again that stationary ARMA process are characterized
be absolutely summable autocorrelations, see Problem 3.2. Proposition 3.5 will be
discussed below forp = g = 1.

Before turning to the ARMA(1,1) case, we note that an analogous result to
Proposition 3.5 (a) is available for an AR(oco) representation according to Propo-
sition 3.3: The ARMA process has an absolutely summable AR(co) representation
(see Example 3.3) if and only if

B(z) =0 = |7]>1.

In this case the ARMA process is called invertible.

ARMA(1,1)
We now wish to obtain the autocorrelation structure of the ARMA(1,1) process,
xt=axt_1+8t+b£,_1, |a|<1, |b|<1,

where |a| < 1 for stationarity, and |b| < 1 to ensure invertibility (see Example 3.3).
The condition of no common roots of 1 —aL and 1 + bL is given for a # —b. In the
case of common roots, the lag polynomials could be reduced and one would obtain

1+ bL
1+ bL

Xy = & = & for a:_b.

Due to the invertibility of 1 — aL, the process can be formulated as an infinite MA
process,

e +be
1—al

oo oo
= g a’ Sl‘—j + b g a’ St_l_j
J=0 J=0

o0
= Z a/+ba/ St—jv
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where a shift of subscripts was carried out. In the notation of (3.2) the MA(c0)
coefficients result as

cj:aj_l(a+b), j=>1.

In this way Proposition 3.2 yields for the variance:

, (14 b% + 2ab)
=0 —.

o0
0)=0|1 2@+ b | = ...
y© =0’ 14> a¥?(@+b) 2

j=1
The autocovariance at lag one follows in the same way,

,(a+b)(1 + ab)

y()=o —

1—a
such that it holds:

(1) = (a+b)(1 + ab)
P = T 1 2ap

Furthermore we learn from Proposition 3.5:
phy=apth—1), h>2.

Hence, the MA(1) component (that is b) influences directly only p(1) having only
an indirect effect beyond the autocorrelation of the first order: For & > 2 a recursive
relation between p(4) and p(k — 1) holds true just as it applies to the pure AR(1)
process. Thus, this yields four typical patterns. In order to identify these, it suffices
entirely to concentrate on the numerator of p(1) as well as on the sign of a as the
denominator of p(1) is always positive because it is a multiple of the variance. As
1 4 ab is positive due to the stationarity and the invertibility of the MA polynomial,
the behavior of the autocorrelogram depends on the signs of @ + b and a only. The
exponential bound for the autocorrelations is easily verified:

p(hy=apth—1)=---=d""p(l). h>2.
Therefore, (3.14) applies with g = |a| and ¢ = |p(1)]/]a].
Example 3.6 (ARMA(1,1)) The four possible patterns of the autocorrelogram of a

stationary and invertible ARMA(1,1) model will be discussed and illustrated by
numerical examples, cf. Fig. 3.5.
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Fig. 3.5 Autocorrelograms for ARMA(1,1) processes

Case 1:  Obviously, for a + b > 0 it holds that p(1) > 0. If, furthermore, a > 0
then the entire autocorrelogram proceeds above the zero line.

Case2: Fora+ b < 0 and a > 0 one obtains exclusively negative autocorrela-
tions.

Case 3:  An alternating pattern, starting with p(1) > 0, is obtained for ¢ < 0 and
a> —b.

Case 4: Fora < 0 and a < —b the autocorrelation series is as well alternating but
starts with a negative value.

Note that cases 1 and 4 can be generated qualitatively by a pure AR(1) process as
well. For cases 2 and 3, however, there occur patterns which cannot be produced
by an AR(1) process. Therefore, the ARMA(1,1) process allows for richer dynamic
modeling than the AR(1) model does. Also when comparing with the AR(2) case,
we find that the ARMA(1,1) model allows for additional dynamics. l
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3.5 Problems and Solutions
Problems

3.1 Where does the first order autocorrelation of an MA(1) process (p(1) = H—%)
have its maximum and minimum?

3.2 Show for g € R\ {1} (geometric series):

noo 1— gn+1
Y=
i=0

l—g

Conclusion: For |g| < 1 and n — oo it holds that:

3.3 Prove part (b) from Proposition 3.2.

3.4 Derive the series expansion
o0
(1- aL)_l = Zaij
j=0
for real a with |a| < 1.

3.5 Prove Proposition 3.3 (b).

3.6 Prove the necessary condition of causal invertibility from Proposition 3.4, that
is:

{AQ) =0=|z| > 1} = {A(1) > 0},
where A(z) =1—ajz—...—a,7”.

3.7 Let{e;} ~ WN(0, 0?) be a Gaussian process. Show that {x,} withx; = a; x,—;+
&; is a Markov process.

3.8 Let {g;} ~ WN(0,0?). Show that {x,} with x;, = a» x,_» + & is not a Markov
process (ay # 0).
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Solutions

3.1 The traditional way to solve the problem is curve sketching. We consider the
first order autocorrelation to be a function of b:

b
f) =p() = T

Then the quotient rule for the first order derivative yields

1+ —-20>  (1—-b)(1+b)

/
b = =
f ) (14 b2)? (14 b2)?
The roots of the derivative are given by |b| = 1.In b = —1 there is a change
of sign of f’(b), namely from a negative to a positive slope. Hence, in b = —1

there is a relative (and also an absolute) minimum. Because of f(b) being an odd

function (symmetric about the origin), there is a maximum in b = 1. Therefore, the
maximum possible correlation in absolute value is
1

FEDI=£0) = 3.

One may also tackle the problem by more elementary means. Note that for b # 0

1
— =24 b =

which is equivalent to

—\/W)zzo,

1 ||

Z =
atlpl 1402

=)l .

N =

with f(b) = p(1) defined above. Since | f(—1)| = f(1) = %, this solves the problem.

3.2 By S, we denote the following sum for finite n:

n
Si=) g =l+g+...+g " +g"
=0

Multiplication by g yields

gSh=g+ &+ .. .+ +g"h
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Therefore, it holds that
Sp—gSy=1-g"

By ordinary factorization the formula

1 _gn-‘rl

S, =
l—g

and therefore the claim is verified.

3.3 The absolute summability of y (k) follows from the absolute summability of the
linear coefficients {c;} allowing for a change of the order of summation. In order to
do so, we first apply the triangle inequality:

o0 o o
Zwm) D1 i
=0 h=0 | j=0

IA

00 00 00
Z |C/Cj+hi = Z Z |Cf| |C/+h|

where at the end round brackets were placed for reasons of clarity. The final term is
further bounded by enlarging the expression in brackets:

> fol (3 lo =3k (5 ).

j=0 h=0

gM8 e

Therefore, the claim follows indeed from the absolute summability of {c;}.

3.4 For the proof we denote (1 —aL)™" as 32 oL/,

o0
1—al ;
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and determine the coefficients ;. By multiplying this equation with 1 — aL, we
obtain

o
I=(-al) ) oL’/

Jj=0
= ozo+051Ll +a2L2+...

—aotoLl —aale—aa2L3 — ..

Now, we compare the coefficients associated with L/ on the left- and on the right-
hand side:

I =a,
O=o;—aa,

O=op—aow,

O=aj—awj—, j=1.

As claimed, the solution of the difference equation obtained in this way, (o =
aaj—), is obviously o; = a’.

3.5 We factorize P(z) = 14+-biz+ ... +bpz? withroots zy, . . ., z, of this polynomial
(fundamental theorem of algebra):

Px)=by(z—z21)...(z—2).

From each bracket we factorize —z; out such that

PG =by (V2 ...2 (1—?)...(1—2) ,

Because of P(0) = 1, we obtain b, (—1)" z; ...z, = 1. Therefore the factorization

simplifies to
P@) = (1—5)...(1—5)
21 Zp

=Pi(2) - Pp(2),
with

Z
Pk(Z):l__:l_é‘st kzls---spv
Zk
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where ¢, = 1/z;. From part a) we know that
1 x© x©
Jj=0 Jj=0
if and only if
1
lze] = — > 1.

le]

Now, consider the convolution (sometimes called Cauchy product) for k # £:

Pk(L) Pz(L) Z 9

with

J
6= Gt
i=0

We have Y2 |¢j| < oo if and only if both P/'(L) and P;'(L) are absolutely
summable, which holds true if and only if

|ze] > 1 and |z¢| > 1.

Repeating this argument we obtain that

1 1 1 > >
= = c;L/ with lej] < o0
PL)  Pi(L)  Py(L) ,:Zo ! ]:ZO !

if and only if (3.10) holds. Quod erat demonstrandum.

3.6 At first we reformulate the autoregressive polynomial A(z) = 1—az—... —a,z”
in its factorized form with roots zi, ..., z, (again by the fundamental theorem of
algebra):

A(Z) = _ap(z —z1) ... (z— Zp) .
For z = 1 this amounts to

A(D) = —a,(1—21) ... (1—3,). (3.15)
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Because of A(0) = 1 we obtain as well:
1 =—a,(=1)’z1 ... 2. (3.16)
Now we proceed in two steps, treating the cases of complex and real roots separately.

(A) Complex roots: Note that for a root z; € C it holds that the complex conjugate,
72 = 71, is a root as well. Then calculating with complex numbers yields for
the product

(I-zD(=z) =1 —z)(1—21)
=0-z)1-z)

=1—z*>0.

Hence, for p > 2, complex roots contribute positively to A(1) in (3.15). If
p = 2, the roots are only complex if a, < 0, since the discriminant is a% + 4ay;
hence, A(1) > 0 by (3.15).

(B) Since the effect of complex roots is positive, we now concentrate on real roots
z;, for which it holds that |z;] > 1 by assumption. So, we assume without loss
of generality that the polynomial has no complex roots, or that all complex
roots have been factored out. Two sub-cases have to be distinguished. (1) Even
degree: For an even p we again distinguish between two cases. Case 1, a, > 0:
Because of (3.16) there has to be an odd number of negative roots and therefore
there has to be an odd number of positive roots as well. For the latter it holds
that (1 —z;) < 0 while the first naturally fulfill (1 —z;) > 0. Hence, as claimed,
it follows from (3.15) that A(1) is positive. Case 2, a, < 0: In this case one
argues quite analogously. Because of (3.16) there is an even number of positive
and negative roots such that the requested claim follows from (3.15) as well. (2)
Odd degree: For an odd p one obtains the requested result as well by distinction
of the two cases for the sign of a,. We omit details.

Hence, the proof is complete.

3.7 The normality of {&,} implies a multivariate Gaussian distribution of

€141 0
~ N Lot

Etts 0

with the identity matrix /; of dimension s. The s-fold substitution yields

‘ —1
Xigs = A1X + A &1+ .o F Q181 F S

s—1
s i
=ax + E a1 E14-5—i-
—0
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The sum over the white noise process has the moments
s—1 s—1 s—1
E(> diei| =0, Var| dien,i| =0>) at,
i=0

i=0 i=0

and, furthermore, it is normally distributed:

s—1 s—1

. 5 2
E Clllé‘r.ﬂ_,' ~ N O, o E Clll
i=0 i=0

Hence, x4+ given x;, follows a Gaussian distribution with the corresponding
moments:

s—1

s 2 2i

Xegs|Xe ~ N | ajx. o E aj
i=0

As x4 can be expressed as a function of x; and €41, . . ., &4, alone, the further past
of the process does not matter for the conditional distribution of x,4;. Therefore, for
the entire information Z; up to time ¢ it holds that:

s—1

2 2i
Xeps| Ly ~ N | ajx,, 0 E ay

i=0

Hence, the Markov property (2.9) has been shown. It holds independently of the
concrete value of a;.

3.8 For
Xy = dxX— + &,
we obtain for s = 1 the conditional expectations E(x;+1| Z;) = a x,—;, and
E(x+1]x) = E(aaxi—1 + er+1|x) = a2 E(xi—1| x,) ,

with Z;, = o (x;, x,—1, . . ., X1). As the conditional expectations are not equivalent, the
conditional distributions are not the same. Hence, it generally holds that

P41 < x|x) # Ploy1 <x[Zh),

which proves that {x,} is not a Markov process.
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4.1 Summary

Spectral analysis (or analysis in the frequency domain) aims at detecting cycli-
cal movements in a time series. These may originate from seasonality, a trend
component or from a business cycle. The theoretical spectrum of a stationary
process is the quantity measuring how strongly cycles with a certain period, or
frequency, account for total variance. Typically, elaborations on spectral analysis
are formally demanding requiring e.g. knowledge of complex numbers and Fourier
transformations. In this textbook we have tried for a way of presenting and deriving
the relevant results being less elegant but in return managing with less mathematical
burden. The next section provides the definitions and intuition behind spectral
analysis. Section 4.3 is analytically more demanding containing some general
theory. This theory is exemplified with the discussion of spectra from particular
ARMA processes, hence building on the previous chapter.

4.2 Definition and Interpretation

In this chapter we assume the most general case considered previously, i.e. the
infinite MA process that is only square summable, {x;};ct, T C Z,

o0 o0
N=pA Y Ges, Y ¢ <o =1, @1
j=0 J=0

with {&,} ~ WN(0, 5%). The autocovariances,

y(h) = Cov(xy, xe40) = y(=h), heZ,

© Springer International Publishing Switzerland 2016 77
U. Hassler, Stochastic Processes and Calculus, Springer Texts in Business
and Economics, DOI 10.1007/978-3-319-23428-1_4
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are given in Proposition 3.2 (a). We do not assume that {c;} and hence {y(h)} are
absolutely summable,' simply because this will not hold under long memory treated
in the next chapter. We wish to construct a function f that allows to express the
autocovariances as weighted cosine waves of different periodicity,”

y(h) = / " cos(A) F(A) .

-

The basic ingredient of an analysis of periodicity is the cosine cycle whose
properties we want to recall as an introduction.
Periodic Cycles
By c; (f) we denote the cycle based on the cosine,’
c(t) =cos(Ar), teR,

where A with A > 0 is called frequency. The frequency is inversely related to the
period P,

p 2
=
For A = 1 one obtains the cosine function which is 2w —periodic and even

(symmetric about the ordinate):
c1(t) =cos(t) =cos(t+2m) =c (t+ 2n),
c1 (=1t) = cos (—t) = cos(t) = c1(1).
More generally, it holds with P = 27/ that:
¢y (t) = cos (Af) = cos (At + 2m) = cos (A(t + P)) = ¢, (t + P).

Therefore the cosine cycle c;, (f) with frequency A has the period P = 27/A. Of
course, the symmetry of ¢ (¢) carries over:

cr () =cr(=1).

IThe assumption of absolute summability underlies most textbooks when it comes to spectral
analysis, see e.g. Hamilton (1994) or Fuller (1996).

2From Brockwell and Davis (1991, Coro. 4.3.1) in connection with Brockwell and Davis (Thm.
5.7.2) one knows that such an expression exists.

3Here, the so-called amplitude is equal to one (|c; (f)| < 1), and the phase shift is zero (c; (0) = 1).
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cosine wave (lambda = 1 and lambda = 2)

1.0

0.0

-1.0

[-2pi, 2pi]

cosine wave (lambda = 1 and lambda = 0.5)

1.0

0.0

-1.0

[~2pi, 2pi]

Fig. 4.1 Cosine cycle with different frequencies

ForA = 1,1 = 2and A = 0.5 these properties are graphically illustrated in Fig. 4.1.
Finally, remember the derivative of the cosine,

d%@ — (1) = —A sin(Ar).

which we will use repeatedly.

Definition

For convenience, we now rephrase the MA(co) process in terms of the lag
polynomial C(L) of infinite order,

o0
x=p+CLe with CL) =) gL'
Jj=0
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Next, we define the so-called power transfer function T¢ (1) of this polynomial:*

Te() =) +2) > cncos(Ah) . AeR\{A*}.  (42)

Jj=0 h=1 j=0

Note that 7¢ may not exist everywhere, there may be singularities at some frequency
A* such that T¢ (1) goes off to infinity as A — A*; but at least the power transfer
function is integrable. The key result in Proposition 4.1 (e) is from from Brockwell
and Davis (1991, Coro. 4.3.1, Thm. 5.7.2); it will be proved explicitly in Problem 4.1
under the simplifying assumption of absolute summability. The first four statements
in the following proposition are rather straightforward and will be justified below.

Proposition 4.1 (Spectrum) Define for {x;} from (4.1) the spectrum

2

o
f0) =Te(h) .
b4
It has the following properties:

(a) f(=A) =f(A),

(b) f(A) =f(A + 27),

(c) f(A) =0,

(d) f(A) is continuous in A under absolute summability, Zi |cj| < o0.
(e) Forallh € Z:

y(h) = i F(A) cos(Ah)dA = 2 / i F(A) cos(Ah) d .
-1 0

Substituting the autocovariance expression from Proposition 3.2 into (4.2), the
following representation of the spectrum exists:

fQ) = @ + 5 Zy(h) cos(Ah) = o— 3 y(h) cos(Ah). (4.3)

h=—00

The symmetry of the spectrum in Proposition 4.1 (a) immediately follows from the
symmetry of the cosine function. From the periodicity of the cosine, (b) follows as
well. Both results jointly explain why the spectrum is normally considered on the
restricted domain [0, z] only. Property (c) follows from the definition of the power
transfer function, see Footnote 6 below. Finally, the continuity of f(A) claimed in

* A more detailed and technical exposition is reserved for the next section. Our expression in (4.2)
can be derived from the expression in Brockwell and Davis (1991, eq. 5.7.9), which is given in
terms of complex numbers.
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(d) under absolute summability results from uniform convergence, see Fuller (1996,
Thm. 3.1.9).

We call the function f (or f;, if we want to emphasize that {x,} is the underlying
process) the spectrum of {x,}. Frequently, one also talks about spectral density or
spectral density function as f is a non-negative function which could be standardized
in such a way that the area beneath it would be equal to one.

Interpretation

The usual interpretation of the spectrum is based on Proposition 4.1. Result (e)
and (4.3) jointly show the spectrum and the autocovariance series to result from
each other. In a sense, spectrum and autocovariances are two sides of the same coin.
The spectrum can be determined from the autocovariances by definition and having
the spectrum, Proposition 4.1 provides the autocovariances. The case & = 0 with

Var(x) = y(0) = [ () =2 /0 £ da

is particularly interesting. This equation implies: The spectrum at Ao measures how
strongly the cycle with frequency Ao and therefore of period Py = 27/A( adds to
the variance of the process. If f has a maximum at A¢, then the dynamics of {x;}
is dominated by the corresponding cycle or period; inversely, if the spectrum has a
minimum at Ay, then the corresponding cycle is of less relevance for the behavior
of {x,} than all other cycles. For A — 0, period P converges to infinity. A cycle with
an infinitely long period is interpreted as a trend or a long-run component. Hence,
f(0) indicates how strongly the process is dominated by a trend component.

Frequently, the analysis of the autocovariance structure or the autocorrelation
structure of a process is called “analysis in the time domain” as y (k) measures the
direct temporary dependence between x, and x,4,. Correspondingly, the spectral
analysis is often referred to as “analysis in the frequency domain”. Proposition 4.1
and the definition in (4.3) show how to move back and forth between time and
frequency domain.

Examples
Example 4.1 (White Noise) Let us consider the white noise process x;, = ¢, being
free from serial correlation. By definition it immediately follows that the spectrum
is constant:

(M) =0%/2n, Ael0,n].

According to Proposition 4.1 all frequencies account equally strongly for the
variance of the process. Analogously to the perspective in optics that the “color”
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white results if all frequencies are present equally strongly, serially uncorrelated
processes are also often called “white noise”. B

Example 4.2 (Season) Let us consider the ordinary seasonal MA process from
Example 3.1,

X, = & + be—g
with
y(0) =0 (L+b%), y(S)=0%
and y (h) = 0 else. By definition we obtain for the spectrum from (4.3)
2r f(A) =y (0) + 2y (S) cos (AS)
or
F ) = (1+b*+2bcos (AS)) o?/2m.

In Problem 4.2 we determine that there are extrema at

T 2 S—Dn
0, < <oty — 0 7@
S S S
The corresponding values are
2 2 2
O =f < =...=0+b’*c*)27,
/4 3n
(51 (5) = m e

Depending on the sign of b, maxima and minima are followed by each other,
respectively. In Fig.4.2 we find two typical shapes of the spectrum of the seasonal
MA process for’ § = 4 (quarterly data) with b = 0.7 and b = —0.5. First, let
us interpret the case b > 0. There are maxima at the frequencies 0, 7/2 and 7.
Corresponding cycles are of the period

2 2 2
b4 p b4 4 _ 2

5The variance of the white noise is set to one , 2 = 1. This is also true for all spectra of this
chapter depicted in the following.



4.2 Definition and Interpretation 83

MA(4) with b=0.7 and b=-0.5

o
[s2]
o
<
o |
<
o
0.0 0.5 1.0 1.5 2.0 2.5 3.0
[0, pil
MA(1) with b=0.7 and b=-0.5
S
[s2]
o
S
< |
<
o
0.0 0.5 1.0 1.5 2.0 2.5 3.0
[0, pil

Fig. 4.2 Spectra 27 f(1)) of the MA(S) process from Example 4.2

The trend is the first infinitely long “period”. The second cycle has the period P; =
4, i.e. four quarters which is why this is the annual cycle. The third cycle with
P, = 21is the semi-annual cycle with only two quarters. These three cycles dominate
the process for b > 0. Inversely, for b < 0 it holds that these very cycles add
particularly little to the variance of the process. ll

Example 4.3 (MA(1)) Specifically for S = 1 the seasonal MA process passes into
the MA(1) process. Accordingly, one obtains two extrema at zero and 7:

fO)=0+0b)’?0c?/2n, f(n)=(1-b)0?/2n.
In between the spectrum reads
f ) = (1+b*+2bcos (1)) o?/27.
For b = 0.7 and b = —0.5, respectively, the spectra were calculated, see Fig.4.2.

For b < 0 one spots the relative absence of a trend (frequency zero matters least)

while for b > 0 precisely the long-run component as a trend dominates the process.
|
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maximum at frequency lambda = 0.73

AR(2) spectrum
4
1

T T T T T T T
0.0 0.5 1.0 1.5 20 25 3.0

[0, pi]

Fig. 4.3 Spectrum (277 (1)) of business cycle with a period of 8.6 years

Example 4.4 (Business Cycle) The spectrum is not only used for modelling sea-
sonal patterns but as well for determining the length of a typical business cycle.
Let us assume a process with annual observations having the spectrum depicted in
Fig.4.3. The maximum is at A = 0.73. How do we interpret this fact with regard
to contents? The dominating frequency A = 0.73 corresponds to a period of about
8.6 (years). A frequency of this magnitude is often called “business cycle frequency”
being interpreted as the frequency which corresponds to the business cycle. In fact,
Fig. 4.3 does not comprise an empirical spectrum. Rather, one detects the theoretical
spectrum of the AR(2) model whose autocorrelogram is depicted in Fig. 3.4 down
to the right. The cycle, which can be seen in the autocorrelogram there, translates
into the spectral maximum from Fig.4.3.

4.3 Filtered Processes

The ARMA process or more generally the infinite MA process have been defined as
filtered white noise. In order to systematically derive a formal expression for their
spectra, we start quite generally with the relation between input and output of a filter
in the frequency domain.
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Filtered Processes

As in the previous chapter, we consider the causal, time-invariant, linear filter F (L),

14
F(L) =) wl/,

J=0

where L again denotes the lag operator and p = oo is allowed for. The filter is
assumed to be absolutely summable, which trivially holds true for finite order p. Let
the process {x,} be generated by filtering of the stationary process {e;},

X = F(L) €;.

Then, how does the corresponding spectrum of {x;} for a given spectrum f, of {e,}
read? The answer is based on the power transfer function 7r (1) that we briefly
touched upon in the previous section®:

o0 o0 o0
Tr (L) = Z w42 Z Z WiWitn cos (AR) . (4.4)
j=0 h

=1j=0

At a first glance, this expression appears cumbersome. However, in the next section
we will see that for concrete ARMA processes it simplifies radically. If F (L) is a
finite filter (i.e. with finite p), then the sums of TF (1) are truncated accordingly,
see (4.8) in the next section. With T (A1) the following proposition considerably
simplifies the calculation of theoretical spectra (for a proof of an even more general
result see Brockwell and Davis (1991, Thm. 4.4.1), while Fuller (1996, Thm. 4.3.1)
covers our case where {¢,} has absolutely summable autocovariances).

6 The mathematically experienced reader will find the expression in (4.4) to be unnecessarily
complicated as the transformation T (1) can be written considerably more compactly by using
the exponential function in the complex space. It holds that

Tr (W) = |[Fe™™)|” = Fe*)F(e™™),

where Euler’s formula allows for expressing the complex-valued exponential function by sine and
cosine,

é* =cosA +isind, 2 =-—1,
with the conjugate complex number e~* = cos A — isin A, where i denotes the imaginary unit.
Instead of burdening the reader with complex numbers and functions, we rather expect him or her to
handle the more cumbersome definition from (4.4). By the way, the term “power transfer function”
stems from calling F(e~) alone transfer function of the filter F(L), and Tr(1) = |F (e_’*)|2
being the power thereof.
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Proposition 4.2 (Spectra of Filtered Processes) Let {e;} be a stationary process
with spectrum f, (1). The filter

o0
F(L)y=Y wl
j=0

o0
be absolutely summable, )y, | w; |< oo, and {x;} be
j=0

xr = F(L)e;.
Then, {x;} is stationary with spectrum
Q) =TrQ)fe(A) . Ael0, ],
where T (M) is defined in (4.4).
Example 4.5 (Infinite MA) Let e, = ¢, from Proposition 4.2 be white noise with
) =027,

and consider an absolutely summable MA(oo) process,
o0

X = C(L) & = Z ngr_j .
=0

Then Proposition 4.2 kicks in:

00 SRS 2
£ =3 +23 3 e cos (Ah) ;’—n A elo0,7]. (4.5)

=0 h=1 j=0

This special case of Proposition 4.2 will be verified in Problem 4.3. Note that the
spectrum given in (4.5) equals of course the result from Proposition 4.1 with (4.2),
which continues to hold without absolute summability. B

Persistence

We now return more systematically to the issue of persistence that we have touched
upon in the example of the AR(1) process in the previous chapter. Loosely speaking,
we understand by persistence the degree of (positive) autocorrelation such that
subsequent observations form clusters: positive observations tend to be followed
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by positive ones, while negative observations tend to induce negative ones. With
persistence we try to capture the strength of such a tendency, which depends not
only on the autocorrelation coefficient at lag one but also on higher order lags. In
the previous chapter we mentioned that it has been suggested to measure persistence
by means of the cumulated impulse responses CIR defined in (3.3). This quantity
shows up in the spectrum at frequency zero by Proposition 4.2. Assume that {x,} is
an MA(oo) process with absolutely summable impulse response sequence {c;}. We
then have:

o0 [o clNe o] o0 2
o? 5 o? o
=102 = (S5 42 3 00| & (Sa) £
j=0 j=0

h=1 j=0
or

2
£0) = (CIR)* .
2

Hence, the larger CIR, the stronger is the contribution of the trend component at
frequency zero to the variance of the process, which formalizes our concept of
persistence. Cogley and Sargent (2005) applied as relative spectral measure for
persistence the ratio of 27f,(0)/y,(0) pioneered previously by Cochrane (1988);
it can be interpreted as a variance ratio and is hence abbreviated as VR:

oo 2
VR ‘= 27f,(0) _ (Zj:O CI) ] (4.6)

v:(0) YWy

In the case of a stationary AR(1) process, x; = aj x,—; + &, it holds that (see
Problem 4.6)

>1ifa; >0
=1ifa; =0 . 4.7)
<lifa; <0

1—61% . 1+ a;

VR = =
(1—ap)? 1—a;

In the case of a; = 0 (white noise) we have no persistence, and VR = 1. Fora; > 0
the process is all the more persistent the larger a; is. Following Hassler (2014), one
may say that a process has negative persistence if VR < 1. The plot of a series
under negative persistence will typically display a zigzag pattern as observed in the
last plot in Fig.3.2. The limiting cases of VR = 0 (also called antipersistent) and
VR = oo (also called strongly persistent) will be dealt with in Chap. 5.



88 4 Spectra of Stationary Processes

ARMA Spectra

As a consequence of the previous proposition, we can derive what the spectrum of
a stationary ARMA process {x;} looks like. Remember the definition from (3.13),

AL)x, =B(L)s.
Now, define
yvi=AL)x,=B(L)é&;.
By Proposition 4.2 one obtains for the spectra
L) =Ta ) () =T (1) o2)2m.

The assumption of a stationary MA(oo) representation’ implies T4 () > 0.
Consequently, one may solve for f, rendering the following corollary.

Corollary 4.1 (ARMA Spectra) Let {x,} be a stationary ARMA(p, q) process
A (L)x, =V + B(L) 81.
Its spectrum is given by

Ty (A) o>
Ty (A) 210

L) = Ael0,7],

where Tg (A) and T, (M) are the power transfer functions of B (L) and A (L).

Often, we restrict the class of stationary ARMA processes to the invertible
ones, meaning we assume that the moving average polynomial B(L) satisfies the
invertibility condition of Proposition 3.3: All solutions of B(z) = 0 are larger than
1 in absolute value. This implies as in Footnote 7 that T(A) > 0, such that the
invertible ARMA spectrum is strictly positive for all A.

7 According to Proposition 3.5 we rule out autoregressive roots on the unit circle, such that
A(e™*) # 0, and |A(e7"l)|2 > 0. By assumption, |z| = 1 implies A(z) # 0, and here, z = ¢~
with

le™™*]2 = (cos A)* + (sin1)> = 1.
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In the next section we will learn that the calculation of the functions Ty (1)
and T (1) and thereby the calculation of the spectra do not pose any problem, cf.
Eq. (4.8).

4.4 Examples of ARMA Spectra

The ARMA filters A(L) and B(L) are assumed to be of finite order. In order to
calculate the spectrum, the power transfer function is needed due to Corollary 4.1.
Thus, next we will get to know a simple trick allowing for quickly calculating the
power transfer function of a finite filter.

Summation over the Diagonal

We consider for finite p the filter F(L) with the coefficients wo, wy, ... ,w), being
collected in a vector:

wo

wi
Wp—1

Wp

The outer product yields a matrix where w' stands for the transposition of the
column w:

Wo
w1
/o .
ww = : (wo,wl,...,w,,_l,w,,)
Wp—1
Wp
2
W5 Wowi ... WoWp—1 Wow,
2
wWiwo wi L WIWp— WIW)
W2 W W
Wp—1Wo Wp—1W1 p—1  Wp—=1Wp
2
WpWo  Wpwi WpWp—1 W,

Obviously, the matrix is symmetric. Now, we add the cosine as function of |j — i|,
cos(A | j—i]), to the entries w;w;. Let the resulting matrix be called M (1). It
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becomes:
w3 cos(0) wow, cos (1) ... wowpcos(Ap)
wowp cos (1) w? cos(0) ... wiwpcos (A (p—1))
WoWp—1 €08 (A (p — 1)) wiwp—1cos (A (p—2)) "** w,_wpcos 1)
wow, cos (Ap) wiwp,cos (A (p—1)) " w2 cos(0)

The rule for calculating Tr (1) reads in words: “Add up the sums over all diagonals
of Mp (A)”:

[Wg + .. w2 ]+ 2[wows + -+ wp—ywp| cos (A) + -+ 4 2 [wow, | cos (Ap) .

This corresponds exactly to (4.4) for finite p:

14 p | p—h
Tr(A) =Y wi+2) | > wwin | cos (h). (4.8)
=0 h=1 =0

AR(1) Spectra
The autoregressive polynomial of order one reads
A(L)=1—all,
i.e. the filter coefficients are
wo =1 and w; = —a;.
Hence, for the power transfer function, (4.8) provides us with
Ta(X) = 1+ a2 —2a; cos(A),
and Corollary 4.1 yields for the spectrum

02

1 +a? —2ajcos(A)

2 f(A) =

In Problem 4.4 we will show that there are extrema at A = 0 and A = =, where
the slope of the spectrum is zero. For a; > 0 the spectrum decreases on [0, 7],
i.e. the most significant frequency is A = 0: The process is dominated by trending
behavior. Figure 4.4 shows that this is the more true the greater a; is: The greater a;,
the steeper and higher grows the spectrum in the area around zero. Mirror-inversely,
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4.4 Examples of ARMA Spectra
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Fig. 4.4 AR(1) spectra (277 f(A)) with positive autocorrelation
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Fig. 4.5 AR(1) spectra (27 f(A)), cf. Fig.3.2
for a; < 0 it holds that the trend component matters least, see Fig.4.5. The direct

comparison to the time domain in Fig. 3.2 is also interesting. The case in which
a; > 0 with the spectral maximum at A = 0 translates in persistence of the process
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Observations temporarily lying close together have similar numerical values, i.e. the
autocorrelation function is positive. For a; < 0, however, observations following
each other have the tendency to change their sign as, in this case, there is just no
trending behavior.

AR(2) Spectra

The AR(2) process is given by

x,:/% with A(L) = 1 —aiL — a2,

In Problem 4.5 we recapitulate the principle of the “summation over the diagonal”
and thus we show

Ta(A) = 1 +a? + a3 + 2[a; (a2 — 1) cos(X) — az cos (21)] .

Therefore, due to Corollary 4.1, the corresponding spectrum reads

o2

2 f(A) = oL

For a; = 0 one obtains the AR(1) case.

In Fig.4.6 spectra for four parameter constellations are depicted; these are
exactly the four cases for which autocorrelograms are given in Fig.3.4. The top
left case could be well approximated by an AR(1) process. This is also roughly true
for the top right case; however, closer inspection reveals that the AR(2) spectrum
is not minimal at frequency zero. Both the lower spectra entirely burst the AR(1)
scheme. On the bottom right we have the example of the business cycle, see Fig.4.3.
The spectrum on the bottom left is even more extreme: Except for a rather small
area around A = 2, it is zero almost everywhere which is why there is no trend
component. The process is determined by almost only one cycle which can be seen
in the autocorrelogram as well.

ARMA(1,1) Spectra
Now, let us consider the two filters

A(L)=1—aL and B(L)=1+bL.
We know the filter transfer function of B(L) from Example 4.3:

Tg(A) = 1 4+ b +2b; cos(A).
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Fig. 4.6 AR(2) spectra (27 f(A)), cf. Fig.3.4
The transformation of A(L) was determined at the beginning of this section. Due to
Corollary 4.1, we put the spectrum together as follows:

1+b24+2b A
thit2bicost) o) o]
14+ a; —2a; cos(A)

2n f(A) =

In order to have this illustrated, consider the examples from Fig.4.7. The cases
correspond in their graphical arrangement to the autocorrelograms from Fig.3.5.
The cases top right and bottom left are interesting. At the top on the right, the entire
absence of a trend is reflected in a negative autocorrelogram close to zero. At the
bottom on the left, beside the trend, cycles of higher frequencies add to the process
as well, the process consequently being positively autocorrelated of the first order
and then exhibiting an alternating pattern of autocorrelation.
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Fig. 4.7 ARMAC(l,1) spectra (27 f(1)), cf. Fig. 3.5

Multiplicative Seasonal AR Process

If one wants to have a decaying autocorrelation function not dropping to zero,
then one does not choose a pure MA model as in Example 4.2. The most basic
seasonal autoregressive model is based on the filter (1 —asL®). Frequently, the trend
component is to have an additional weight which is why one adds the AR(1) factor
(1 — CllL)I

A(L)

(1 —aiL) (1 —asL®)

1—aL— aSLS + a; aSLS'H .

Therefore, we have an AR(S + 1) model with parameter restrictions. The spectrum
is adopted from Problem 4.6 in which T4 (A) is given:

02

2 f(A) = O
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Fig. 4.8 Spectra (27 f(1)) of multiplicative seasonal AR processes (S = 4)

In Fig. 4.8, we show two examples for the quarterly case (S = 4). With the
frequencies A = 7w and A = 7/2 the semi-annual cycles with P = 2 quarters period
and the annual cycles with P = 4 quarters length are modelled (one also talks about
seasonal cycles). As a; = 0.5 is positive in both the spectra, the trend (at frequency
zero) dominates the seasonal cycles. The annual and semi-annual cycles add both
equally strongly to the variance of the process. However, in the case a4 = 0.8, the
seasonal component is more pronounced than in the case a; = 0.5 as in the upper
spectrum both the seasonal peaks are not only higher than in the lower one (note the
scale on the ordinate) but most of all steeper: In the upper graph, the area beneath the
spectrum substantially concentrates on the three frequencies 0, 77/2 and 7, whereas
it is more spread over all frequencies in the lower one.

4.5 Problems and Solutions

Problems

4.1 Prove Proposition 4.1 (e) under the additional assumption of absolute summa-
bility.

4.2 Determine the extrema in the spectrum of the seasonal MA process from
Example 4.2.
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4.3 Prove the structure of the spectrum (4.5) for absolutely summable MA(co)
processes.

4.4 Determine the extrema of the AR(1) spectrum.
4.5 Determine the power transfer function 7 (1) of the filter A(L) = 1—a;L—a,L?.

4.6 Determine the power transfer function 74 (A) of the multiplicative quarterly AR
filter A(L) = (1 —a; L)(1 — as L =1—aL—asL* +ajas L.

4.7 Determine the persistence measure VR from (4.6) for a stationary and invertible
ARMA(1,1) process. Discuss its behavior in particular for the MA(1) model (in
comparison with the AR(1) case given in (4.7)).

Solutions

4.1 We define the entity A;, and will show that it equals y (k). Due to the symmetry
of the cosine function and of the even spectrum it holds by definition that:

Ap = Z/f (A) cos (Ah) dA
0
= /f (A) cos (Ah) dA

_ % / > 7 (1) cos (Al) cos (1h) d.
“r [=—00

Because of the absolute summability, the order of summation and integration is
interchangeable:

2w Ay = Z y (1) / cos (Al) cos (Ah) dA

I=—00

v (0) / cos (Ah)dA +2) "y () / cos (A1) cos (Ah) dA .
— =1 —
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For h = 0 it holds that®

sin () — sin (=)
l

2w Ay =y (0)2m +2) y ()
=1

=27y (0)+0.

Accordingly, for 4 # 0 it holds that

2

ZJTAh=0+ZZ)/(l)/COS(A(l_h))+C05(A(l+h))dk’
=1 2

where the trigonometric formula
2 cosx cosy = cos (x —y) + cos (x +y)

was used. By this we obtain
g
2n Ay =y (h) / (1 + cos (2Ah)) dA

as one can see that for k € Z\{0} the integral is

b2

/ cos (Ak) dA =

—T

sin (k) — sin (—mk) _

0.
k

So, we finally obtain

2nAp =y (h) Qe +0) =2y (h)

for h # 0 as well. Hence, A;, = y(h) for all A, and the proof is complete.

4.2 The spectrum

f Q) = (145 +2bcos(1S)) o*/2n

8We use

sin(Af)

/ cos(AL)dA = 7

and sin(wk) = 0 for k € Z.

97
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is given. In order to determine the extrema, we consider the derivative,
£ (A) = —2bSsin (AS) 02/27,
with (S + 1) zeros

T 2w S—Dn
0, =, ... ——, 7
S S S

on the interval [0, 7z]. The sign of the second derivative depends on b:
" () = —2bS?cos (AS) 02 /2.

One obtains

170y =" (2?”) =...=-2b8c%/27,
f” (%) =f" (3?”) = ... =42b8%0%/2x.

Accordingly, maxima and minima follow each other. For b > 0, the sequence
of extrema begins with a maximum at zero; for » < 0, one obtains a minimum,
inversely.

4.3 The autocovariances of
o0
X = E :str—j
Jj=0

are known from Proposition 3.2:

e
yx(h) = o’ Z CjCjt+h-
=0

For the spectrum f, (1) it follows:

F(A) _ v (0) o Vi (h)
27 i +2 Z = cos (Ah)
h=1
) 00 o
= Cl2 +2 Z Z CjCj+h COS (Ah) .
j=0 h=1 j=0

Hence, the claim is verified.
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4.4 For

f) = (1+d—2a cos(V) ' 0°/27
one obtains by differentiation

FA) =—(1+d—2a cos(D)) " (=2ar) (—sin(})) 0%/27 .
Obviously, candidates for extrema are A = 0 and A = n:
fO)=f(x)=0.

The sign of the derivative depends on a; only:

ffA)<0,1el0,nr] < a >0.
Accordingly,

f0)=(0—-a)?0?/27 and f(rx)=(14a)?c*/27

are maxima and minima, depending on the sign of a;.

4.5 With the vector of coefficients

we obtain as outer product

1 —a —a
aa = —da] a% ayay
—dj a1dajp a%

Adding the cosine, it follows that

1 —ay cos(A) —a; cos(2 1)
Ms(A) = | —a; cos(R) a2 ajay cos(A)
—ay cos(2 ) ajay cos(A) a3

By summation over the diagonal we obtain due to symmetry
Ta(A) = 1+ + b+ 2[—a) + aj a3] cos() + 2 [—az] cos(224),

which results from (4.8) as well. This is in accordance with the result in the text.
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4.6 Using (4.8) with p = 5 yields the following expression:
Ta(A) =1+a +a+ald
+2 [—a1 —a ai] cos(A) + 2 [a; a4] cos(3 1)
+2 [—as — aj as] cos(4 1) + 2 [a; as] cos(52).

This is simply an exercise in concentration and is simplified by the following
equalities:

wo=1, wi=-a;, wo=w3=0, ws=—as, ws=aia,.

4.7 In the previous section we discussed the ARMA(1,1) process with the
polynomials

A(L)=1—aL and B(L)=1+bL.
Evaluating the spectrum given there we have:

1407 +2by 52— (1+b1)? ,
l1+ai—2a (1 —ay)?

27 f(0) =

The variance we copy from Chap. 3:

(1 + bz + 2611[?1)
y(0) = —————0".
1

By (4.6) we obtain

_l+a (1+b)?
Cl—a 14+ b}+2ab;

VR

If by = 0, the AR(1) case from (4.7) is of course reproduced. If a; = 0, the MA(1)
case results as

1ifb, >0

1 b 2 > 1
VRz% — 1ifb, =0 .
O <1ifp <0

We hence have negative persistence for b; < 0, which reflects the negative
autocorrelation. For b; > 0, it is straightforward to verify that VR is growing with
b1, reaching a maximum value of VR = 2 for by = 1. This corresponds to the
persistence of an AR(1) process with a; = 1/3. Hence, the invertible MA(1) process
with |b;| < 1 can only capture very moderate persistence in comparison with the
AR(1) case where VR grows with a; beyond any limit.
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5.1 Summary

Below Proposition 3.5 we saw that the autocorrelation sequence of any stationary
ARMA process dies out at exponential rate: |p(h)| < cg”, see (3.14). This is
too restrictive for many time series of stronger persistence, which display long
memory in that the autocovariance sequence vanishes at a slower rate. In some
fields of economics and finance long memory is treated as an empirical stylized
fact.! Fractional integration as a model for long memory will be presented in
this chapter. In the same paper where Granger (1981) introduced the Nobel prize
winning concept of cointegration (see Chap. 16) he addressed the idea of fractional
integration, too. For an early survey on fractional integration and applications see
Baillie (1996).

5.2  Persistence and Long Memory

We have already briefly touched upon the so-called random walk, see Eq. (1.9). In
terms of the difference operator this can be written as Ax; = &, i.e. the process has
to be differenced once to obtain stationarity. Alternatively, the process is given by
a cumulation or summation over the shocks, x;, = Zt‘=1 g;j, see (1.8), which is the
reason to call the process {x,} integrated of order 1, see also Chap. 14. In this section,
differencing or integration of order 1 will be extended by introducing non-integer
orders of differencing and integration.

ISee e.g. the special issue edited by Maasoumi and McAleer (2008) in Econometric Reviews on
“Realized Volatility and Long Memory”.
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Persistence

By persistence we understand how strongly a past shock affects the presence
of a stochastic process. We stick to the MA(oco) representation behind the Wold
decomposition of a stationary process that we briefly touched upon in Chap. 3,

o0 o0
2
X = § Ci€r—j s E ¢ <00,
j=0 j=0

with {e,} forming a white noise sequence. The impulse responses coefficients {c;}
measures the response of x; on a shock j periods ago. With stationary processes,
the shocks are transitory in that limj .o, c; = 0. In particular, for stationary
ARMA processes we know that the impulse responses die out so fast that they are
summable in absolute value, see (3.2). To model a stronger degree of persistence
and long memory, we require a slower convergence to zero. The model of fractional
integration of order d will impose the so-called hyperbolic decay rate,

cg=cj", c#0.

Under d < 1, the sequence {c;} converges to zero. Clearly, the larger d, the stronger
is the persistence in that j*~! dies out more slowly. Hence, the parameter d measures
the strength of persistence. Contrary to the exponential case characteristic of ARMA
processes, hyperbolic decay is so slow for positive d > 0, that the impulse responses
are not summable. In Problem 5.1 we will establish the following convergence result
concerning the so-called (generalized) harmonic series, often also called p-series:

o0
Y i7" <oo ifandonlyifp > 1. (5.1)
j=1

Moreover, we will show in Problem 5.2 that exponential decay to zero is faster than
hyperbolic one:
gj
lim —— =0, 0<g<l,|d<1.
J—00 ]
In order to illustrate the different decay rates, we display in Figs.5.1 and 5.2

sequences j~! and g/~!, respectively; by construction they all have the value 1 at
j=1



5.2 Persistence and Long Memory 105
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Fig. 5.1 4! for d = 0.85,0.65,0.45,0.25

For a process to be stationary, we require the impulse response sequence to
be square summable, see Proposition 3.2. From (5.1) we learn that 221 P2 s
finite if and only if d < 0.5, which hence turns out to be the stationarity condition
for processes with impulse responses {j~'}.The model of fractional integration,
however, does not directly assume ¢; = ¢ 7471, rather this power law will hold only
true for large j,

incjd_l, j— o0,
where “~ for j — 00” is to be understood as a proper limit in the following way:

. Clj_ .
aj~b = jl_l)lgob—j—l, b #0. (5.2)
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Fig. 5.2 g/~! for g = 0.85,0.65,0.45,0.25

Fractional Differencing and Integration

With the usual difference operator A = (1 — L), see Example 3.2, we define
fractional differences by binomial expansion?:

(I=d), dl-dC=d),
2 6

d
Al=(1-L¢=1-dL-

oo
=0

ZFor the rest of this chapter we maintain d > —1, which guarantees that {r;} converges to 0 with
growing j, making the infinite expansion meaningful.
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Readers not be familiar with binomial series for d ¢ N may wish to consult e.g.
Trench (2013, Sect. 4.5). The binomial series results from a Taylor expansion of
(1 — z)? about z = 0, hence also called Maclaurin series. The coefficients {m;} are
given in terms of binomial coefficients

(d):d(d—l)m(d—j—kl)
J J! ’

yielding the recursion
. j—1—=d
7 = (d) 1y =1""C%a, jxl.m=1. (5.3)
‘ J J

For natural numbers d one has the more familiar finite expansions,
1-L'=1-L, (1-L*=1-2L+12,

while the expansion in (5.3) holds for non-integer (or fractional) values of d, too. In

Problem 5.3 we derive the behavior for large j,

—d—1

N—F(_d), j—>o00,d#0, (5.4)

7T

where I'(+) is the so-called Gamma function introduced at greater detail below its
definition in (5.18) in the Problem section.

Similarly to fractional differences, we may define the fractional integration
operator upon inversion,

o0
A =1-D" ="yl Y=1.
j=0
where the coefficients are given by simply replacing d by —d in (5.3):

— : i—1+d
wj:(jd)(_lyz%wj_l, iz 1. (5.5)

The same arguments establishing (5.4) hence show

d—1

~ L i een d#0. (5.6)

7
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Fractional integration thus imposes the hyperbolic decay rate discussed above,
where the speed of convergence varies with d. From (5.1) we observe with (5.6)
that {1;} is summable if and only if d < 0, in which case

dyi=0-297_, =0, d<0. (5.7)
j=0

Further, {;} is square summable if and only if d < 0.5. These are the ingredients
to define a fractionally integrated process.

5.3  Fractionally Integrated Noise

We now apply the above findings to the simplest case of fractional noise (which
is short for: fractionally integrated noise), define long memory in the time domain
in (5.9), and translate it into the frequency domain.

Fractional Noise and Long Memory

In case of fractionally integrated noise the fractional differencing filter A has to
be applied to {x;} in order to obtain white noise {&;} with variance 0%: A%x, = &,.
Equivalently, we write after inverting the differences

Xy = (1 - L)_d &t

o0
= Ve, t€L, d<05, (5.8)
j=0

with {y;} from (5.5) being the sequence of impulse response coefficients measuring
the effect of a past shock on the presence. As we have discussed above the impulse
responses die out the more slowly the larger d is. In that sense we interpret d as
measure of persistence or memory. The impulse responses die out so slowly that
they are not absolutely summable for positive memory parameter d. Consequently
for d > 0, {x,} from (5.8) does not belong to the class of processes with
absolutely summable autocovariances characterized in (3.2), while all stationary
ARMA processes belong to this class. Hence, fractional integration models for
d > 0 a feature that is not captured by traditional ARMA processes, which we
call strong persistence; it is defined in the time domain by

J
> Y00, J>o00. ifd>0.
j=1
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Consequently, CIR or VR defined in (3.3) and (4.6), respectively, do not exist. Even
though the MA coefficients are not summable for positive d, the process is still
stationary as long as d < 0.5 because ) i wjz < oo due to (5.6) and (5.1). Further, the
process is often called invertible for d > —0.5 since an autoregressive representation
exists that is square summable?’:

o0 o0
Tix—; =&  with 7?2 < 00
JiMt—] — ¢t j .

— s

Note that the existence of an autoregressive representation in the mean square sense
does not require square summability; in fact, Bondon and Palma (2007) extend the
range of invertibility in the mean square to d > —1. Given the existence of the
MA(00) representation the following properties of fractionally integrated noise are
proven in the Problem section.

Proposition 5.1 (Fractional noise, time domain) For fractionally integrated
noise from (5.8) it holds with —1 < d < 0.5 that

(a) the variance equals

r-2d

— oy 2 U Ted)
y(0) =y(0;d) =0 Ta—a)

with I’ (+) being defined in (5.18), and y(0; d) achieves its minimum for d = 0;
(b) the autocovariances equal

h—1+4+d
hy=————yh-1), h=1,2,...,
y(h) g YD
~ya?h* N >0, d#0,
with
Ir'(1-2d)
Vi = 7=
r'dra-d

where y; < 0 if and only if d < 0;
(c) the autocorrelations p(h) = p(h; d) grow with d for d > 0.

Let us briefly comment those results. First, since I'(1) = 1, the minimum
variance obtained in the white noise case (d = 0) is of course y(0; 0) = o2. Second,

3 A more technical exposition can be found in Brockwell and Davis (1991, Thm. 13.2.1) or Giraitis,
Koul, and Surgailis (2012, Thm. 7.2.1), although they consider only the range |d| < 0.5.
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from the hyperbolic decay of the autocovariance sequence we observe that y(h)
converges to zero with £ as long as d < 0.5, but for d > 0 so slowly, that we have
long memory defined as

H

Dy |> o0, H—>oo ifd>0. (5.9)
h=0

In particular, the autocovariances die out the more slowly the larger the memory
parameter d is. Obviously, the same feature can be rephrased in terms of autocor-
relations. The recursion carries over to the autocorrelations, and Proposition 5.1 (b)
yields

2
Yd0™ 241

h) ~ ——h , h— o00.

p(h) ) 00

For a numerical and graphical illustration see Fig.5.3. The asymptotic constant y,
has the same sign as d, meaning that in case of long memory the autocovariances
converge to zero from above, and vice versa from below zero for d < 0, see again

0.8 1 0.8
0.6 1 0.6 1
0.4 1 0.4 ]
0.2 1 0.2 ‘ | | 1
) ) NIRRNAENE
0 5 10 15 0 5 10 15
d=0.45 d=0.25
1 1
0.5 1 0.5
0 T 0 [T
-0.5 -0.5
0 5 10 15 0 5 10 15
d=-0.25 d=-0.45

Fig. 5.3 p(h) from Proposition 5.1 for d = 0.45,0.25,—0.25, —0.45
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Fig.5.3. Note, however, that y, collapses to zero as d — 0, simply meaning that the
hyperbolic decay rate does not hold for d = 0. Third, a similar effect that d has on
p(h) at long lags, holds true for finite 4. More precisely, Proposition 5.1 (c) says for
each finite £ that the autocorrelation grows with d (for d > 0), which reinforces the
interpretation of d as measure of persistence or long memory.*

The case of negative d results in short memory in that the autocovariances are
absolutely summable, which is clear again from the p-series in (5.1). This case is
sometimes called antipersistent, the reason for that being

o0
Y yi=0. ifd<0.
j=1

This property translates into a special case of short memory, namely

o

> ph)y =0, ifd<0,

h=—00

as we will become obvious from the spectrum at frequency zero.

Long Memory in the Frequency Domain

It is obvious from the definition of the spectrum in (4.3) that it does not exist at the
origin under long memory (d > 0), because the autocovariances are not summable.
Still, the previous chapter has been set up sufficiently general to cover long memory,
see (4.1). Given a singularity at frequency A = 0, one still may determine the rate
at which f(1) goes off to infinity as A approaches 0. To determine f, we have to
evaluate the power transfer function of (1 — L)~ from Proposition 4.1 and obtain’

—d
T(l—L)*d(l) =2- ZCos()L))_d = (4 sin? (%)) ,

“*More complicated is the effect of changes in d if d < 0, see Hassler (2014).

SReaders not familiar with complex numbers, > = —1, may skip the following equation, see also
Footnote 6 in Chap. 4:

T(lfL)—d()L) =(1- eik)_d(l _ e—ik)—d
=(1—é*—e* 417
= (2—2cos(1))".
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where the trigonometric half-angle formula was used for the second equality:
2 sin®(x) = 1 — cos(2x) . (5.10)
We hence have the following result.

Proposition 5.2 (Fractional noise, frequency domain) Under the assumptions of
Proposition 5.1 it holds for the spectrum of fractional noise x; = (1 — L) ¢, that

—-d 2
Q) = (4sin2 (%)) ;—n A0, (5.11)
and
2
) ~ A—Zd;’—ﬂ . A—0. (5.12)

The second statement in Proposition 5.2 is again understood to be asymptotic:
Similarly to (5.2) we denote for two function a(x) and b(x) # O:

Ca)
a(x) ~b(x) forx >0 < i%@ =1. (5.13)

Since lim,_, sin(x)/x = 1 we write sin(x) ~ x for x — 0. Consequently, (5.12)
arises from (5.11).

From Proposition 5.2 we learn that long memory (d > 0) translates into a spectral
singularity at frequency zero, and the negative slope is the steeper the larger d
is. In other words: the longer the memory, the stronger is the contribution of the
long-run trend to the variance of the process. The antipersistent case in contrast is
characterized by the opposite extreme: f(0) = 0. For an illustration, have a look at
Fig.5.4.

Example 5.1 (Fractionally Integrated Noise) Although the fractional noise is dom-
inated by the trend component at frequency zero (strongly persistent) for d > 0,
the process is stationary as long as d < 0.5. Consequently, a typical trajectory
can not drift off but displays somehow reversing trends. In Fig.5.5 we see from
simulated data that the deviations from the zero line are stronger for d = 0.45
than for d = 0.25. The antipersistent series (d = —0.45), in contrast, displays an
oscillating behavior due to the negative autocorrelation. l
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Fig. 5.4 2m f(A) from Proposition 5.2 for d = 0.45,0.25, —0.25, —0.45

5.4 Generalizations

On top of long memory as implied by fractional integration for 0 < d < 0.5,
we now want to allow for additional short memory. We assume that A¢ has to be
applied to {x;} in order to obtain a short memory process {e;}: A%x; = e,. At the
end of this section, the order of integration d will be extended beyond d = 0.5 to
cover nonstationary processes, too. Thus we define general fractionally integrated
processes of order d, in short x; ~ I(d).®

5The use of ‘~’ with a differing meaning from that one in (5.2) should not be a source for
confusion.
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Fig. 5.5 Simulated fractional noise for d = 0.45, 0.25, —0.45

Fractionally Integrated ARMA Processes (ARFIMA)

Since the papers by Granger and Joyeux (1980) and Hosking (1981), it is often
assumed that {e;} is a stationary and invertible ARMA(p, ¢g) process, A(L)e, =
B(L)g,, with spectrum

Ts (L) o2
Ti(A) 210

Je() =

see Corollary 4.1. An ARFIMA(p,d,q) process is defined by replacing ¢; in (5.8) by
¢;, such that

A(L)A%;, = B(L)e; .

With the expansion from (5.5) one obtains

o0
x,=(1—L)—det=ije,_,, teZ, d<0.5. (5.14)
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Under stationarity and invertibility of the ARMA process, the spectrum f, of {e,} is
bounded and bounded away from zero everywhere:

0<f(A) <oo, Ael0,7]. (5.15)

The results from Propositions 5.1 and 5.2 carry over to the ARFIMA(p,d,q) process,
see also Brockwell and Davis (1991, Sect. 13.2).

Proposition 5.3 (ARFIMA) Let the ARMA process with A(L)e; = B(L)e; be
stationary and invertible. Then the ARFIMA process with A(L)A%, = B(L)g, and
—1 < d < 0.5 is stationary, and it holds that

(a) the spectral density f (M) is given as

fA) =4"sin™™ (%)fe(k), A>0
~ A7 (0), A —0;
(b) the autocovariances satisfy
y(h) ~ vafe0) 2w 7! h—o00. d #0.
with yq from Proposition 5.1.

Hosking (1981, Thm. 2) and Brockwell and Davis (1991, Thm. 13.2.2) cover
only |d| < 0.5, but their proof carries over to —1 < d < —0.5. Further, they state
only y(h) ~ Ch?*~! for some constant C # 0; looking at the details of the proof
of Brockwell and Davis (Thm. 13.2.2), however, it turns out that C = y,f,(0) 2,
which of course covers the case of Proposition 5.1, too. In particular, we find again
that long memory defined by a non-summable autocovariance sequence translates
into a spectral peak at A = 0. This feature occurs for d > 0.

Semiparametric Models
The parametric assumption that {e;} is an ARMA process is by no means essential

for Proposition 5.3 to hold. More generally, we now define a stationary process {e;}
to be integrated of order 0, ¢, ~ 1(0), if

o0 o o
er =) big . with Y |b] <ooand Y b #0, (5.16)
k=0 k=0 k=0
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where by = 1 and {g,} ~ WN(0, 0?). The absolute summability of {b;} rules out
long memory (or d > 0) in that the autocovariances of {e,} are absolutely summable,
see Proposition 3.2; the second condition that the sequence {b;} does not sum up to
zero rules out that {e,} is integrated of order d with d < 0, see (5.7). This motivates
to call processes from (5.16) integrated of order 0. Consequently, {x,} from (5.14)
with {e,} from (5.16) is called integrated of order d, x, ~ I(d). The spectrum of {e,}
is of course given by Proposition 4.2, see (4.5). With f, being the spectrum of the
1(0) process, Proposition 5.3 continues to hold without changes, provided 0 < d
(see Giraitis et al., 2012, Prop. 3.1.1).

A further question is the behavior of the impulse responses of a general /(d)
process without parametric model: Does the decay rate j4~! of {y;} from A~ carry
over? The answer is almost yes, but mild additional assumptions have to be imposed
on {b;} from (5.16). Denote

oo oo
—d E E
Xy = A € = 1///6‘;_/‘ = ngl‘—ja
j=0 J=0

where the MA coefficients are given by convolution:

J
¢ = Zbk%‘—k, j=0.

k=0

Hassler and Kokoszka (2010) prove that a necessary and sufficient condition for

Z}fio b 4
I —— ’ d O ’
T g
is under long memory
Kby > 0, k— oo. (5.17)

This is a very weak condition satisfied by all stationary ARMA models and most
other processes of practical interest. Hassler (2012) proves that this condition
remains necessary in the case of antipersistence, d < 0, and establishes a mildly
stronger sufficient condition.

The statistical literature often refrains from a fractionally integrated model of the
type x; = (1 — L) "¢, and directly assumes for the corresponding spectral behavior
in a vicinity of the origin:

fA)~AgA), A—0.
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When it comes to estimation of d, technical smoothness restrictions are imposed on
g, including of course the minimum assumption

0<g(0) < o0,

which is required to identify d.

Nonstationary Processes

The simplest way to define a process that is integrated of a higher order than d < 0.5
is as follows. Consider a sequence {y,} that has to be differenced once in order to
obtain an /(§) process, Ay, = x;, x;, ~ I(§) or y, = y,—1 + x;. Given a starting value
yo = 0, the solution of this difference equation for ¢t € {1,2,...,n}is

t
y,:ij, t=1,2,...,n.
=1

Since {y,} is given by integration over an I(§) process, we say that {y,} is integrated
of order d, y, ~ I(d), withd = § + 1. Ford > 0.5, i.e. § > —0.5, the process
{y;} is necessarily nonstationary. We illustrate this type of nonstationarity or drift by
means of an example.

Example 5.2 (Nonstationary Fractional Noise) The middle graph in Fig.5.6 dis-
plays a realization of a random walk (d = 1). It drifts off from the zero line for very
long time spans and crosses only a few times. The /(1.45) process drifts even more
pronouncedly displaying a much smoother trajectory than the random walk. The
1(0.55) process does not drift as strongly, hitting the zero line much more often.
In fact, comparing the 7(0.55) series with the 7(0.45) case from Fig.5.5, one can
imagine that it may be hard to tell apart stationarity and nonstationarity in finite
samples. H

The case of § = 0 or y, ~ I(1) is of particular interest in many financial and
economic applications. Hence, one may wish to test whether a process is /(1) or
not,

H()Zdzl VS. Hlld#l.

One method to discriminate more specifically between d = 1 and d = 0 is
the celebrated test by Dickey and Fuller (1979), see Chap. 15. In a fractionally
integrated framework it is more generally possible to decide e.g. whether a process
is nonstationary or not,

Hy: d>05 vs. H :d<05,
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Fig. 5.6 Nonstationary fractional noise for d = 1.45, 1.0, 0.55

or whether a process has short memory or not,
Hy:d<0 vs. H :d>0.
Demetrescu, Kuzin, and Hassler (2008) suggested a simple procedure similar to the
Dickey-Fuller test, to test for arbitrary values dp.
5.5 Problems and Solutions
Problems

5.1 Consider the p-series Zle j P for J — oo. Show that the limit is finite if and
only if p > 1, see (5.1).

5.2 Show that exponential decay is faster than hyperbolic decay, i.e.
gj
lim —— =0 for0<g<l1,|d<1.
j—)OO]

5.3 Show (5.4).
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Hint: Use properties of the Gamma function

fooo Fle7idt, x>0
r'x) = 00, x=0 . (5.18)
Fx+1)/x, x<0,x#—-1,-2,...

5.4 Establish the following expression for the autocovariance y () of fractionally
integrated noise:

r(—2d)rd+h)

_ 2
YW = A= —dh)

(5.19)

Hint: Use Proposition 4.1 with (5.11), and apply the following identity from
Gradshteyn and Ryzhik (2000, 3.631.8):

b4

/ sin”~!(x) cos(ax)dx =

0

weos(F) (v +1)
v—1y, F(V+‘21+1)F(V_;+l) ’

wherev > 0.

5.5 Show Proposition 5.1 (a).
Hint: Use (5.19).

5.6 Show Proposition 5.1 (b).
Hint: Use (5.19).

5.7 Show Proposition 5.1 (c).

5.8 Consider the ARFIMA(O,d,1) model A%, = B(L) &, B(L) = 1+b L. Show for
this special case that the proportionality constant from Proposition 5.3 (b) is indeed

vafe(0) 2.

Solutions

5.1 We define the p-series of the first J terms,

g
S;(p) = o
=7
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First, we discuss the case separating the convergence region from the divergent one
(p = 1). For convenience choose J = 2", such that

1 11 1 1
Sn(l)=1{14+ - — 4 — B A
=(1) (+2)+Q+%)+ +(2'1—1+1+ +ﬂ)

L2 4, 0
> — p— —_— e =
248 2

NS

Since the lower bound of Sy« (1) diverges to infinity with n, S;(1) must diverge, too.
Second, consider the case where p < 1, such that j” < j, or j > j~!. Hence,
S;(p) > Sy(1), and divergence of S;(1) implies divergence forp < 1.
Third, for p > 1, we group the terms for J/ = 2" — 1 as follows.

1 1 1 1
s =1+ (g 5) +o+ (ot )

<1+2+4+ + 2
P =1y

el 1 1

sttt ey

We now abbreviate g = % with 0 < g < 1 since p > 1. Consequently,

where we use the geometric series, see Problem 3.2. Hence, Sy (p) is bounded
for every n, while growing monotonically at the same time, which establishes
convergence for p > 1. Hence, the proof of (5.1) is complete.

We want to add a final remark. While convergence is ensured for p > 1, an
explicit expression for the limit is by no means obvious, and indeed only known
for selected values. For example, for p = 2 one has the famous result by Leonhard
Euler:

1 7P
JIiIIOIOSJ(Z) - 21:]_2 ~ 6
=
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5.2 Since the limit of the ratio of interest is indeterminate, we apply L"Hospital’s
rule:

S T L B B T
1m.—_11m—.—11m.—
j=o0 A=l oo g7 j—oo g7 log(g)(—1)
d—1 J
log(g) j—>oo j

If -1 < d < 0, the expression g//j¢ is still indeterminate. Application of
L’Hospital’s rule twice, however, yields:

gj j—d _dj—d—l
lim = = lim “— = lim ———~———
j=oo j&  jmoo g j—oo g7l og(g)(—1)

gj

lim — = 0.
log(g) o0 1+

This establishes the claim.

5.3 Prior to solving the problem, we review some useful properties of the
Gamma function that is often employed to simplify manipulations with binomial
expressions, see e.g. Syds®ter, Strgm, and Berck (1999, p.52), and in much greater
detail Gradshteyn and Ryzhik (2000, Sect. 8.31), or Rudin (1976, Ch. 8) containing
proofs. For integer numbers, I coincides with the factorial,

I'h+1)=nn-1)---2=n!,
which implies a recursive relation holding in fact in general:
Frx+1)=xI'(x). (5.20)
Hence, obviously I'(1) = I'(2) = 1, and a further value often encountered is
I'(0.5) = /. The recursive relation further yields the rate of divergence at the
origin,
rx~x"' x-0,

which justifies the convention /7(0)/1"(0) = 1. Finally, we want to approximate the
Gamma function for large arguments. Remember Stirling’s formula for factorials,

n n
n!~+2mrn (—) .

e
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It generalizes to

ro~ ()

for x — oo, which again has to be read as

o [P =

Consequently, we have for finite x and y and large integer n that’

I'(n+x) —y

—_— ~ , . 5.21
Tty n n— oo ( )

Now, we turn to establishing (5.4). Repeated application of (5.20) gives

r'(—d

Fgy =U—d=DU=d=2) ().

By definition of the binomial coefficients we conclude from (5.3) with I'(j+ 1) = j!
that

__I'g-a .
TG+ )T (=)
—d—1

,\,J—’ j_)oo’
I (—d)

where the approximation relies on (5.21). This is the required result.

5.4 With Proposition 4.1 and (5.11) we compute

y(h) =2 / F(A) cos(Ah)dA
0

g

4= F
= —202 / sin~2(x) cos(2hx)dx,
bid

0

"Use (1 + x/n)" — ¢*.
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where we substituted % = x. Both sin?(x) and cos(2hx) are even symmetric around
Z, such that

2
. —2d _
/ sin” ““(x) cos(2hx)dx = 2
0

sin™2(x) cos(2hx)dkx.

O\N\:l

Hence, the integration formula 3.631.8. from Gradshteyn and Ryzhik (2000) can be
applied withv =1 —2d > 0 aslongas d < 0.5 and a = 2h:

y(h) = 4o / sin™2?(x) cos(2hx)dx
0
_ 4740? 7 cos(hm) (2 — 2d)
o 27260 =2d) (1 —d+h)I'(1—d—h)
) (—1)'T@2-2d)

T U2 (I —d+WI(1—d—h)

) (1M1 -2d)
FrA—d+hI(1—d—h)

Using (5.20) once more, one can show that

rd+hn _ 1) r'(1—d)
rdy r'(l—d—h)

Therefore, we finally have

I —2d)(d+ h)
T dr(—ar(—d+h)’

y(h) = o’

which is (5.19).
5.5 With (5.19) we obtain

rd-2d

y(0;d) = m,

where we assumed o> = 1 without loss of generality. Instead of the variance, we
will equivalently minimize the natural logarithm thereof. We determine as derivative

dlog(y(0:d)) _ _ (T'(1=2d) I'(1—d)
ad - (r(l—zd)_ra—d))
=20 -2d)-y(1-4ad),
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where the so-called psi function is defined as logarithmic derivative of the Gamma
function,

dlog(I"(x))

vl = =0

The psi function is strictly increasing for x > 0, which can be shown in different
ways, see e.g. Gradshteyn and Ryzhik (2000, 8.362.1). Consequently,

>0, 0<d<0.5
v(l—-d)—-y(1—-2d) =0, d=0 ,
<0, d<0

which proves that log (y(0; d)), and hence y (0; d), takes on its minimum for d = 0.
This solves the problem.

5.6 The recursive relative for y (%) is obvious with (5.19) and (5.20) at hand.
For h — o0, the approximation in (5.21) yields

ra=2d4) o0

2
y(h) ~o T@rd—d ,

which defines the constant from Proposition 5.1 (b):

r(1-2d)

Y e= Tr@ra—a-

The Gamma function is positive for positive arguments and negative on the interval
(—1,0). Hence, the sign of y,; equals the sign of I'(d) since d < 0.5, which
completes the proof of Proposition 5.1 (b).

5.7 In terms of autocorrelations the recursion from Proposition 5.1 (b) becomes
p(h:d) = f(h;d) p(h—1:d), h=1,
where the factor f(h; d) is positive for d > 0,

f(h:d) = h—1+d >0 with fh:d) >

h—d ad 0

such that p(#; d) > 0 since p(0;d) = 1. Hence, we have

dp(h;d)  9f (h;d) dp(h —1;d)

. 9d p(h—1;d) + f(h;d) o ,
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which is positive by induction since

dp(l;d) _ df(1;d) -

od od 0

Hence, p(h; d) is growing with d as required.

5.8 The spectral density of the MA(1) component e, = &, + be,—; is known from
Example 4.3:

£.(0) = (1 4+ b)*0?*/27.
We now express x; in terms of a fractional noise called y, = A,

x = ATB(L)e, = B(L)A ™,
=(+bL)y,.

Let y,(h) and y,(h) denote the autocovariances of {x,} and {y,}, respectively. It holds
that

vx(h) = E[(y: + byi—1) Qen + bYirn—1)]
= (1 +0)p(h) +b(p(h—1) + y(h + 1)) .

With the behavior of y, () from Proposition 5.1 it follows

Yx(h)
h2d—1

— (14 b%) ya0? + 2by0?
= Yafe(0)2m,

as required.
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Processes with Autoregressive Conditional
Heteroskedasticity (ARCH)

6.1 Summary

In particular in the case of financial time series one often observes a highly
fluctuating volatility (or variance) of a series: Agitated periods with extreme
amplitudes alternate with rather quiet periods being characterized by moderate
observations. After some short preliminary considerations concerning models with
time-dependent heteroskedasticity, we will discuss the model of autoregressive
conditional heteroskedasticity (ARCH), for which Robert F. Engle was awarded
the Nobel prize in the year 2003. After a generalization (GARCH), there will
be a discussion on extensions relevant for practice. Throughout this chapter,
the innovations or shocks {g;} stand for a pure random process as defined in
Example 2.7.

6.2 Time-Dependent Heteroskedasticity
The heteroskedasticity allowed for here is modeled as time-dependent volatility by’

Xt = 0¢ &, Er ~ lid(O, 1) , (6.1)

I'The following equation could be extended by a mean function, e.g. of a regression-type,
x =a+ Bz +oe,
or
X = aix— + -+ apxi—p + 0,8

We restrict our exposition and concentrate on modeling volatility exclusively, although in practice
time-dependent heteroskedasticity is often found with regression errors.

© Springer International Publishing Switzerland 2016 127
U. Hassler, Stochastic Processes and Calculus, Springer Texts in Business
and Economics, DOI 10.1007/978-3-319-23428-1_6
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where {0,} is the volatility process being stochastically independent of {&;} by
assumption, and {g,} is a pure random process with unit variance. There exist two
routes to model the volatility process. The first one, often labeled as processes
with stochastic volatility, assumes an unobserved, or latent, process {/,} behind the
volatility: o, = exp(h,/2). This implies for the squared data

2 =e"e? or log(x?) = h, + log(e?).
For an early survey on stochastic volatility processes see Taylor (1994). A second
strand in the literature assumes that o, depends on observed data, in particular
on past observations x;,—;. This class of models has been called autoregressive

conditional heteroskedasticity (ARCH). ARCH processes are widely spread and
successful in practice and will be the focus of attention in the present chapter.

Heteroskedasticity as a Function of the Past

In this chapter the variance function is modeled by the observed past of the process
itself:

o} =f (a1 22,0 (6.2)
By plugging in x,—; from (6.1) one obtains:
07 = f(01—181-1,01—281—2,"+) .
We will show that the process from (6.1) is a martingale difference sequence.
Remember the definition of the information set Z,—; generated by the past of x;

up to x,—;. Then it holds that?

E (x| Zi—1) = E (x| X1, %12, - *)
= E (0v& | X1—1, %2, )
= 0,E (& | xp—1, X2, -+ )
=0E (),

as & is independent of x;—; for j > 0 by construction. With ¢; being zero on average,
it follows that

E(x/|Z-1) =0,

2When conditioning on Z,—, one often writes E (- | x,—;, x,—s, - - +) instead of E (- | Z,—1).
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which proves (integrability of {x,} assumed) that {x,} is in fact a martingale
difference sequence, see below (2.11). The variance of the martingale difference
is determined in the following way (as x; is zero on average,

as 0,2 from (6.2) and &, (with variance 1 from (6.1)) are stochastically independent.
Hence, the following proposition is verified.

Proposition 6.1 (Heteroskedastic Martingale Differences) Let {x;} be from (6.1)
and {02} from (6.2) with E(c?) < oo independent of {e,}. Then {x,} is a martingale
difference sequence with variance

Var(x,) = E(xtz) = E(atz) .

Let us remember Proposition 2.2. Due to the martingale difference property it
holds that

E(x) =0 and y(h) =E(xx4,) =0, h#0.

Hence, the process is serially uncorrelated with expectation zero which would be
supposed e.g. for returns. However, the process is generally not independent over
time. The (weak) stationarity of {x,} depends on the possibly variable variance; if
the variance Var(x,) is constant, then the entire process is stationary.

Heuristics

Now, the question is how the functional dependence in (6.2) should be specified
and parameterized. Heteroskedasticity as an empirical phenomenon has been known
to observers on financial markets for a long time. Before ARCH models were
introduced, it had been measured by moving a window of width B through the data
and averaging over the squares:

For every point in time ¢ one averages over the past preceding B values in order to
determine the variance in ¢. In doing so, we do not center x,—; around the arithmetic
mean as we think of returns with E(x;) = 0 when applying the procedure, cf.
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Proposition 6.1. With daily observations (with five trading days a week) one chooses
e.g. B = 20 which approximately corresponds to a time window of a month. A first
improvement of the time-dependent volatility measurement is obtained by using a
weighted average where the weights, g; > 0, are not negative:

B B
st = Zg,-x,z_i with Zg,- =1 (6.3)
i=1 i=1

Example 6.1 (Exponential Smoothing) For the weighting function g; one often uses
an exponential decay:

Ai—l

Ry ea—y with 0 < A < 1.

8i

Note that the denominator is just defined such that it holds that Z?=1 gi = 1. With
growing B one furthermore obtains
1— A8 1
— .
1-2 1-A

Inserting the exponentially decaying weights in (6.3), we get the following result
for B — oo:

l+A+...+ A=

S =1-0D A",

i=1
Now it is an easy exercise to verify the following recursive relation:

7)) = (1= x>, + As2(A). (6.4)

We will call s>(1) the exponentially smoothed volatility or variance. In order to be
able to calculate it for t = 2, ..., n, we need a starting value. Typically, s}(1) = x}
is chosen which leads to s3(1) = x7. W

The ARCH and GARCH processes which are subsequently introduced are
models leading to volatility specifications which generalize s? and s?(1) from (6.3)
and (6.4), respectively.

6.3  ARCH Models
So-called autoregressive conditional heteroskedasticity models can be traced back
to Engle (1982). We consider the case of the order g and specify o from (6.2) as

follows:

ol =ao+arx, +...+ oqutz_q, (6.5)
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where it is assumed that

>0 and «;>0,i=1,...,q, (6.6)
in order to guarantee 0,2 > 0. Note that this variance function corresponds to sf
from (6.3). For oy = --- = a, = 0, however, the case of homoskedasticity is
modeled.

Conditional Moments

Given x;—1, ..., X4, one naturally obtains zero for the conditional expectation as
ARCH processes are martingale differences, see Proposition 6.1. For the conditional
variance it holds that

Var(x, |xt_1,...,x,_q) = E(xf |xt_1,...,x,_q)

O7E (] [ X1, Xi—g)

= o‘tz s
as &, is again independent of x;—; and has a unit variance. Hence, for the variance it
conditionally holds that:

Var(x;|x Xi—g) =0+ o X + . F g

tlAt—=15 «« o s At—q 0 14— qtt—q >

which explains the name of the models: The conditional variance is modeled
autoregressively (where “autoregressive” means in this case: dependent on the past
of the process). Thus, extreme amplitudes in the previous period are followed
by high volatility in the present period resulting in so-called volatility clusters.
If the assumption of normality of the innovations is added, then the conditional
distribution of x, given the past is normal as well:

Xt |Xt_1, .. .x,_q ~ N(O, (o)) + o1 .xtz_l + ...+ aqxtz_q) .
But, although the original work by Engle (1982) assumed &, ~ iiA(0, 1), the

assumption of normality is not crucial for ARCH effects.

Stationarity

By Proposition 6.1 it holds for the variance that
Var(x) = E(07) = ao + a1 B(x;_)) + -+ + aE(x_) .

If the process is stationary, Var(x;) = Var(x,—;),j = 1,...,q, then its variance
results as

o
Var(y) = .
- — ... =0y
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For a positive variance expression, this requires necessarily (due to ¢p > 0):
l—a;—...—a;>0.

In fact, this condition is sufficient for stationarity as well. In Problem 6.1 we
therefore show the following result.

Proposition 6.2 (Stationary ARCH)
Let {x,} be from (6.1) and {02} from (6.5) with (6.6). The process is weakly
stationary if and only if it holds that

q
ZO(/' <1.
j=1

Correlation of the Squares
We define e, = x>—o 2. Due to Proposition 6.1 the expected value is zero: E(e;) = 0.
Adding x? to both sides of (6.5), one immediately obtains

2 2 2
Xp =0+ arx .o togx e

From this we learn that an ARCH(g) process implies an autoregressive structure
for the squares {x?}. The serial dependence of an ARCH process originates from
the squares of the process. Because of o; > 0, x> and x>_, are positively correlated
which again allows to capture volatility clusters.

In Figs.6.1 and 6.2 ARCH(1) time series of the length 500 are simulated. For
this purpose pseudo-random numbers {¢,} are generated as normally distributed and
ap = 1 is chosen. The effect of o is now quite obvious. The larger the value
of this parameter, the more obvious are the volatility clusters. Long periods with
little movement are followed by shorter periods of vehement, extreme amplitudes
which can be negative as well as positive. These volatility clusters become even
more obvious in the respective lower panel of the figures, in which the squared
observations {x’} are depicted. Because of the positive autocorrelation of the
squares, small amplitudes tend again to be followed by small ones while extreme
observations appear to follow each other.

Skewness and Kurtosis

In the first section of the chapter on basic concepts from probability theory we have
defined the kurtosis by means of the fourth moment of a random variable and we
have denoted the corresponding coefficient by y». For y, > 3 the density function
is more “peaked” than the one of the normal distribution: On the one hand the
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Fig. 6.2 ARCH(1) withap = 1 and oy = 0.9

values are more concentrated around the expected value, on the other hand there
occur extreme observations in the tail of the distribution with higher probability



134 6 Processes with Autoregressive Conditional Heteroskedasticity (ARCH)

(“fat-tailed and highly peaked”). For stationary ARCH processes with Gaussian
innovations (g; ~ ii N'(0, 1)) it holds that the kurtosis exceeds 3 (provided it exists
at all):

]/2>3.

The corresponding derivation can be found in Problem 6.2. Due to this excess
kurtosis, ARCH is generally incompatible with the assumption of an unconditional
Gaussian distribution.

We define the skewness coefficient y; similarly to the kurtosis by the third
moment of a standardized random variable. The skewness coefficient of ARCH
models depends on the symmetry of ¢;. If this innovation is symmetric, then it
follows that E(sf) = 0. Hence, y; = 0 follows for the corresponding ARCH process
(due to independence of o; and ¢;):

E(x)) = E(9}) - E(&])
=E(0;)-0=0.

Thereby it was only used that ¢, is symmetrically distributed.

Example 6.2 (ARCH(1)) In particular for a stationary ARCH(1) process with
2 1

a; < 5 and Gaussian innovations ¢, the kurtosis is finite and it results as (see

Problem 6.3):

2
I —o

> 3.
1—3a?

Y2 =3

For a% > % there occur extreme observations with a high probability such that the
kurtosis is no longer constant. Consider a stationary ARCH(1) process («; < 1) with
af = 1/3. Under this condition one has for s, = E(x}) withE(:2_,) = a/(1—a1)
assuming Gaussianity:

ts, = E(e})E(0;) = 3E (a0 + c1x7_,)?)

2
o 0

=3 (o) +2 "+ afpat | =c+ 30 par =c+ pas s
1 —

where the constant ¢ is appropriately defined. Continued substitution yields thus
Has =Ct+ Uap .

Hence, we observe that the kurtosis grows linearly over time if 3 ozlz =101
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6.4 Generalizations

Some extensions of the ARCH model having originated from empirical features of
financial data will be covered in the following.

GARCH

In practice, with many financial series it can be observed that the correlation of
the squares reaches far into the past. Therefore, for an adequate modeling a large
q is needed, i.e. a large number of parameters. A very economical parametrization,
however, is allowed for by the GARCH model.

Generalized ARCH processes of the order p and g were introduced by Bollerslev
(1986) and are defined by their volatility function

o =t x ot agx +Biol + e+ Byl 6.7)

The result process is abbreviated as GARCH(p, ¢). In addition to the parameter
restrictions from (6.6) it is required that

Bi=0,i=1,....p. (6.8)

Jointly, these restrictions are clearly sufficient for 6> > 0 but stricter than necessary.
Substantially weaker assumptions were derived by Nelson and Cao (1992).

We adopt the stationarity conditions for GARCH models from Bollerslev (1986,
Theorem 1). The resulting variance will be determined in Problem 6.4. Thus, we
obtain the following results.

Proposition 6.3 (Stationary GARCH)
Let {x;} be from (6.1) and {c?} from (6.7) with (6.6) and (6.8). The process is
weakly stationary if and only if

q p
Z%‘ + Zﬂj <1.
=1 =1

Then it holds for the variance that

Var(x;) = > .
L= =3B
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It can be shown that the stationary GARCH process can be considered as an
ARCH(o0) process. Under the conditions from Proposition 6.3 it holds that (see
Problem 6.5):

o0 o0
(rf =y + Zy,- xf_i with y; > 0 and Z lyil < 0. (6.9)

i=1 i=1

Thus, the GARCH process allows for modeling an infinitely long dependence of the
volatility on the past of the process itself with only p + g parameters although this
dependence decays with time (i.e. y; — 0 for i — 00). The fact that GARCH can be
considered as ARCH(o0) has the nice consequence that results for stationary ARCH
processes also hold for GARCH models. In particular, GARCH models are again
special cases of processes with volatility (6.2) and therefore examples of martingale
differences, i.e. Proposition 6.1 holds true. If we assume a Gaussian distribution of
{&:}, it follows, just as for the ARCH(g) process of finite order, that the skewness is
zero and that the kurtosis exceeds the value 3.

Example 6.3 (GARCH(1,1)) Consider the GARCH(1,1) case more explicitly. It
is by far the most frequently used GARCH specification in practice. Continued
substitution shows under the assumption of stationarity that (o; + 81 < 1):

a o0

2 _ 0 i—1 .2

o, = +oz1§ Bl X,
1-p i=1

Hence, we have an explicit ARCH(co) representation of GARCH(1,1). Assuming
that

1— (o1 + B1)* — 207 > 0,

the kurtosis is defined. In Problem 6.6 we show (with Gaussian distribution of {&;}):

1— (o) 4 B1)?
Y2 =3 5 > > 3.
1 — (a1 + B1)? — 204
Furthermore one shows by
of = a+aix, +piol,
—
x o= oo+ (o +p) g —pi (L —oly) +x -0}

the equation

xF =+ (o + 1) Xy + e — B e
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with
es=x>—0?, E(e)=0.

The GARCH(1,1) process {x;} therefore corresponds to an ARMA(1,1) structure of
the squares {x*}. W

In Figs.6.3 and 6.4 the influence of the sum of the parameters o + B is
illustrated by means of simulated GARCH(1,1) observations. We therefore fix
a9 = 1 and @y = 0.3 and vary B; in such a way that stationarity is ensured.
The larger B, (and therefore the sum of «; + B1), the more pronounced is the
change from quiet periods with little or, in absolute value, moderate amplitudes to
excited periods in which extreme amplitudes follow each other. Again, this pattern
of volatility becomes particularly apparent with the serially correlated squares in the
lower panel, respectively.

IGARCH

Considering the volatility of GARCH(1,1),

2 _ 2 2
o =ap+o1x_, + Bio-,,

Z_ ‘\‘JH‘” \‘lul'\ l l“y “Jh\h‘ lu"Nl‘ l ‘ ‘lx
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Fig. 6.3 GARCH(1,1) withey = 1, ¢y = 0.3 and 8; = 0.3
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Fig. 6.4 GARCH(1,1) withey = 1, ¢y = 0.3 and §; = 0.5

we are reminded of s,2 () from (6.4). The difference being that oy = 0, and it holds
thate; + B1 = 1 (i.e. @) = 1 — A and B; = A, respectively). Models with such a

restriction violate the stationarity condition (¢« + 8 < 1). This can be shown when

; 2 With . — g2 &2 -
forming the expected value of o] withx;_ | = 0,_, &,_;:

E(07) = oo + a1 E(07) E(e]) + BiE(0)
= ap + (a1 + B1) E(02)).
With «; + 8; = 1 one obtains
E(0c? —0%,) = ag > 0.
In other words: The expectations for the increments of the volatility are positive for

every point in time, modeling a volatility expectation which tends to infinity with 7.
This idea was generalized in literature. With

q p
ZO{/ + Zﬂ/ =1
=1 =1

one talks about integrated GARCH processes (IGARCH) since Engle and Bollerslev
(1986). This is a naming which becomes more understandable in the chapter on
integrated processes.
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Fig. 6.5 IGARCH(1,1) withag = 1, = 0.3 and B; = 0.7

In Fig. 6.5, an IGARCH(1,1) process (@; + f1 = 1) was simulated according
to the scheme from Figs. 6.3 and 6.4. In comparison to the previous figures, in this
case we find considerably more extreme volatility clusters which, however, are not
exaggerated. The kind of depicted dynamics in Fig. 6.5 can be frequently observed
in financial practice.

GARCH-M
We talk about “GARCH in mean™? (GARCH-M) if the volatility term influences the
(mean) level of the process. In order to explain this with regard to contents, we think
of risk premia: For a high volatility of an investment (high-risk), a higher return is
expected, on average. In equation form we write this down as follows:

Xy = 90t+utv (610)
where {u,} is a GARCH process:

w =08, 0°=ay+to utz_l—i—--——}—ozquf_q—}—ﬂlotz_l—i—...—}—ﬂpotz_p. (6.11)

3Originally, the ARCH-M model was proposed by Engle, Lilien, and Robins (1987).
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Fig. 6.6 GARCH(1,1)-M from (6.11) withay = 1,0y = 0.3 and 8; = 0.5

Therefore, in this case the mean function . is set to 8 o;. In some applications it has
proved successful to model the risk premium as a multiple of the variance instead
of modeling it by the standard deviation (6 o;):

)CIZQO'[Z—}-M,.

For both mean functions the GARCH-M process {x;} is no longer free from serial
correlation for 6 > 0; it is no longer a martingale difference sequence.

In Fig. 6.6 a GARCH-M series was generated as in (6.11). The volatility cluster
can be well identified in the lower panel of the squares.The effect of 6 = 1 becomes
apparent in the upper panel: In the series of x; local, reversing trends can be spotted.
Upward trends involve a high volatility, whereas quiet periods are marked by a
decreasing or lower level.

EGARCH

We talk about exponential GARCH when the volatility is modeled as an exponential
function of the past squares xtz_l.. This suggestion originates from Nelson (1991) and
was made in order to capture the asymmetries in the volatility.* It is observed that
decreasing stock prices (negative returns) tend to involve higher volatilities than

4We do not exactly present Nelson’s model but a slightly modified implementation which is used
in the software package EViews.
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increasing ones. This so-called leverage effect is not captured by ordinary GARCH
models.
In EViews the variance for EGARCH is calculated as follows:

p q

logcr,2 =w+ Z Bi logatz_j + Z (O(jlgt—j| + ¥ Et—j)a
j=1 Jj=1

where &,_; is defined as

.xt_j

E—j = —

O-[_j

For y; = 0 the sign is not an issue. However, for y; < 0 in the negative case
eyl +yj e = (@ —ypleyl for e <0

has a stronger effect on log o2 than in the positive case
ajle—j| + vje—j = (aj + y))e—j for &_;>0.

Note that for EGARCH the expression o7 is without parameter restrictions always
positive by construction. Applying the exponential function, it results that

p q
of =exp |+ Bilogal;+ ) (ele| +vi)

Jj=1 j=1
Example 6.4 (EGARCH (1,1)) Again, as special case we treat the situation with
p=q=1
logcr,2 =w+p logatz_l +oyle—i| + yi &1,
or after applying the exponential function:

o} = ewcftz_ﬂf exp (arle—1] + y18i-1)
= wgp Jexp(e—ill@r —y)), &1 =0
U lexp(e—i(ar +71).  &-1>0

In this case it is again shown that for y; < 0 the leverage effect is modeled in
such a way that negative observations have a larger volatility effect than positive
observations of the same absolute value. ll

In Fig. 6.7 a realization of a simulated EGARCH(1,1) process is depicted. The
“leverage parameter” is y; = —0.5. When the graphs of the squared and the original
observations are compared, it can be detected that the most extreme amplitudes are
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Fig. 6.7 EGARCH(1,1) withw = 1,¢; = 0.3, 8; =0.5and y; = —0.5

in fact negative. Furthermore, it can be observed that periods with predominantly
negative values are characterized by a high volatility.

YAARCH

The works of Engle (1982) and Bollerslev (1986) have set the stage for a downright
ARCH industry. A large number of generalizations and extensions has been
published and applied in practice. Most of these versions were published under more
or less appealing acronyms. When Engle (2002) balanced the books after 20 years
of ARCH, he added with some irony another acronym: YAARCH standing for Yet
Another ARCH. There is no end in sight for this literature.

6.5 Problems and Solutions
Problems
6.1 Prove Proposition 6.2.
Hint: According to Engle (1982, Theorem 2) the process is stationary if and only if
it holds that
a(z) =0 = |z > 1, (6.12)

witha(z) :=1—o1z—... —a,z%.



6.5 Problems and Solutions 143

6.2 Show that the kurtosis y, of an ARCH process exceeds the value 3. Assume a
Gaussian distribution of {e,} and E(0,') < oc.

6.3 Calculate the kurtosis of a stationary ARCH(1) process as given in Example 6.2
for the case that it exists. Assume a Gaussian distribution of {¢;}.

6.4 Assume {x;} to be a stationary GARCH process. Determine the variance
expression from Proposition 6.3.

6.5 Assume {x;} to be a stationary GARCH process with (6.6) and (6.8). Determine
the ARCH(o0) representation from (6.9).

6.6 Calculate the kurtosis of a stationary GARCH(1,1) process as given in Exam-
ple 6.3 for the case that it exists. Assume a Gaussian distribution of {g}.

Solutions

6.1 We have to show the equivalence of (6.12) and the condition from Proposi-
tion 6.2, given (6.6). This condition can also be written as «(1) > 0. Hence, we
have to prove the equivalence:

(6.12) < a(1) > 0.

We proceed in two steps.
“="": Under the condition by Engle (1982) it holds that

Var(x,) = il i

=22 >9.
l—a—...—a; oa(l) ~

Due to o > 0 it immediately follows that «(1) > 0. The case @(1) = 0, however,
is due to (6.12) excluded, such that &(1) > 0 can be concluded.
“«<=": For a root z of «(z) it holds that:

q

— .

I—Za]z.
j=1

By the triangle inequality and applying (6.6) it follows that:
1<) o] =) ol <max || ) o
J
j=1 j=1 j=1

= max [2/] (1 —a(1))
J

< max |7/],
J
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where the assumption was used for the last inequality. Therefore, we have shown
for a root z of a(z) that it holds that max; |Z/| > 1 and thus |z| > 1.
Hence, the proof is completed.

6.2 From Example 2.4 we adopt due to the Gaussian distribution

4
E(sf)=E<(£'1_O) ) =3,

Therefore, in a first step it follows due to the independence of o; and &;:

E(x) =E(0'¢]) =E (o) E(e]) = 3E(0).

Hence, because of E(x;) = 0 and Proposition 6.1 the kurtosis of x; results as:

_ Ba)  _ 3E(%))
2T Varw)? T (E(02)

The usual variance decomposition, see Eq. (2.1),

Var (07) = E (/') = (E(07))" 2 0.

yields

Hence, the claim is verified: y, > 3.
6.3 As o, and ¢, are stochastically independent, it holds that

E(x}) = E(0))E(e7).
whereby the k-th central moment is given, as {x,} is a martingale difference sequence
with zero expectation. On the assumption of a standard normally distributed random
process one obtains

E(e?) =1, E()=0 and E(s)) = 3.

This implies for the ARCH(1) process that the skewness is zero due to E(xf’) =0.
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In order to determine the kurtosis, we first observe that the fourth moment is
constant under the condition 30:% < 1. To that end define p4, and use p, =
Var(x,) = 2.

l—ay *

14, = E(x}) = E(e) E(0}) = 3E (a0 + a1x?)?)

2
oo

1

=3(a3+2 o

1
+ 0612M4,t—1) =c+ 32y,
1

where the constant ¢ is defined appropriately. Infinite substitution yields

C
Mar = C (1+30612+(30612)2+) = =32 = 4.
1

With a constant 4 (and p;) one obtains

ug = E(x}) = 3E(0]) = 3E(a} + 20 oy x2_; + &f x},
= 3o + 200 a1 o + @ 4]

or

3 202 o
N FE )
1—0(1

1—3a?
3 wd(l4ap)
1-302 l—oa

From this it follows that

Ha 3
= = I —ap)(l+a
r2 (Var(x))2 11— 30(%( ) )
_ 1—of
1—3a3

Of course, these transformations were only possible for 1 — 30512 > (. Hence, this is
the condition for a finite, constant kurtosis.

6.4 We use the fact that o, from (6.7) is again independent of &,. This can be shown
by substitution of (rrz_j and x2_; according to (6.1). Thus, as in Proposition 6.1, for
stationarity and for arbitrary points in time, it holds that:

Var(x,) = E (07) = y(0).
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Hence, by forming the expected value we obtain from (6.7):

y©0) =ao+a17(0) + ...+ a,7(0) + B1y(0) + ...+ B, y(0).

Therefore, we can solve

as claimed.

6.5 We define the lag polynomial B(L) with
BL)y=1-pL—...—B,L".
Hence, it holds that
BL)o} =ao+ar1xi | + ...+ oquf_q.
By assumption
Bi=0, j=1,....,p, and B(1)>0.

In Problem 6.1 we have shown that this is equivalent to

B =0 = |z >1.

This is in turn the condition of invertibility known from Proposition 3.3 which
guarantees a causal, absolutely summable series expansion with coefficients {c;}:

oo oo

1 .
— I :
LR
J=0 j=0
By comparison of coefficients one obtains from
o0
Il=(1=pL— ... —BI')> g/
j=0

as usual

C0=1

ca=pico=p>0
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ca=pici+Prco=Pr+p2>0

c=Ppic1+...+Bpcip =0, j=p.
Thus, the inversion of B(L) yields:

2
2 o o X+ ... +Oéqxt2_q

T D)

o0
=+ vixi,.
i=1

where y;, i > 0, results by convolution of

arL+...+a,L? 1 X > )
= OékL .
B(D) 1 ]:Zl /

The non-negativity and summability of {e;} and {c;} is conveyed to the series {y;}.
Hence, the proof is complete.

6.6 As for the ARCH(1) case it holds that

Applying E (x?) = E (o) = l_a"l"_ 7, yields:

E(o}) =E ([ao +ai x4+ B 03_1]2)
=E (o +oixl, +Biol)
+EQQagarx;_; + 20 Bios, + 201 fix,_ 0 )
=af +3a]E(0},) + BE(or,)

205(%0(1 20(%,31
1—0[1—,31 1—0[1—,31

+2a1 BiE(0})) E(e])) -

As for the ARCH(1) case one has to show that E (O’r4 ) turns out to be constant under
stationarity and the condition 1 —2 a% — (a1 + B1)? > 0. We omit this step here and
take E (0;') = E (0", ) for granted. It then holds that:

2 29g(+B)
(XO + 1—a;—pB

):1—2a%—(a1+/31)2'

E (o
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From this it follows that

1
—3E(0%) ——
72 =3E(7) (Var (2))°
3 a2 (14 a1 + 1) (1—a;—p1)?
(I—a; — B)(1 =202 — (@) + B1)?) o

_y U+ @+ )0 = ( +p)
1—20af — (a1 + B1)?
1— (a1 + B1)?
1—2a} — (a1 + B1)*’

This is in accordance with the claim.
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7.1 Summary

The Wiener process (or the Brownian motion) is the starting point and the basis for
all the following chapters.! This is why we will consider this process more explicitly.
It is a continuous-time process having as prominent a position in stochastic calculus
as the Gaussian distribution in statistics. After introducing its defining properties
intuitively, we will discuss important characteristics in the third section. Examples
derived from the Wiener process will conclude the exposition.

7.2 From Random Walk to Wiener Process

We consider a nonstationary special case of the AR(1) process and thereby try to
arrive at the Wiener process which is the most important continuous-time process in
the fields of our applications.

Random Walks

The cumulation of white noise is labeled random walk,

t
x,:Zej, tef{l,2,...,n}.
—

"Norbert Wiener, 1894—1964, was a US-American mathematician. He succeeded in finding a
mathematically solid definition and discussion of the so-called Brownian motion named after
the nineteenth century British botanist Brown. With a microscope, Brown initially observed and
described erratic paths of molecules.

© Springer International Publishing Switzerland 2016 151
U. Hassler, Stochastic Processes and Calculus, Springer Texts in Business
and Economics, DOI 10.1007/978-3-319-23428-1_7
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Obviously, it holds that
X =X—1+&, Xx=0.

In other words: The random walk results as an AR(1) process for the parameter
value a = 1 and with the starting value zero?

Xy=ax—1+¢&, a=1,x=0.
As the process is nonstationary,
E(x) =0, Var(x)=o0t,

it cannot have an infinitely long past, i.e. the index set is finite, T = {1,2,...,n}.

In a way, the random walk models the way home of a drunk who at a point in time
t turns to the left or to the right by chance and uncorrelated with his previous path.
Put more formally: The random walk is a martingale. We briefly want to convince
ourselves of this fact. By substitution the AR(1) process yields

s—1

Xigs = a’x; + E a’stﬂ_j.
Jj=0

Therefore, for s > 0 it holds that
E(x45|Z;) = a’x, + 0,

where 7, again denotes the information set of the AR(1) process. Thus, the
martingale condition (2.11) for AR(1) processes is fulfilled if and only if a = 1.
The second martingale condition, E(|x,]) < oo, is given as 6> < oo and hence
E(x?) = to? < oo.

Example 7.1 (Discrete-Valued Random Walk) Let the set of outcomes contain only
two elements (e.g. coin toss: heads or tails),

Q:{a)Ov wl}v

with probabilities P ({w1}) = % = P({wo}). Let {&;} be a white noise process

assigning the numerical values 1 and —1 to the events,

et;w) =1, elt;wp)=-1, t=1,2,...,n.

2This special assumption for the starting value is made out of convenience; it is by no means crucial
for the behavior of a random walk.
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For every point in time, this induces the probabilities

Pe(er = 1) = P(for}) = Puer = 1) = P (fen}) = % _

Then, for expectation and variance it is immediately obtained:
2 1 21
E(er) =0, Var(g) =1 3 + (-1 7= 1.

For t = 1,...,n, the corresponding random walk x; = th.=1 g; can only take on
the countably many values {—n, —n + 1,...,n — 1,n} and is therefore also called
discrete-valued. M

Example 7.2 (Continuous-Valued Random Walk) If {e,} is a Gaussian random
process,

& ~ N(0,0’z) s

then, obviously, the random walk based thereon is also Gaussian, where the variance
grows linearly with time:

t
X = Zej ~ N(0,0%).
=1

In this case, {x;} is a continuous random variable by assumption and hence this
random walk is also called continuous-valued.

Wiener Process
At this point, the continuous-time Wiener process will not yet be defined rigorously,

but we will approach it intuitively step by step. In order to do so, we choose the
index set T = [0, 1] with the equidistant, disjoint partition

[0,1)=O[i;1,£).

i=1

Now, the random walk is multiplied by the factor 1/./n and expanded into a step
function X,,(¢). Interval by interval, we define as continuous-time process:

i—1
1 1
X,,(t)zWE £ forte|:ln %)lzln (1.1)
=1
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In addition, we assume &, € {—1, 1} and set fort = 1

j=

Fort = 0,ie.i = 11in (7.1), we follow the convention that a sum equals zero if
the upper summation limit is smaller than the lower one, which is why X,(0) = 0
begins in the origin. Apparently, X,,() is a constant step function on an interval of
the length 1/n, respectively; if X,,(f) was only observed at the jump discontinuities,
a time-discrete random walk would be obtained. Being dependent on the choice of
n (i.e. the fineness of the partition), the process X, () is indexed accordingly.

If &, is from Example 7.1, i.e. || = 1, this means that each individual step of
the step function has the height 1/./n in absolute value. Hence, X,,(7) only takes on
values from

-n —-n+1 n—1 n
NV I EIN

Therefore, X,,(?) is a continuous-time but discrete-valued process.

Now, the starting point for the Wiener process is the step function X,,(7) with &,
from Example 7.1. The number of the steps obviously depends on n which indicates
the fineness of the partition of the unit interval. Simultaneously, the step height of
the steps with n~03 becomes flatter, the finer it is partitioned. Note that, due to this
fact, the range becomes finer and finer and larger and larger as n grows. Hence,
with n growing, X,,(f) becomes “more continuous”, in the sense that the step heights
n~%3 turn out to be smaller; simultaneously, the jump discontinuities move together
more closely (the steps of the width 1/n get narrower) such that X,,(f) can take on
more and more possible values. In the limit (n — 00) a process named after Norbert
Wiener is obtained which we will always denote by W in the following:

X, (1) = W() forn— oo,

where “=" denotes a mode of convergence which will be clarified in Chap. 14.
Intuitively speaking, it holds that for each of the uncountably many points in time ¢
the function X, (f) converges in distribution to W(z) just at this point. The transition
of discrete-time and discrete-valued step functions from (7.1) to the Wiener process
(for n growing) is illustrated in Fig.7.1.?

The Wiener process W(¢) as a limit of X, () is continuous-valued with range
R = (—o00, 00) and of course it is continuous-time with # € [0, 1]. Furthermore,
the Wiener process is a Gaussian process (normally distributed) which is not that
surprising. As, due to the central limit theorem for n — oo, it holds for the

3Tn order not to violate the concept of functions, strictly speaking, the vertical lines would not be
allowed to occur in the graphs of the figure. We ignore this subtlety to enhance clarity.
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Fig. 7.1 Step function from (7.1) on the interval [0,1]

standardized sum of uncorrelated random variables {¢;} (whose variance is one and
whose expectation is zero) that it tends to a standard normal distribution:

" Sioie—E(X )
o =

=1 Var (Z;;l sj)

4 N(©,1). (7.2)

Here, “—d>” denotes the usual convergence in distribution; cf. Sect.8.4. As X,,(1)
tends to W(1) at the same time, the Wiener process has to be a standard normally
distributed random variable at t = 1. After giving a formal definition, we will again
bridge the gap from the Wiener process to X, (f).
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Formal Definition

The Wiener process (WP) W(¢), t € [0, T}, is defined by three assumptions. Put into
words, they read: It is a process with starting value zero and independent, normally
distributed, stationary increments. These assumptions are to be concretized and
specified. Hence, the Wiener process is defined by:

(W1) The starting value is zero with probability one, P(W(0) = 0) = 1;

(W2) non-overlapping increments W(t;) — W(ty), ..., W(t,) — W(t,—1), with 0 <
to <t <...=<t,,areindependent for arbitrary n;

(W3) the increments follow a Gaussian distribution with the variance equalling the
difference of the arguments, W(¢) — W(s) ~ N(0, t —s) with0 < s < 1.

Note that the variance of the increments does not depend on the point in time but
only on the temporal difference. Furthermore, the covariance of non-overlapping
increments is zero due to the independence and the joint distribution results as
the product of the marginal distributions. Hence, the joint distribution of non-
overlapping increments is multivariate normal. If all increments are measured over
equidistant constant time intervals, #;—#,_; = const, then the variances are identical.
Therefore, such a series of increments is (strictly) stationary.

Although the WP is defined by its increments, they translate into properties of
the level. Obviously, the first and the third property* imply

W) ~ N(, 1), (7.3)

i.e. the Wiener process is clearly a stochastic function being normally distributed at
every point in time with linearly growing variance ¢t. More precisely, the WP is even
a Gaussian process in the sense of the definition from Chap. 2. The autocovariances
being necessary for the complete characterization of the multivariate normal
distribution (W(t;), ..., W(t,)), are determined as follows (see Problem 7.3):

Cov(W(zr), W(s)) = min(s, ?) . (7.4)

The Wiener process, which here will always be denoted by W, is for us a special
case of the more general Brownian motion.> So to speak, it takes over the role of
the standard normal distribution, and by multiplication with a constant a general
Brownian motion is obtained as

B(t)=0cW(), o>0.

“To be completely accurate, this needs to read: W(f) — W(0) ~ N(0, 1). As W(0) is zero with
probability one, we set W(0) equal to zero here and in the following; then, the corresponding
statements only hold with probability one.

3This convention does not hold beyond these pages. Many authors use the terms Wiener process
or Brownian motion interchangeably or they apply one of them exclusively.
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The assumptions (W1) to (W3) seem very natural if the WP is accepted as a limit
of X, (¢) from (7.1). For this process it holds by construction that

* X,(t) =0forte[0,1/n),
e e.g. the increments

and
k 1 &
(=) -X0=—Y¢
(5)-x0 7L

are uncorrelated (or even independent if {g,} is a pure random process),
¢ X,(1) — X,(0) is approximately normally distributed due to (7.2).

The three properties (W1) to (W3) just reflect the properties of the step function
X, (1).

7.3  Properties

We have already come to know some properties of the WP, for example its
autocovariance structure and the Gaussian distribution. For the understanding and
handling of Wiener processes further properties are important.

Pathwise Properties

Loosely speaking, it holds that the Brownian motion is everywhere (i.e. for all f)
continuous in terms of conventional calculus®; however, it is nowhere differentiable.
These are pathwise properties, i.e. for a given wy, W(t) = W(t; wp) can be regarded
as a function which is continuous in ¢ but which is nowhere differentiable. This
is a matter of properties being mathematically rather deep but which can be made

5Qccasionally, the pathwise continuity is claimed to be the fourth defining property. This is to be
understood as follows. Billingsley (1986, Theorem 37.1) proves more or less the following: If one
has a WP W with (W1) to (W3) at hand, then a process W* can be constructed which is a WP in
the sense of (W1) to (W3), as well, which has the same distribution as W and which is pathwise
continuous. As W* and W are equal in distribution, they cannot be distinguished and therefore,
w.l.0.g. it can safely be assumed that one may work with the continuous W*.
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Fig. 7.2 Simulated paths of the WP on the interval [0,1]

heuristically plausible at least. Concerning this, let us consider
WE+h)— W@ ~ NO,h), h>0.

For h — O the given Gaussian distribution degenerates to zero suggesting
continuity: W(z + h) — W(t) ~ 0 for h & 0. Analogously, we observe a difference
quotient whose variance tends to infinity for 4 — 0,

W(t + h) — W(t) 1
— N(O’Z) ’

which suggests that a usual derivative does not exist. Related to contents, this
means that it is not possible to add a tangent line to W(#) which would allow for
approximating W(z + h) for an ever so small 4. Three simulated paths of the WP in
Fig. 7.2 illustrate these properties.

Markov and Martingale Property

In the previous section, we have learned that the random walk is a martingale. For
the WP as a continuous-time counterpart, a corresponding result can be obtained
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(where Z, = o (W(r), r < t) contains all the information about the past up to #):
E(W(®)]) < oo,
EW(i+9)|T) = W().
The WP satisfies the Markov property (2.9) as well. In order to show this, we use the
fact that the increment W (¢ 4 s) — W(z) for s > 0 is independent of the information

set Z; due to (W2). Hence, for W(¢) = v it holds that:

PW(iE+s)<wl|Z)=PWE+s)—WEH) <w—v|1L)
=PW(iE+s)—WE) <w—v).

At the same time it holds again due to independence that:

PW(iE+s)<w| W@ =v)=PWE+s)—WEH) <w—v]| W) =v)
=PW@E+s)—WE) <w-—v),

which just verifies the Markov property.

Scale Invariance

The Wiener process is a function being Gaussian for every point in time ¢ with
expectation zero and variance . However, time can be measured in minutes, hours
or other units. If the time scale is blown up or squeezed by the factor o > 0, then it
holds that

W) ~ N(©,01).
The same distribution is obtained for the /o-fold of the Wiener process:
JoW() ~ N@©,o1).

That is why the Wiener process is called scale-invariant (or self-similar). Hence,
W(o f) and 4/ W(?) are equal in distribution, which we formulate as

JoW(t) ~ W(ot) (7.5)

as well. Such an equality in distribution is to be handled with care and by no means
to be confused with ordinary equality. Naturally, it does not hold that, e.g. the double
of W(z) is equal to the value at the point in time 4

JoW(t) # W(ot).
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In other words: Scale invariance is a distributional and not a pathwise property.

Up to this point, it has not been emphasized that the Wiener process is
nonstationary. This can already be noted in (7.4) as for s > 0 the covariance
Cov(W(zr), W(t + s)) = t does not result as dependent on the temporal distance
s, but as dependent on the point in time 7 itself. As we have said, the increments
of the WP from (W2), however, are multivariate normal with expectations and
covariances of zero and variances which are not affected by a shift on the time axis.
The trending behavior of the nonstationary Wiener process will now be clarified by
two propositions.

Hitting Time

Let T}, be the point in time at which the WP attains (or hits) a given value b > 0 for
the first time.” By variable transformation it is shown that this random variable has
the distribution function (see Eq. (7.14) in Problem 7.5)

Fy(t) :=P(T, < 1) = e 2dy,

2 o0
V21 /h/ﬁ

Thereby statement (a) from the following proposition is proved; statement (b) is
obtained by means of the corresponding density function (see Problem 7.5).

Proposition 7.1 (Hitting Time) For the hitting time Ty, where the WP hits b > 0
for the first time, it holds that:

(a) P(Ty > t) — 0 fort— oo;
(b) E(Tp) does not exist.

The result 7}, > ¢ is tantamount to the fact that W(s) has not attained the value b
up to ¢

P(T, >1n =P (max W(s) < b) .
0<s<t

Laxly formulated this proposition implies that, paradoxically, (a) sooner or later, the
WP exceeds every value with certainty; (b) on average, this takes infinitely long:
E(T;,) = OQ.

"The random variable T}, is a so-called “stopping time”. This is a term from the theory of stochastic
processes which we will not elaborate on here.
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Zero Crossing

Next, let p(71,1;) with 0 < 1; < t, be the probability of the WP hitting the zero
line at least once between #; and , (even if not necessarily crossing it). We then talk
about a zero crossing. The following proposition states how to calculate it. For a
proof see e.g. Klebaner (2005, Theorem 3.25).

Proposition 7.2 (Arcus Law)
The probability of a zero crossing between t| and t;, 0 < t| < t,, equals

2 h—th
p(t1, ) = — arctan ,
T 5]

where arctan denotes the inverse of the tangent function tan = 1.
“ cos
It is interesting to fathom out the limiting cases of Proposition 7.2. From the

shape of the inverse function of the tangent function it results that

. T .
lim arctanx = — and limarctanx = 0.
X—>00 2 x—0

Hence, substantially, for #, — oo it follows that the probability of attaining the zero
line tends to one; for r, — t;, however, it naturally converges to zero.
In the literature, an equivalent formulation of the Arcus Law is found:

2 t
p(t, ) = — arccos —1.
T 1)

The equivalence is based on the formula

1
arctanx = arccos ———,
V1 + %2
see e.g. Gradshteyn and Ryzhik (2000, 1.624-8), where “arccos” stands for the
inverse of the cosine function.

7.4 Functions of Wiener Processes

When applying stochastic calculus, one is often concerned with processes derived
from the Brownian motion. In this section, some of these will be covered and
illustrated graphically. We simulate processes on the interval [0, 1]; for this purpose,
the theoretically continuous processes are calculated at 1000 sampling points
and plotted. The resulting graphs are based on pseudo-random variables. Details
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Fig. 7.3 WP and Brownian motion with ¢ = 0.5

regarding the simulation of stochastic processes are treated in Chap. 12 on stochastic
differential equations.
Brownian Motion B(f)

In Fig. 7.3 a path of a WP and a Brownian motion based thereon with only half the
standard deviation,

W(t) and B(t) = 0.5W(r),

are depicted. Obviously, the one graph is just half of the other.

Brownian Motion with Drift X(¢¥) = ut+ o W(?)
Here it holds that both the expectation and the variance grow linearly with #:

X(1) ~ N(ut, o).
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Fig. 7.4 WP and Brownian motion with drift, where 0 = 1

In Fig.7.4 the WP from Fig.7.3 and the process based thereon with drift are
depicted. The drift parameter is 4 = 2 for ¢ = 1, and the expectation function
2t is also displayed.

Brownian Bridge X () = B(¢f) —tB(1)

This process is based on the Brownian motion, B(r) = o W(r), and fundamentally,
it is only defined for 7 € [0, 1]. The name comes from the fact that the starting and
the final value are equal with probability one by construction: X(0) = X(1) = 0.
One can verify easily that (see Problem 7.6):

Var(X(1)) = t(1—1)o* <to”. (7.6)
Hence, for r € (0, 1] it holds that Var(X(¢)) < Var(B(¢)). This is intuitively clear:

With being forced back to zero, the Brownian bridge has to exhibit less variability
than the Brownian motion. This is also shown in Fig. 7.5 for o = 1.



164 7 Wiener Processes (WP)

o | — ww ‘..‘
24 X0 B
]
9 a
© Ry
i (A e b
) »"i“"" f
" ! T
o h '
O. ' A}
o)
o' —
I
o
2
T T T T T I
0.0 0.2 04 06 08 1.0

Fig. 7.5 WP and Brownian bridge (0 = 1)

Reflected Wiener Process X () = |W(7)|

Due to W(r) ~ N(0, 1), for the distribution function it is elementary to obtain (see
Problem 7.7):

P(X(H) < x) = J_/ Xp( Z)dy—l

Note that one integrates over twice the density of a Gaussian random variable with
expectation zero. Therefore it immediately holds that

PX(@) <x) = \/_ exp ( ) dy. (1.7)

Expectation and variance of the reflected Wiener process can be determined from
the corresponding density function. They read (see Problem 7.7):

EX()) = \/? Var(X(r)) =t (1 — %) <t = Var(W(r)). (7.8)
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Fig. 7.6 WP and reflected WP along with expectation

As the reflected Wiener process cannot become negative, it has a positive expected
value growing with ¢. For the same reason its variance is smaller than the one of the
unrestricted Wiener process, see Fig. 7.6.

Geometric Brownian Motion X (¢) = e*+° " ®

By definition, it holds in this case that the logarithm® of the process is a Brownian
motion with drift and therefore Gaussian,

logX(1) = ut+ o W) ~ N(ut,a1).

A random variable Y whose logarithm is Gaussian is called — as would seem natural
—log-normal (logarithmically normally distributed). If it holds that

IOgY ~ N(/“l’yvo)?)a

8By “log” we denote the natural logarithm and not the common logarithm.
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then we know how the two first moments of Y look like, cf. e.g. Sydseter, Strgm,
and Berck (1999, p. 189) or Johnson, Kotz, and Balakrishnan (1994, Ch. 14):

E(Y) = em* 2 Var(y) = 2t (e 1))
Hence, by plugging in we obtain for the geometric Brownian motion
EX() = #+7/2" and  Var(X(1) = e+ (71— 1). (7.9)
While log X(¢) is Gaussian with a linear trend, ut, as expectation, X () exhibits

an exponentially growing expectation function. Particularly for 4 = O and 0 = 1
the results

E(X(1)) = ¢”/> and Var(X(r)) = ¢ (¢' — 1) (7.10)

are obtained. The on average exponential growth in the case of u > —02/2 is
illustrated in Fig. 7.7. In Fig. 7.8 we find graphs of the WP and a geometric Brownian
motion with expectation one, namely with 4 = —0.5 and ¢ = 1. Generally, for
W = —o2/2 an expectation function of one is obtained. Then, one also says that the
process does not exhibit a trend (or drift).
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Fig. 7.7 Geometric Brownian motion with # = 1.5 and o = 1 along with expectation
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Fig. 7.8 WP and geometric Brownian motion with u = —0.5and 0 =1

In comparison to the expectation, the median of a geometric Brownian motion
does not depend on o. Rather, it holds that (see Problem 7.8):

P (et TV < etf) = 0.5,

such that the median results as e*".

Maximum of a WP X (f) = maxg<,<: W(s)

At ¢, the maximum process is assigned the maximal value which the WP has taken
on up to this point in time. Therefore, in periods of a decreasing Wiener process
path, X(7) is constant on the historic maximum until a new relative maximum is
attained. However, this process has a distribution function that we have already come
to know. By applying the distribution function of the stopping time which is given
above Proposition 7.1, one shows (see Problem 7.9) that the maximum process and
the reflected WP are equal in distribution:

P(X(1) = b) =P(IW(D)| < b).
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Fig. 7.9 WP and maximum process along with expectation

Therefore, expectation and variance of the maximum process of |W ()| can naturally
be copied:

E(X(r) = \/g Var(X (1)) = ¢ (1 - %) <t = Var(W(1)). (7.11)

The expected value is positive and grows with time as the WP again will replace a
relative positive maximum by a new relative maximum. Due to the process being
again and again constant over times, it is not surprising that its variance is smaller
than the one of the underlying WP, cf. Fig. 7.9.

Integrated Wiener Process X (f) = fot W(s)ds

As the Brownian motion is a continuous function, the Riemann integral can be
defined pathwise. Hence, e.g. the following random variable is obtained:

/OIB(t)dtzo /(;IW(t)dt.
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Behind this random variable hides a normal distribution. The latter can be proved
by using the definition of the Riemann integral or as a simple conclusion of the
Proposition 8.3 below:

1
/ W) dt ~ N(0,1/3). (7.12)
0

Basically, by using the integral of a WP, a new stochastic process can also be
generated by making the upper limit of integration time-dependent:

X = /Ot W(s)ds.

This idea forms the starting point for the subsequent chapter. In Fig. 7.10 the relation
is shown between the WP and the integral X(¢) as the area beneath the graph.
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Fig. 7.10 WP and integrated WP
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7.5 Problems and Solutions
Problems
7.1 Consider witho > 0

X)) =W{l)—oW(ld —1) forO0<r<]1.
Determine the mean and variance of X (¢).
7.2 Consider

X(@) =tW(E") fort>0.

Determine the covariance of X (¢) and W(z), Cov(X(z), W(?)).

7.3 Derive the autocovariance function of a WP, (7.4). Find a simple expression in
t and s only for the autocorrelations

Cov(W(t), W(s))
SVar(W () Var(W(s))

p(s,1) =

7.4 Choose d € R such that 7¢7%5 W(t) and W(T t) are equal in distribution.
7.5 Prove Proposition 7.1 using the hints given in the text.
7.6 Derive the autocovariance function of a Brownian bridge, and hence show (7.6).

7.7 Determine the distribution function, (7.7), and the moments, (7.8), of a reflected
Wiener process.

7.8 Show that in the general case of a geometric Brownian motion, e* 1o W) the
median is given by e*’.

7.9 Show by means of the hints in the text that the maximum process of a WP and
the corresponding reflected WP are equal in distribution:

P (max W(s) < b) =P(|W()| <b).

0<s<t
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Solutions

7.1 As the Wiener process is on average zero at every point in time, this obviously
holds for X(¢) as well. Therefore, the variance is calculated as follows:
Var(X (1)) = E(X*())
= E[W?2(1) =26 W()W(1 — 1) + o> W?(1 —1)]
= Var(W(1)) — 20Cov(W(1), W(1 — 1)) + o> Var(W(1 — 1))
=1-20min(l, 1 —¢) + o>(1 —1)
=1-20(1—-1) +0*(1—1)
=1+(1-01-0).

7.2 Due to E(W(¢)) = E(X(¢)) = 0 one obtains:

Cov(X(1). W(1)) = E(X(©)W(1))
= tE(W()W()

= ¢t min(¢"', 7).
Because of
. -1 t, 0<t < 1
min(f” ", 1) =
( ) {t_l, tr>1

it follows that

2, 0<r<1
1, t>1 ’

Cov(X(t), W(1)) = {

7.3 We simply apply the defining properties (W1), (W2) and (W3) or put
differently (7.3). Due to (7.3) the WP has an expectation of zero such that

Cov (W(2), W(s)) = E(W()W(s)) .
W.lo.g.let s < t. By using (W1) and (W2) and after adding zero, we then write:

E(W(@®OW(s)) = E([W(s) + W(1) — W(s)] [W(s) — W(0)])
= E(W©P) +E(W@) — W()] [W(s) — W(O)))
=540,
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where the last equality uses Var(W(s)) = s and the independence of non-
overlapping increments. As one could also assume ¢ < s w.l.0.g., (7.4) is verified.
With the autocovariance one obtains

.1) = min(s, t) _ min(s, t) _ min(s, t)
PR = Jis /max(s, 1) min(s, f) —\ max(s,0)

7.4 This is a problem on self-similarity or scale invariance. Due to (7.3) it obviously
holds that:

Td—O.Sw(t) ~ N(O, T2d—lt)
and
W(T1) ~ N(O,Tr).

Therefore, the corresponding variances are equal for d = 1. The corresponding
result is obtained from (7.5) as well:

TSW(r) ~ W(T1).

7.5 Proof of Proposition 7.1(a): Our proof consists of three steps. At first, we
establish the equation

P(T, < 1) = 2P(W(t) > b). (7.13)

Secondly, by using this we show:

2 [T g (7.14)
N2 Jb i & .

Note that in (7.14) the integrand amounts to the density function of the standard
normal distribution. Hence, thirdly for ¢+ — oo the claim immediately follows
from (7.14) due to P(T, > t) = 1 — P(T, <1).

In order to accept (7.13), we remember (7.3). Accordingly, for 7, < ¢ it holds
that

Fp(t) =P(T, <1) =

W(t) —W(Ty) ~ N(0,1—Tp),

which is why from the symmetry of the Gaussian distribution with W(T}) = b it
follows for the conditional probability that:

P(W(t)>b|Tb<t):P(W(t)—W(Tb)>O|Tb<t):%.
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Hence, it results that:

I P(W(@®)>band T, <1) _P(W() > b)
2 P(T, < 1) T OP(T, <)

where the last equality is caused by the fact that T, < ¢ is implied by W(¢) > b.
Thus, we obtain Eq. (7.13) which will now be applied for deriving (7.14).
Due to (7.3) it holds by definition that

o
1 >
PWt>b:/ ——e My
W@ > &) b N2t

By variable transformation, y = it, it follows that

1

e—yz/Zdy 7

P(W(t)>b)=/lwm

whereby (7.14) and hence claim (a) is proved due to P(T, < t) = P(T <1).
Proof of Proposition 7.1(b): With the density function f; (1) = F) () the approach
for the expected value reads as follows:

E(T,,):/O tfp(t)dt.

Note that the distribution function derived in (7.14) has the following structure with
the antiderivative H, H' = h:

R = [ )= Jim He) ~ HG(0).
g(t

Therefore, due to the chain rule it holds for the density that

2 3
be 7t 2
Fy(1) = —h(g(1) §'() = ——
b N2
Hence, the variable transformation results in ¢ = b*u~2 with dt = —2 b2 u"3du:

E(Ty) :/O tF,(t)dt

b @2 —2p (0 _p

= E/(; e 2t idt = \/E/oo e Tudu
2b2 e’} 2

“ V¢
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2 1
2b -3 w2 du.

> e
N2 0

However, this last integral written down symbolically does not exist since the
antiderivative of u=2 is —u~!, and

1
/ uldu=¢"-1

diverges as ¢ — 0. This completes the proof.

7.6 First, we determine that
X() =W —tW(@), re]0,1],
has zero expectation:
EX(@®) =EW(#) —tE(W(1)) =0-0.
By multiplying out and application of (7.4) one can show that
Cov(X (1), X(s)) = E(X(1) X(s))
=E (W@®OW(s) — tW(1)W(s) — sW(1)W(z) + stW(1))
= min(s, ) — tmin(s, 1) — smin(¢, 1) + st
= min(s, 1) — st — st + st
= min(s, 1) — st.
In particular, for s = ¢ the variance formula (7.6) is obtained.
7.7 At first we determine the distribution function (7.7) for X(r) = |[W(?)|:
Fi(x) =P(X(®) =x), x=0,
=P(W@) =x) -P(W(Q) = —x)
=P(W@®) =x) - (1 =P(W() = x)
=2PW() =x) —1,
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where the symmetry of the Gaussian distribution was used. With W(r) ~ N(0, 1)
we therefore have

2 /" _A
F.(x) = e z7dy—1,
() V2t J—0o Y

or for the density

Rff

2 2
) = Fi) = o=

In order to calculate expectation and variance, we determine the r-th moment in
general:

oo 2 00 P
E(X'(1) = /O X fu(x)dx = Wert /0 e % dx.

By substitution, these moments can be reduced to the Gamma function, which was
introduced in Problem 5.3, see also below Eq. (5.20). For a > 0 and with ax?> = u
and du = 2ax dx, we obtain:

/Oo - /°° u\ 7 _,du
x'e dx = (—) e '—
0 0 a 261
o0
= la_h’;l/ u%‘l_le_”du
2 0
1
2

r 1
a_J’El]"(r—f_ )
2

The Gamma function possesses a number of nice properties and special values,
remember in particular e.g.

ra=i1, F(%):ﬁ, I'h+1)=nl().

With a = %, for the moments it therefore follows that:

E(X(1)) = \/g EX2(1) = \/%%(h)% % r (%) _:

The variance formula is obtained by the usual variance decomposition:

Var(X(1) = E (X*(1)) — (EX(1))* .
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7.8 The random variable o W(r) follows for fixed ¢ a Gaussian distribution with
expectation and median equal to zero. Hence, it follows that

P(oW() <0) =P (" <1)=0.5.
By multiplying the inequality by /', we obtain

P (e’“e"w(’) < e’“) =P (e“”"’w(’) < e’“) =0.5.
Therefore, the median of X () = e*+° W is determined independently of o as "’
as claimed.

7.9 As X(f) = maxo<s< W(s) is a continuous random variable for given ¢, it holds
that

F.(b) := P(X(r) <b) =P (Orgai( W(s) < b) .

Remember the random variable T}, from Proposition 7.1 specifying the point in time
at which W(z) hits the value b for the first time. The event maxo<;<; W(s) < b is
equivalent to the fact that the hitting time of b is larger than ¢. Therefore, when using
the distribution function from Proposition 7.1, it holds that

P(X(t)fb):l—P(T;,ft):l——/ ( )dz
/J

Naturally, the number 1 can be written as an integral over the density of the standard
normal distribution:

PX(r) < b) / exp( ) dz — Z ” exp (—é) dz
N ~/_ 2 V2r i 2

2 b/t 2
= —_2n /0 exp (—5) dz.

By substitution,

dy
— and dz= ——,
Vi IV

and due to (7.7) the desired result is immediately obtained:

PX(@) <b) = \/_ / exp( ) dy
=P(W®|=D).
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8.1 Summary

In this chapter we deal with stochastic Riemann integrals, i.e. with ordinary
Riemann integrals with a stochastic process as the integrand.! Mathematically,
these constructs are relatively unsophisticated, they can be defined pathwise for
continuous functions as in conventional (deterministic) calculus. However, this
pathwise definition will not be possible any longer for e.g. Ito integrals in the chapter
after next. Hence, at this point we propose a way of defining integrals as a limit (in
mean square) which will be useful later on. If the stochastic integrand is in particular
a Wiener process, then the Riemann integral follows a Gaussian distribution with
zero expectation and the familiar formula for the variance. A number of examples
will facilitate the understanding of this chapter.

8.2  Definition and Fubini’s Theorem

As one has done in deterministic calculus, we will define the Riemann integral by
an adequate partition as the limit of a sum.

Partition

In order to define an integral of a function from O to #, we decompose the interval
into n adjacent, non-overlapping subintervals which are allowed to intersect at the

'Bernhard Riemann (1826-1866) studied with Gauss in Gottingen where he himself became
a professor. Already before his day, integration had been used as a technique which reverses
differentiation by forming an antiderivative. However, Riemann explained for the first time under
which conditions a function possesses an antiderivative at all.

© Springer International Publishing Switzerland 2016 179
U. Hassler, Stochastic Processes and Calculus, Springer Texts in Business
and Economics, DOI 10.1007/978-3-319-23428-1_8
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endpoints:
P,(0,2]): O=so<s1<...<s8,=1. 8.1)

In the following, we always assume that the partition P, ([0, 7]) becomes increas-
ingly fine with n growing (“adequate partition”):

max (s; —si—1) — 0 forn— oo. (8.2)
1<i<n

By s we denote an arbitrary point in the i-th interval,

S?G[Si_l,si], l=1,,l’l

Occasionally, we will sum up the lengths of the subintervals. Obviously, it holds
that

Z (si—s8i—1) =sp—So=1.
i=1
In general, for a function ¢ one obtains:
> (p(s) — @(si1) = @(t) — (0). (8.3)
i=1

Sometimes, we will operate with the example of the equidistant partition. It is given
by s; = it/n:

t n—1
O=sp<s1=—-< ... <§1 =
n

r<s,=t.
n

Due to s; —s,—; = 1/n the required refinement from (8.2) for n — oo is guaranteed.

Definition and Existence

Now, the product of a deterministic function f and a stochastic process X is to
be integrated. To this end, the Riemann sum is defined by means of the notation
introduced:

Ry =) f(s)X(5) (si — sim1). (8.4)
i=1

Here, we have a sum of rectangular areas, each with a width of (s; — s;—;) and the
height f(s¥) X(s¥). With n growing, the area beneath f(s) X(s) on [0,7] is to be
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approximated all the better. If the limit of this sum for n — oo exists uniquely
and independently of the partition and of the choice of s}, then it is defined as a
(stochastic) Riemann integral. In this case, the convergence occurs in mean square

(“_2)’7)2:
B = 26D X6 (=5 > [ f0X0)ds.
i=1

One then says that the Riemann integral exists. For this existence, there is a
sufficient and a necessary condition formulated in the following proposition. The
proof is carried out with part (b) from Lemma 8.2 below, see Problem 8.1. Further
elaborations on mean square convergence can be found at the end of the chapter.

Proposition 8.1 (Existence of the Riemann Integral) The Riemann sum from

Eq. (8.4) converges in mean square for n — oo under (8.2) if and only if the double
integral

[ [ 700501 0x06)x0) avs
0o Jo
exists.

A sufficient condition for the existence of the Riemann integral is that the
function f is continuous and that furthermore E (X(s) X(r)) is continuous in both
arguments. In order to find this, we define

o() == f(s) /0 F)EX(5) X)) dr

Now, if the function E (X(s) X(r)) is continuous in both arguments, this implies
continuity of ¢ for a continuous f as the integral is a continuous functional, see e.g.
Trench (2013, p. 462). Therefore, the ordinary Riemann integral of ¢ exists,

/0 () ds = /0 t /0 F) () E (X(5) X () drds.

Hence, the Riemann sum from (8.4) converges due to Proposition 8.1.

2A definition and discussion of this mode of convergence can be found in the fourth section of this
chapter.
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Fubini’s Theorem

Frequently, we are interested in the average behavior, i.e. the expected value of
Riemann integrals. The expected value, however, is defined as an integral itself such
that one is confronted with double integrals. For calculating these, there is a simple
rule which is finally based on the fact that the order of integration does not matter for
double integrals over continuous functions. In deterministic calculus, this fact is also
known as “Fubini’s theorem” (see Footnote 6 in Sect. 2.3). Adapted to our problem
of the expected value of a Riemann integral, the corresponding circumstances are
given in the following proposition, also cf. Billingsley (1986, Theorem 18.3).

Proposition 8.2 (Fubini’s Theorem) If fot E(|X(s)|) ds exists, it holds for a contin-

uous X that:
E(/OTX(S) ds) = /(;IE(X(S)) ds.

The statement is easy to comprehend if one thinks of the integral as a finite
Riemann sum. As is well known, in the discrete case, summation and expectation is
interchangeable:

E (Z X(s7) (s — s,-_l)) =Y EX()) (5 — sim1).
i=1 i=1

Now, Fubini’s theorem just guarantees a continuation of this interchangeability for
n — oo.

Example 8.1 (Expected Value of the Integrated WP) Consider the special case of
the integrated WP with X(s) = W(s) and f(s) = 1. With the WP being continuous,

|W(?)] is a continuous process as well. In (7.8) we have determined the following
expression as the expected value:

EQWO)) = |/ 2.

Before applying Proposition 8.2, we check:

t t 2 |
[Eawonas= [
[2 [2 3:|
= — — 52
T |13 1
122 3
= ——tZ‘
T3

ds
t
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As this quantity is finite, the requirements of Fubini’s theorem are fulfilled. Hence,
it follows that
t t
E (/ W(s) ds) = / E(W(s)ds=0. 1
0 0

General Rules
Note that our definition of the integral seems to be unnecessarily restrictive.

However, the restriction on the interval [0, 7] is by no means crucial. The usual rules
apply and are here symbolically described for an integrand g (without proof):

b c b
/g(x)dx:/g(x)dx—}—/ gx)dx fora<c<b,

a c

/ (6106) + g2(0)) dx = / 1) dx + / g2(x)dix.

/cg(x)dx=c/g(x)dx forc e R.

8.3  Riemann Integration of Wiener Processes

In this section, we concentrate on Riemann integrals where the stochastic part of the
integrand is a WP: X(¢) = W ().

Normal Distribution

Frequently, Gaussian random variables are hidden behind Riemann integrals. In
fact, it holds that all of the integrals discussed in this section follow Gaussian
distributions with zero expectation. The variances can be determined according to
the following proposition (for a proof see Problem 8.3).

Proposition 8.3 (Normality of Riemann Integrals) Let f be a continuous deter-
ministic function on [0, t]. Then, it holds

/tf(s) W(s)ds ~ N(O, /l/tf(r)f(s) min(r, s)drds) )
0 0 Jo

The normality follows from the fact that the WP is a Gaussian process. Hence,
the Riemann sum R, from (8.4) follows a Gaussian distribution for finite n. As
R, converges in mean square, it follows from Lemma 8.1 (see below) that the
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limit is Gaussian as well. Note that the finiteness of the variance expression from
Proposition 8.3 is just sufficient and necessary for the existence of the Riemann
integral (Proposition 8.1).

Example 8.2 (Variance of the Integrated WP) Consider an integrated WP with
f(s) = 1 as in Example 8.1. We look for a closed expression for the variance of
fol W(s)ds. Due to Proposition 8.3, the starting point is:

Var (/Of W(s)ds) = /Or/()tmin(r, s)drds .

Now, we employ a useful trick for many applications. The integral with respect to r
is decomposed into the sum of two integrals with s as the integration limit such that
the minimum function can be specified explicitly:

t t t N t
/ / min(r, ) drds:/ |:/ min(r, §) dr+/ min(r, §) dr:| ds
o Jo o LJo s
t N t
:/ |:/ rdr+/ sdri| ds.
0 0 s

Now, the integration of the power functions yields the requested variance:

Var(/OTW(s)ds) :/OT[/Osrdr—f-[rsdr} ds
Z/Ol[g—i-s(t—s)} ds

Autocovariance Function

With the time-dependent integration limit, fot f(s) W(s)ds itself is a stochastic
process. Therefore, it suggests itself to not only determine the variance as in
Proposition 8.3, but the covariance function as well. The general result is given
in the following proposition, which will be verified in Problem 8.7.
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Proposition 8.4 (Autocovariance Function) For a continuous function f with
integrable antiderivative F and Y (t) = for f(s) W(s)ds it holds that:

\)

EXY()Y(t+h) = /Otf(s) |:SF(S) — /0‘ F(r)dr + s(F(t + h) — F(s)):| ds,

where h > 0.

Therefore, with 2 = 0 an alternative expression for the variance from Propo-
sition 8.3 is obtained. For concrete functions f, the formula can be simplified
considerably. This is to be shown by the following example.

Example 8.3 (Autocovariance of the Integrated WP) Once again, we examine the
integrated WP with f(s) = 1 and F(s) = s as in Examples 8.1 and 8.2. Then,
plugging in yields:

t t+h _ t 5 _l 5 B :|
E (/0 W(s)ds/O W(r)dr) = /0 |:s 2s + s((t+h)—s) |ds
= /0[ |:s(t +h)— %s2i| ds

_£2@+h) P
2 6

Hence, for i = 0 the variance of the integrated Wiener process reads:

t PR B
Var / W(s)ds )| = —— — = —.
0 2 6 3

Of course, we already know this from Example 8.2. l

Examples

For three special Gaussian integrals, which we will be confronted with over and
over, the variances are to be calculated. We put the results in front.
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Corollary 8.1 It holds that

1
(a) [ W(s)ds ~ N(0,1/3),
0
by W) — fl W(s)ds ~ N(0,1/3),
0

(c) jl'(s —c)W(s)ds ~ N(0, a,%) ,
0

_ 2
where ¢ € R and o} = % > 0.

The normality in (a) and (c) is clear due to Proposition 8.3. In (b) we have the sum
of two Gaussian random variables which does not necessarily have to be Gaussian
again unless a multivariate Gaussian distribution is present. Thus, the normality of
(b) can only be proven in connection with Stieltjes integrals (see Problem 9.2).

The result from (a) is a special case of Example 8.2 with + = 1. We show in
Problem 8.4 that the variance in (b) is just 1/3. The proof of (c) for ¢ = 0 is
given in Problem 8.5; for an arbitrary c, the proof is basically similar, however, it
gets computationally more involved. Note that the variance o2 cannot be zero or
negative for any c (Problem 8.6).

Again, there should be a word of warning concerning equality in distribution.

From (b) it follows that:
1
/ W(s)ds—W() ~ N(0,1/3).
0
Therefore, the following random variables are equal in distribution,

/01 W(s)ds — W(l) ~ /01 W(s) ds.

although, pathwise it obviously holds that:

/01 W(s)ds — W(l) # /01 W(s)ds.

8.4 Convergence in Mean Square

Now, we hand in some basics which are not necessary for the understanding of
Riemann integrals; however, they are helpful for some technical properties. In
particular, for the elaboration on the Ito integral following below, the knowledge
of convergence in mean square is advantageous for a complete understanding. For
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a brief introduction to the basics of asymptotic theory, Pétscher and Prucha (2001)
can be recommended.

Definition and Properties
Let {X,}, n € N, be a sequence of real random variables with

E(X?) < 00. (8.5)

For a sequence {X,} and a random variable X, we define the mean squared error
as distance or norm:

MSE(X,. X) := E[(X, —X)?] ,
One says, {X,,} converges in mean square to X for n tending to infinity if
MSE(X,,X) — 0, n— oo.

Abbreviating, we write for this as well

2
X, - X.

This limit is unique with probability one. Of course, it can be a random variable itself
or a constant. In any case, due to (8.5) it holds that: E(X?) < oo. In fact, expected
value and variance of X can be determined from the moments of X,,. In particular, the
limit of Gaussian random variables is again Gaussian. More precisely, the following
lemma holds (see Problem 8.8 for a proof).

Lemma 8.1 (Properties of the Limit in Mean Square) Let {X,} with (8.5)
converge in mean square to X. Then it holds for n — oo:

(a) E(Xy) — E(X);
(b) E(X3) — E(X?);
(c) if {X,} is Gaussian, then X follows a Gaussian distribution as well.
Naturally, the parameters of the Gaussian distribution X from (c) follow accord-
ing to (a) and (b).

Convergence to a Constant

If the limit is a constant, then it is particularly easy to establish convergence in mean
square. For this purpose, we consider the following derivation. By zero addition and
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the binomial formula, the following expression is obtained:

[X, — X]* = [(X, — E(X,)) — (X — E(X.)?
= (X, — E(X,))? = 2(X, — E(X,))) (X — E(X,)) + (X — E(X,))*.

The expectation operator yields:

MSE(X,,, X) = Var(X,)
—2E[(X, — E(X,))(X — E(X,)] + E[(X — E(X,))*] .
If X is a constant (a “degenerate random variable”), X = ¢, then the second term
becomes zero and the third term is the expected value of a constant. In other words,
this yields:
MSE(X,,, ¢) = Var(X,) + [c — E(X,)] .
Hence, {X,} converges in mean square to a constant ¢ if and only if it holds that
Var(X,) - 0 and EX,) — ¢, n— 0.
As is well known, this implies that {X,,} converges to ¢ in probability as well (see
Lemma 8.3 below). Next, we cover criteria of convergence.
Test of Convergence
Now, we still need a convenient criterion in order to decide whether a series is
convergent in mean square. In fact, we have two equivalent criteria. For the proof
see Problem 8.9. The name goes back to the famous French mathematician Augustin

Louis Cauchy (1789-1857).

Lemma 8.2 (Cauchy Criterion) A series {X,} with (8.5) converges in mean
square . ..

(a) ... if and only if it holds for arbitrary n and m that
E[(Xm—Xn)z] S0, mn—oo;

(b) ... or put equivalently, if and only if it holds for arbitrary n and m that
EXuX,) — c<o0, myn— o0,

where ¢ € R is a constant.
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Note that the convergence of the Cauchy criterion holds independently of how m
and n tend to infinity. As well, the constant c results independently of the choice of
m and n. As the criteria are sufficient and necessary, the proof of existence for mean
square convergence can be supplied without determining the limit explicitly.

Example 8.4 (Law of Large Numbers) Let {e,} be a white noise process, & ~
WN(O, 02). Then, it can be shown that the arithmetic mean,

X, =¢,=— &,
n
=1

converges in mean square without specifying the limit. It namely holds that

n m min(n,m)
1 1
E (5,8, = —E |:Z€r Zsr] =— > E(g)
mn =1 =1 mn =1
_ 2 min(n, m) S0

mn

for m,n — o00. Due to Lemma 8.2(b) we conclude that €, has a limit in mean
square.

Let the limit of g, simply be called ¢. Naturally, it can be determined immediately.
Due to

o2
E(,) =0 and Var(s,) = o

it follows from Lemma 8.1(a) and (b) for the limit that

E(¢)=0 and Var(e) =0.
Hence, the limit is equal to zero (with probability one). From this, it follows for
Xx; = [ + & that the arithmetic mean of x; converges in mean square to the true
expected value, p. In the literature, this fact is also known as the “law of large
numbers”. W

Further Modes of Convergence

Two weaker concepts of convergence can be defined via probability statements.
First, we say {X,} converges in probability to X if it holds for arbitrary ¢ > 0 that:

lim P(| X, —X|>¢)=0.
n—>o0
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Symbolically, this is denoted as®

X, L X forn— oo.
Secondly, one talks about convergence in distribution of {X,} to X if it holds for
all points x € R at which the distribution function F,(x) of X, is continuous, that

F,(x) tends to the distribution function F(x) of X:

lim F,(x) = lim P(X, <x) =P(X <x) = F(x).
n—>oo n—o0
The word “distribution” suggests the symbolic notation:

d
X, > X forn— 0.

From Grimmett and Stirzaker (2001, p. 310) or Potscher and Prucha (2001, Theorem
5 and 9) we adopt the following results.

Lemma 8.3 (Implications of Convergence) The following implications hold, n —
00.

(a) Convergence in mean square implies convergence in probability:

X, > X) — & >X).

(b) Convergence in probability implies convergence in distribution:
P d
(Xn - X) = (Xn - X) .

In general, the converse of Lemma 8.3(a) or (b) does not hold. However, if X = ¢
is a constant, then convergence in probability and convergence in distribution are
equivalent, see Grimmett and Stirzaker (2001, p. 310) or Pétscher and Prucha (2001,
Theorem 10).

8.5 Problems and Solutions

Problems

8.1 Prove Proposition 8.1.
Hint: Use Lemma 8.2.

3In particular in econometrics, one often writes alternatively plimX, = X as n — oo.
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8.2 Determine the expected value from Proposition 8.3.

8.3 Determine the variance from Proposition 8.3.

8.4 Calculate the variance from Corollary 8.1(b).

8.5 Calculate the variance from Corollary 8.1(c) for the special case of ¢ = 0.
8.6 Show that the variance from Corollary 8.1(c) is positive.

8.7 Prove Proposition 8.4.

8.8 Prove Lemma 8.1.

8.9 Prove Lemma 8.2.

Solutions

8.1 Analogously to the partition (8.1) and the Riemann sum R, from (8.4), we define
for arbitrary m with m — oo:

Py(0.7): O=ro<...<ry=t, max (r;—ri—1) — 0,
1<j<m ;

Z FDXGT) (= r-) . rf € I-1n].

In order to apply the existence criterion from Lemma 8.2(b), we formulate the
product of the two Riemann sums as follows:

RyRy =YY FSHFT) X(SHXGT) (1 = rjm1) (i = 8im1) -
i=1 j=1

Hence, the Riemann integral as limit of R, exists if and only if E(R, R,,) converges.
Further,

E(RyRy) = Y Y FHF ) E (X)X (1)) (15— rjm1) (55 — si1)

i=1 j=1

converges if and only if the ordinary Riemann double integral

/ / f(&) f(r)E (X(s) X(r)) drds < co
0 0
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exists. The Cauchy criterion from Lemma 8.2 therefore amounts to a proof of
Proposition 8.1.

8.2 For the WP it holds that
E(W() =0 and E(W(s) W(r)) = min(s,r).

The minimum function is continuous in both the arguments. If f is a continuous
function as well, then we know, with the considerations following Proposition 8.1,
that the stochastic Riemann integral

/0 F5) W(s) ds

exists. In order to calculate the expected value, Fubini’s theorem will be applied.
For this purpose, we check that

/ E (1 () W(s)]) ds = / F©|EW)) ds
0 0

< max |70 [ EQWE) ds

is finite. The bound is based on the continuity and hence the finiteness of f. The
integral

/0 E(W(s))) ds

was determined in Example 8.1 for 7 fixed to be finite. As the WP is continuous,
Proposition 8.2 can be applied. According to this, it holds that:

t t
E (/ f(s) W(s) ds) = / fG)EW(s))ds =0.
0 0
8.3 Let us denote the Riemann integral by Y (7):
t
Y(t) = / f(s) W(s)ds.
0
We have already shown that E(Y(r)) = 0. Hence, it follows that
Var(Y (1)) = E[Y*(7)]

=E |:/Otf(s) W(s)ds /Otf(r) W(r)dri|
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=E [/Ot (/Otf(r) W(V)dr)f(s) W(s)ds}
—E [ /Ot ( /Ot Ff () W(r)W(s)dr) ds:| '

By applying Fubini’s theorem twice, we obtain:
E[Y*(1)] = / E( / F(Nf(s) W(r)W(s)dr) ds
0 0
= / r / tE(f(r)f(s) W(r)W(s))drds
0 Jo
=//ﬂwmmwmwmwm
0 Jo

= /[/tf(r)f(s) min(r, s)drds,
o Jo

which is the requested result.

8.4 Let us define
Y(t) = W(l)—/ol W(s) ds
with E(Y(r)) = 0. Then, it holds that
Var(Y () = E(Y*(1)

1 1
= Var(W(1)) + Var |:/ W(s) dsi| —2E [W(l)/ W(s)dsi|
0 0

1 1
=1+3-2 /0 E(W(1)W(s))ds,

where the variance from Corollary 8.1(a) and Fubini’s theorem were used. On [0, 1]
it holds that:

E(W(1) W(s)) = min(1,s) = s.

Hence, the variance results as claimed:

1 1,7
Var(Y(1) =14+ - —2|=s*| =14+-—1=—.
3 27 |,
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8.5 For ¢ = 0 the claim reads

! 2
Var / sW(s)ds) = a,% = —.
0 15

According to Proposition 8.3, the variance results as a double integral for f(s) = s,

1 pl
0,% :/ / rsmin(r, s) drds ,
o Jo

where the inner integral is appropriately decomposed to facilitate the calculation:

1l 1 ps 1
/ / rsmin(r, s) drds = / s / rmin(r, s) dr + / rmin(r, s) dri| ds
o Jo o LJo s

s 1
/ P dr—}—/ rs dri| ds
LJO s

[y §2 §4
= e I
/0(3+2 2)S

1s2 s4
= — -4

/0(2 6)S
_S3 Ssl
L6 30],

11 4
6 30 30

This corresponds to the claimed result.

8.6 We consider the numerator of a,%,
n(c) = 8 — 25¢ + 202,
and show that it does not have any real zeros. Setting n(c) = 0 yields:

25+ +/252-4.20-8
2:20
25+ +/—15
40

25+ iJ/15
0

iF=-1.
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Thus, no real zeros exist. Consequently, since n(0) = 8 > 0 the in ¢ continuous
function n(c) cannot be zero or negative; the same holds true for 01%, which proves
the claim.

Of course, an alternative proof consists in determining the real extrema of n(c).
There exists an absolute minimum and this turns out to be positive.

8.7 If the Riemann integral is denoted by Y (¢), then it holds, as for the derivation of
the variance, that:

4 s t+h
EY(®) Y@+ h) = /0 f(s) [/0 f(r) min(r, s)dr + / f(r) min(r, s)dr:| ds

= /0 tf(s) [ /O oy + 5 / - f(r)dr:| ds.

Partial integration yields the following relation:

/0 F(ryrdr = F(s)s — /O " F(ryar.

By plugging in we obtain the claim.

8.8 Proof of (a): By bounding the difference of the two expected values by means
of the Cauchy-Schwarz inequality (2.5) one can immediately tell that this difference
tends to zero in the case of convergence in mean square:

[E(X,) — E(X)| = [E(X, — X)|
< VE[(X, — X)?] = YMSE(X,.X)

—0, n—o0.
Proof of (b): The simple trick
X2 X=X, -X)’+2X, - X)X
yields upon expectation:

E(X?) —EX?) = E[(X, — X)*] + 2E[(X, — X) X]

IA

E[(X, —X)’] + 2 [E[(X, — X)X]|
E[(X, —X)’] + 2 VE[(X, — X)2] VE(X?)
MSE(X,.. X) + 2 y/MSE(X,. X) vE(X?)

IA

-0, n— oo,
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where again the Cauchy-Schwarz inequality (2.5) was used.

Proof of (c): As is well known, convergence in mean square implies convergence
in distribution, see Lemma 8.3. The latter is equivalent to the fact that the
characteristic function ¢, (1) of X,, tends to the characteristic function ¢ (x) of X.*
Now we show: If ¢, (1) belongs to a Gaussian distribution, then this holds for ¢ ()
as well. Hence, (a) and (b) in combination with the premise of a Gaussian sequence

{X,} imply:

on(u) = exp{qu(Xn) _ W}
- eXp{i”E(X)‘ %} — $(w)

for n — oo. Thus, the characteristic function of X as n — oo¢ is that of a Gaussian
distribution as well.

8.9 Proof of (a): Elementarily, it can be shown that the Cauchy criterion follows
from convergence in mean square:
B[00 = X% = E[((X = X) + X = X))’
= E[(Xn —X)?] + E[(X - X,)’]
+2E[(Xin — X)(X — X,)]
< E[(X) —X)’] + E[(X - X,)’]
+2 VE[(Xy — X)2] VE[(X - X,)?]
= MSE (X,,, X) + MSE (X,,, X)

+2 /MSE (X,,, X) VMSE (X,.. X) ,

where the bounding is again based on the Cauchy-Schwarz inequality (2.5). It is
somewhat more involved that, inversely, the condition from (a) implies convergence
in mean square as well. For the proof, we refer e.g. to the exposition on Hilbert
spaces in Brockwell and Davis (1991, Ch. 2).

4See e.g. sections 5.7 through 5.10 in Grimmett and Stirzaker (2001) for an introduction to the
theory and application of characteristic functions. In particular, it holds for the characteristic
function of a random variable with a Gaussian distribution, ¥ ~ N (i, UZ), that:

ol } 2
.

=—1l,ueR.

@y(u) =exp{iuu— 2
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Proof of (b): If we take (a) for granted, the proof is simple. Due to
E[(X, = X)*] = E(X;) + E(X;) = 2B(X, X,
one can immediately tell that the condition from (a) implies:

E(X?) + E(X?)

5 = EX?).

EX, X,) —

Inversely, from the condition from (b) it naturally follows that

E[(X, —X,)*] = E(X,) + EX}) — 2E(X,, X,)
—c+c—2c=0.

This completes the proof.
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9.1 Summary

Below, we will encounter Riemann-Stieltjes integrals (or more briefly: Stieltjes
integrals) as solutions of certain stochastic differential equations. They can be
reduced to the sum of a Riemann integral and a multiple of the Wiener process.
Stieltjes integrals are again Gaussian. As an example we consider the Ornstein-
Uhlenbeck process which is defined by a Stieltjes integral and which will be dealt
with in detail in the chapter on interest rate models.

9.2 Definition and Partial Integration

As a first step towards the Ito integral, we define Stieltjes' integrals which can be
reduced to Riemann integrals by integration by parts.

Definition

The Riemann-Stieltjes integral (or Stieltjes integral), as it is considered here,
integrates over a deterministic function f(s). Nevertheless, the Stieltjes integral is
random as it is integrated with respect to the stochastic Wiener process W(s). In

order to understand what is meant by this, we recall the partition (8.1):

P,(0,7): O=so<s1<...<s,=1,

'Thomas J. Stieltjes lived from 1856 to 1894. The Dutch mathematician generalized the concept
of integration by Riemann.

© Springer International Publishing Switzerland 2016 199
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with s7 € [s;_1, s;]. Hence, the Riemann-Stieltjes sum is defined as

RS, =) f(sf) (W(si) — W(sim1)) - ©.1)

i=1

If an expression well-defined in mean square follows from this for n — oo under
(8.2), then we define it as a Stieltjes integral with the obvious notation

RS, > / t £(s) dW(s) .
0

Note that dW(s) does not stand for the derivative of the Wiener process as it does
not exist. It is just a common symbolic notation.

If f is continuously differentiable,” then the existence of the Stieltjes integral is
guaranteed, see Soong (1973, Theorem 4.5.2).

Integration by Parts

If f is continuously differentiable, then the Stieltjes integral can be expressed by a
Riemann integral and the WP. This relation is also known as integration by parts. In
Chap. 11 we will understand that it is a special case of Ito’s lemma, which is why

we do not have to concern ourselves with a proof of Proposition 9.1 at this point.

Proposition 9.1 (Stieltjes Integral; Integration by Parts) For a continuously
differentiable, deterministic function f we have that

(a) the Stieltjes sum from (9.1) converges in mean square if it holds that max(s; —
si—1) = 0,
(b) and

/ F() dW(s) = [F(s) W], — / W) dF(s)
0 0
= FO W) — /0 W) £ (s) ds.

where the last equality holds with probability one.’

2We call a function continuously differentiable if it has a continuous first order derivative.

3Remember that we assumed P(W(0) = 0) = 1, which justifies the last statement. Whenever we
have equalities in a stochastic setting, they are typically understood to hold with probability one
for the rest of the book.
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The result from (b) corresponds to the familiar rule of partial integration. As a
refresher, we write this rule for two deterministic functions f and g:

[ 1080 =10 20l - [ cor 0. ©2)
0 0
Hence, this is the integral form of the product rule of differentiation:
d
WL _ 1) 869 + #0119,
or
d[f(s) g(s)] = g(s) df (s) + f(s) dg(s) .
or

[F() 5], = /0 ¢(5) df(s) + /0 F(s) dg(s)

Therefore, one can make a mental note of Proposition 9.1 (b) by the well-known
partial integration from (9.2).

Example 9.1 (Corollary) As an application of Proposition 9.1 we consider
Riemann-Stieltjes integrals for three particularly simple functions. We will
encounter these relations repeatedly. The proof amounts to a simple exercise in
substitution. It holds

(a) for the identity function f(s) = s:
/Otde(s) =tW(t)—/OTW(s)ds;
(b) for f(s) = 1 —s:
/ (1= s)aw(s) = (1 - W) + / Wis) ds:
(c) for the constant function f(s) = 1:

/tdW(s) =W(@).
0

In (c) we again observe a formal analogy of the WP with the random walk. Just like
the latter is defined as the sum over the past of a pure random process, see (1.8), the
WP is the integral of its past independent increments. H
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9.3 Gaussian Distribution and Autocovariances

The reduction of Stieltjes integrals to Riemann integrals suggests that there are
Gaussian processes hiding behind them. In fact, it holds that all Stieltjes integrals
follow Gaussian distributions with expectation zero.

Gaussian Distribution

The Gaussian distribution itself is obvious: The Riemann-Stieltjes sum from (9.1)
is, as the sum of multivariate Gaussian random variables, Gaussian as well. Then,
this also holds for the limit of the sum due to Lemma 8.1. The expected value
is zero due to Propositions 9.1(b) and 8.3. The variance results as a special case
of the autocovariance given in Proposition 9.3. Hence, we obtain the following
proposition.

Proposition 9.2 (Normality of Stieltjes integrals) For a continuously differen-
tiable, deterministic function f, it holds that

/ Fawis) ~ N(o, / ") ds) |
0 0

The variance of the Stieltjes integral is well motivated as follows. For the variance
of the Riemann-Stieltjes sum,

Var (Zf(s?‘) (W(s) — W(Si—l))) ,

i=1

it follows for n — oo, due to the independence of the increments of the WP, that:

D FAE) Var (W (s) = W (sim) = D f2(sF) (s — si1)

i=1 i=1
— / tfz(s) ds.
0

The convergence takes place as f2 is continuous and thus Riemann-integrable.
Hence, for n — oo the expression from Proposition 9.2 is obtained.

Let us consider the integrals from Example 9.1 and calculate the variances for
t = 1 (see Problem 9.1).
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Example 9.2 (Corollary) For the functions from Example 9.1 it holds:

(a) for the identity function f(s) = s:

1
/de(s) ~ N(0,1/3);
0

(b) forf(s) =1—s:

1
/ (1—5)dW(s) ~ N(0,1/3);
0

(c) for the constant function f(s) = 1:

W(t) = /O rdW(s) ~ N©O.). ®

Autocovariance Function

As a generalization of the variance, an expression for the covariance is to be found.
Hence, let us define the process Y () = fotf (s)dW(s). The autocovariance of Y ()
and Y(t + h) with h > 0 can be well justified if one takes into account that
the increments dW(¢) of the WP are stochastically independent provided they do

not overlap. Therefore, one should expect fot f(s)dW(s) and frr+h f(r)dW(r) to be
uncorrelated:

t t+h
E [ /0 FHAW(S) / f(r)dW(r)} —o.

If this is true, then, due to

t+h t t+h
/ FRAW(r) = / FRAW(r) + / FRAW ()
0 0 t

the following result is obtained:

t t+h t t
E[ /0 FS)AW(s) /0 f(r)dW(r)} =E[ /0 FSAW(s) /0 f(r)dW(r)}

= Var (/(; f(s)dW(s)) .
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Therefore, for an arbitrary 7 > 0 the autocovariance coincides with the variance in
t. In fact, this result can be verified more rigorously (see Problem 9.5).

Proposition 9.3 (Autocovariance of Stieltjes Integrals) For a continuously dif-
ferentiable, deterministic function f it holds that

t t+h t
E[ [ swawe [ f(s)dW(s)} = [ as
0 0 0
with h > 0.
Of course, for 4 = 0 the variance from Proposition 9.2 is obtained.

Example 9.3 (Autocovariance of the WP) As an example, let us consider f(s) = 1
with

t
W(t) = / dw (s).
0
Then, it follows for 2 > 0:
t
EWW@®OW( + h)) = / ds =t = min(t,7 + h).
0

Trivially, this just reproduces the autocovariance structure of the Wiener process
already known from (7.4). W

9.4 Standard Ornstein-Uhlenbeck Process

The so-called Ornstein-Uhlenbeck process has been introduced in a publication by
the physicists Ornstein and Uhlenbeck in 1930.

Definition

We define the Ornstein-Uhlenbeck process (OUP) with starting value X.(0) = 0
for an arbitrary real c as a Stieltjes integral,

X.(f) 1= e / e dW(s), t>0,X.(0)=0. (9.3)
0

For ¢ = 0 in (9.3) the Wiener process, Xo(t) = W(t), is obtained. More precisely,
X.(?) from (9.3) is a standard OUP; a generalization will be offered in the chapter
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on interest rate dynamics. By definition, it holds that:

X(t+1) = e e [ / t S AW (s) + / - e_"‘dW(s)}
0 t

t+1
X (1) + et / S AW (s)
t

X (1) + et + 1),

where e(t + 1) was defined implicitly. Note that the increments dW(s) from ¢ on in
e(t 4+ 1) are independent of the increments up to ¢ as they appear in X.(7). Hence,
the OUP is a continuous counterpart of the AR(1) process from Chap. 3 where the
autoregressive parameter is denoted by €. For ¢ < 0 this parameter is less than one,
such that in this case we expect a stable adjustment or, in a way, a quasi-stationary
behavior. This will be reflected by the behavior of the variance and the covariance
function which are given, among others, in the following proposition.

Properties

The proof of Proposition 9.4 will be given in an exercise problem. It comprises an
application of Propositions 9.1, 9.2 and 9.3.

Proposition 9.4 (Ornstein-Uhlenbeck Process) It holds for the Ornstein-
Uhlenbeck process from (9.3) that:

(@) Xc(1) = W) +ce” /t e “W(s)ds,
0

(b) X(t) ~ N, (" —1)/2c),
(¢) EX.(t) X.(t + h)) = € Var (X.(1)) ,

where h > 0.

Statement (a) establishes the usual relation between Stieltjes and Riemann integrals
and, seen individually, it is not that thrilling. As for ¢ = 0 the OUP coincides with
the WP, it is interesting to examine the variance from (b) for ¢ — 0. L’Hospital’s
rule yields:

) eth -1 ) 2t€2Ct
lim = lim =1
c—0 2c c—0 2
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Hence, for ¢ — 0 the variance of the WP is embedded in (b). The covariance from
(c) allows for determining the autocorrelation:

e"Var(X,(1))
v/ Var(X, (1)) / Var(X.(t + h))
oh Var(X.(1))

VVar(X.(t + )

Now, let us assume that ¢ < 0. Then it holds for # growing that:

corr(X.(t),X.(t + h)) =

1
lim Var(X.(f)) = —— > 0.
=00 2¢
Accordingly, it holds for the autocorrelation that:
lim corr(X.(t),X.(t + h)) = ", ¢ <O.
=00

Thus, for ¢ < 0 we obtain the “asymptotically stationary” case with asymptotically
constant variance and an autocorrelation being asymptotically dependent on the lag
h only. Thereby, the autocorrelation results as the A-th power of the “autoregressive
parameter” a = e°. With h growing, the autocovariance decays gradually. This finds
its counterpart in the discrete-time AR(1) process. Just as the random walk arises
from the AR(1) process with the parameter value one, the WP with ¢ = 0, i.e.
a = ¢° = 1, is the corresponding special case of the OUP. Hence, we can definitely
consider the OUP as a continuous-time analog to the AR(1) process.

Simulation

The theoretical properties of the process for ¢ < 0 can be illustrated graphically.
In Fig.9.1 the simulated paths of two parameter constellations are shown. It can
be observed that the process oscillates about the zero line where the variance or
the deviation from zero for ¢ = —0.1 is much larger* than in the case ¢ = —0.9.
This is clear against the background of (b) from Proposition 9.4 in which the first
moment and the variance are given: The expected value is zero and the variance
decreases with the absolute value of ¢ increasing. The positive autocorrelation (cf.
Proposition 9.4(c)) is obvious as well: Positive values tend to be followed by positive
values and the inverse holds for negative observations. The closer to zero c is, the
stronger the autocorrelation gets. That is why the graph for ¢ = —0.1 is strongly

*If the arithmetic mean of the 1000 observations of this time series is calculated, then by —0.72344
a notably negative number is obtained although the theoretical expected value is zero. Details on
the simulation of OUP paths are to follow in Sect. 13.2.
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Fig. 9.1 Standard Ornstein-Uhlenbeck processes

determined by the “local” trend and does not cross the zero line for longer time
spans while for ¢ = —0.9 the force which pulls the observations back to the zero
line is more effective such that the graph looks “more stationary” for c = —0.9.
9.5 Problems and Solutions

Problems

9.1 Calculate the variances from Example 9.2.

9.2 Verify the Gaussian distribution from Corollary 8.1(b).

9.3 Verify the following equality (with probability 1):

/tsde(s) =rwW() -2 /tsW(s)ds.
0

0

9.4 Determine the variance of the process X (f) with

X(t) = /0 tsz dw(s) .
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9.5 Prove Proposition 9.3.
9.6 Prove (a) from Proposition 9.4.
9.7 Show (b) from Proposition 9.4.

9.8 Prove (c) from Proposition 9.4.

Solutions

9.1 From Proposition 9.2 it obviously follows for (a) that:

1
/lszds: i :l
0 3 0 3.

Equally, one shows (b):

! (1-s37" 1
2 = | — —_ —
/O(l—s)ds—|: 3 :|0_3,

Finally, the result from (c) is known anyway.

9.2 The result follows from the examples of this chapter. From Example 9.1(a) we
obtain for t = 1:

Wm—[W@wzékm@.

Due to Example 9.2(a) the claim is verified.

9.3 This is a straightforward application of Proposition 9.1. With f(s) = s and
f'(s) = 2s the claim is established.

9.4 From Proposition 9.2 with f(s) = s it follows for the variance

t t 1 t IS
Var (/ sde(s)) = / stds = |:— s5:| = —.
0 0 5 0 5

9.5 With Y(¢r) = fotf (s)dW(s) we know from Proposition 9.1 that:

Y() = f(1) W) — /0 £ W(s)ds.
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Hence, the covariance results as

E(Y®)Y(t+h)=A—B—C+D

209

where the expressions on the right-hand side are defined by multiplying Y(7) and

Y(t + h). Now, we consider them one by one.
For A we obtain immediately:

A=E[f@O)f(t+ W) W(t + h)]
= f(6)f(t + h) min(t. t + h)
= F(0) £t + .

By Fubini’s theorem it holds for B that:
t
B=E |:f(t + h)/ FW(s)W(t + h)dsi|
0
t
=f(t+h) / £ (s) min(s, t + h)ds
0
t
=f(t+ h)/ f'(s)sds.
0
Integration by parts in the following form,
t t
/ f(ryrdr = F(H)t — / F(r)dr withF =,
0 0
applied to f” yields:

B =f(t+ h)[f(O)t—F(1) + F(0)],

where F(s) denotes the antiderivative of f(s). In the same way, we obtain
t+h
c=&[s0 [ rowewos|
0

t+h
=f() /0 £/ (s) min(s, £)ds

t t+h
=f(1) |:/0 f'(s)sds + / f’(s)tdsi|

=fO[f(r = F(0) + FO) + 1(f(t + h) = f(1))]
=fO[FO)=F@) +1ft+h)].

9.4)
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For the fourth expression Proposition 8.4 provides us with f” instead of f:
1 t+h
D=E |:/0 f’(s)W(s)ds/0 f’(r)W(r)dri|
= /0 F' () [f(s)s — (F(s) — F(0)) + s(f(t + h) — f(s))] ds

_ / 1 (5)dsF(0) — / ' F(s)ds + £+ h) / ' (5)ds.
0 0 0

In addition to (9.4), we apply integration by parts in the form of

/ P OFG)s = FOF () ~ FO)F(0) — / Py,
Then it holds that:
D = () ~FO)FO) ~fFO +FOFO) + [ F5)is
A+ B (O — F(0) + F(0)
-/ Ps)ds + (FO) ~ FO)® + £t + 1) + @ @ + .

If we assemble the terms, then we obtain the autocovariance function in the desired
form:

t t+h t
—A_R_ _ 2
E [/0 f(s)dW(s)/O f(r)dW(r)i| =A-B-C+D /0 fo(s)ds.

9.6 We use Proposition 9.1 with f(s) = ¢™:
t t
/ e SdW(s) = e "W() + ¢ / e “W(s) ds.
0 0
Multiplying by ¢ yields
t

t
ecr/ e “dW(s) = W) + ce"’/ e W(s) ds.
0 0

On the left-hand side, we have the OUP X (7) by definition which was to be verified.
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9.7 Due to Proposition 9.2 the OUP is Gaussian with expectation zero and variance

t
Var(X. (1)) = & / e 25 ds
0

—2cs !
. e
— e2ct |: i|
—2c |y

—2ct
e -1
— eZCt
—2c
1— eZcr
—2c

This is equal to the claimed variance.

9.8 As for the derivation of the variance, we use

t 1 —2ct
_ —e
ey = ———.
0 2¢

From Proposition 9.3 we know that this is also the expression for the autocovariance
of the Stieltjes integrals (k2 > 0):

t t+h 1— e—ZCt
E [/ e_”dW(s)/ e_“dW(s):| = —.
0 0 2c

Hence, we obtain for the OUP:

1— —2ct

E(X.(t) X.(t + h)) = ectec(t+h)2_€
C

" e2L‘[ _ 1
2c

e Var(X.(1)).

= ¢“

Reference
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10.1 Summary

Kiyoshi Ito (1915-2008) was awarded the inaugural Gauss Prize by the International
Mathematical Union in 2006. Stochastic integration in the narrow sense can be
traced back to his early work published in Japanese in the forties of the last
century. We precede the general definition of the Ito integral with a special case.
Concluding, we discuss the (quadratic) variation of a process without which a sound
understanding of Ito’s lemma will not be possible.

10.2 A Special Case
We start with a special case of Ito integration, so to speak the mother of all stochastic
integrals. Thereby we will understand that, besides the Ito integral, infinitely many
related integrals of a similar structure exist.
Problems with the Definition
The starting point is again a partition
P,(J0,f]): O=so<s1<...<s8,=1t,
that gets finer for n growing since we continue to maintain (8.2). Given this

decomposition of [0, 7], we define analogously to the Riemann-Stieltjes sum for
S;-k S [Si_l,S,‘)Z

Su(W) =D W(sF) (W(si) — W(sim1)) . (10.1)

i=1
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For n — oo we would like to denote the limit as fot W (s) dW(s), which looks like a
Stieltjes integral of a WP with respect to a WP. However, we will realize that:

1. The limit of S,,(W) is not unique, but depends on the choice of s};
2. the limit of S,,(W) is not defined as a Stieltjes integral.

As the Stieltjes integral has a unique limit independently of s¥, the second claim
follows from the first one. If one chooses in particular the lower endpoint of the
interval as support, s7 = s;_;, then this leads to the Ito integral. Hence, this special
case is called the Ito sum:

L(W) =" W(si1) (W(s:) — W(siz1)) - (10.2)

i=1

The following proposition specifies the dependence on s¥. The special case y = 0
leading to the Ito integral will be proved in Problem 10.1; the general result is
established e.g. in Tanaka (1996, eq. (2.40)). The convergence is again in mean
square.

Proposition 10.1 (Stochastic Integrals in Mean Square) Lets’ = (1 —y)si—1 +
y siwith 0 <y < 1. Then it holds for the sum from (10.1) with n — oo under (8.2):

Su(W) > % (W2(1) —1) + y 1.
Before we discuss two special cases of Proposition 10.1, this striking result is to
be somewhat better understood. We call it striking because it is counter-intuitive
at first glance that the choice of s should matter with the intervals [s;—, s;) getting
narrower and narrower for n — oo. To better understand this, we temporarily denote
the limit of S, (W) as S(y):

2
Sa(W) — S(y).
Then one observes immediately:
Sy)=80)+yt.

This means that the variance of all these stochastic integrals S(y) is identical, i.e.
equal to the variance of S(0). Hence, the choice of different support points s7* is only
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reflected in the expected value:

E(S(y))

S EW0) 0 + i

yt.

However, this expected value can be well understood as for finite sums it can be
shown that (see Problem 10.4):

E(S.(W)) = y1.

This simply follows from the fact that W(s}) is not independent of W (s;) — W(s;—1)
for y > 0. Next, we turn towards the case y = 0.

Ito Integral

For y = 0, S,(W) from Proposition 10.1 merges into 7,(W) from (10.2). The
proposition guarantees two different things: First, that the limit of /,,(W) converges
in mean square. We call this limit the Ito integral and write instead of S(0) the
following integral:

t
Lw) > / W (s) dW(s).
0
Secondly, the proposition yields an expression for this Ito integral:
d 1, 1
/ W(s)dW(s) = - W°(t) — < t. (10.3)
0 2 2

By the way, (10.3) is just the “stochastified chain rule” for Wiener processes from
(1.14)." Note the analogy and the contrast to the deterministic case (with f(0) = 0):

Af@#@=%ﬁ® for f(0) = 0. (10.4)

In Eq. (10.3) we find, so to speak, the archetype of Ito calculus, i.e. of stochastic
calculus using Ito’s lemma. The latter will be covered in the next chapter.

In particular for t = 1, (10.3) accomplishes the transition from (1.11) to (1.12) for the Dickey-
Fuller distribution.
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The moments of the Ito integral can be determined by (10.3). According to this
equation it holds for the expected value:

E (/OtW(s) dW(s)) =0.

The variance of the integral as well can be calculated elementarily’:

Var (/r W(s) dW(s)) = Var (@ - %)
0
_E [(W_o _ )}
2 2

= %E(W“(t) —2tWA(1) + 1)
= % (32 -22+17)

l‘2
= 57

where the kurtosis of 3 for Gaussian random variables was used. Hence, we have
the first two results of the following proposition

Proposition 10.2 (Moments of [, W(s) dW(s)) ForI(t) = [, W(s) dW(s) it holds
that

tz

E(I() =0 and Var(I(t)) = R
and

E(I()I(t+ h)) = g forh>0.

2An alternative, interesting method uses the fact that the variance of a chi-squared distributed
random variable equals twice its degrees of freedom:

WA e\ _ 1o, R WOV\_2 ,_7
Var( 5 2)_4Var(W(t))—4Var((\/-t) =7 2_2’

as it holds that W(r)//t ~ N(0, 1) and therefore

2
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As a third result it holds in Proposition 10.2, just as for the Stieltjes integral, that the
autocovariance coincides with the variance, i.e.

E(I(1) I(t + h)) = Var (I(1)) , h > 0.

We will prove this in Problem 10.2.

Stratonovich Integral

For a reason that will soon become evident, sometimes a considered competitor of
the Ito integral is the Stratonovich integral. It is defined as the limit of S,,(W) from
(10.1) with the midpoints of the intervals as s} :

Si—1 + 8;
=

2
This corresponds to the choice of y = 0.5 in Proposition 10.1. Let the limit in mean
square be denoted as follows:

" Si—1 + i 2 !
_— s;) — W(si— s) oW(s),
;W( ) v - wisen S [ weawe

where “0” does not stand for the partial derivative but denotes the Stratonovich
integral in contrast to the Ito integral. By the way, with y = 0.5 Proposition 10.1
yields:

W2(1)

/OW(S) aW(s) = 7

Hence, the Stratonovich integral stands out due to the fact that the familiar
integration rule known from ordinary calculus holds true. In differential notation
this rule can be formulated symbolically as follows:

IW2(1)
2

= W(t) oaW().

This just corresponds to the ordinary chain rule, cf. (10.4). Although the Ito and the
Stratonovich integral are distinguished from each other only by the choice of s} with
intervals getting shorter and shorter, they still have drastically different properties.
Obviously, it holds for the expected value

E(/Ot W(s) 8W(s)) = %
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while the Ito integral is zero on average. However, as aforementioned, the variances
of [ W(s)dW(s) and [ W(s)dW(s) coincide, cf. Problem 10.3 as well.

Example 10.1 (Alternative Stratonovich Sum) Sometimes the Stratonovich integral
is defined as the limit of the following sum, see e.g. Klebaner (2005, eq. (5.65)):

Xn: W(si—1) + W(s;)

5 (W(si) — W(si-1)) .

i=1

The intuition behind this is, due to the continuity of the WP, that
W(si—1) ~ W (S’_lT—i_sl) ~ W(s;).

In fact, it can be shown more explicitly that the following difference becomes
negligible in mean square:

0.

rew (Si—12+ Si) _ W(Si—1)2+ W(si) 2

For this purpose we consider as the mean square deviation with s7 = (si—; + 5;)/2:
MSE(I',0) = E[(I" — 0)?]
= E[W2(s?) — W(s}) (W(si—1) + W(s))]
+E [W%si_l) +2Wsio)Ws) + WZ(s»}

4

Due to 5,1 < s} < s; the familiar variance and covariance formulas yield:

i1+ 285 f
MSE(I",0) = 57 — ;-1 — 57 + W

§i — Si—1

4

As for n — oo the partition gets finer and finer, s; — s;—; — 0, the replacement of
W(s?) by (W(si—1) + W(s;)) /2 is asymptotically well justified. M
10.3 General Ito Integrals

After covering general Ito integrals, we define so-called diffusions that we will be
concerned with in the following chapters.
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Definition and Moments

In order to define general Ito integrals, we consider for a stochastic process X as a
generalization of the sum 7,(W):

LX) =) X(si1) (W(s) — W(sim1)) - (10.5)

i=1

For the Ito integral two special things apply: First, the lower endpoint of the interval
is chosen as s = s_;, i.e. X(s;—1); and secondly, we integrate with respect to
the WP, (W(s;) — W(s;—1)). If X was integrated with respect to another stochastic
process, then one would obtain even more general stochastic integrals, which we
are not interested in here.

If X(7) is a process with finite variance where the variance varies continuously in
the course of time, and if X () only depends on the past of the WP, W(s) with s < ¢,
but not on its future, then the Ito sum converges uniquely and independently of the
partition. The limit is called Ito integral and is denoted as follows:

/0 lX(s) AW(s).

The assumptions about X (¢) are stronger than necessary, however, they guarantee
the existence of the moments of an Ito integral, too. Similar assumptions can be
found in Klebaner (2005, Theorem 4.3) or @ksendal (2003, Corollary 3.1.7).

Proposition 10.3 (General Ito Integral) Let X(s) be a stochastic process on [0, f]
with two properties:

(i) Ua(s) = E (Xz(s)) < 00 is a continuous function,
(ii) X(s) is independent of W(s;) — W(s;) with s < s; < s;.

Then it holds that

(a) the sum from (10.5) converges in mean square:

DX WGs) = Wes) > [ (6w

i=1

(b) the moments of the Ito integral are determined as:

t = ar t S S = t ZS \)
E(/O X(s)dW(s))_O, Vi (/0 X(s) dW( )) /OE(X())d.
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Naturally, for X(s) = W(s) the extensively discussed example from the previous
section is obtained. In particular, in (b) the moments from Proposition 10.2 are
reproduced, and it holds for the variance that:

t t t 2
Var ( /O W(s)dW(s)) = /O E(W2(s)) ds = /0 sds = %

Example 10.2 (Stieltjes Integral) Consider the special case where X(s) is not
stochastic but deterministic,

X(s) = f(s),

where f(s) is continuous. Then, the conditions of existence are fulfilled which
can easily be verified: The square, u>(s) = f2(s), is continuous as well, and the
deterministic function is independent of W(s). Hence, it holds that

Z f(sic) (W(s) — W(si—1)) 3 /0 f()dW(s).
i=1

In other words: For deterministic processes, X(s) = f(s), the Stieltjes and the Ito
integral coincide; the former is a special case of the latter. Due to E (f2(s)) = f2(s)
the already familiar formulas for expectation and variance from Proposition 9.2 are
embedded in the general Proposition 10.3. W

Distribution and Further Properties

As is well known, the special case of the Stieltjes integral is Gaussian. For the Ito
integral this does not hold in general. This can clearly be seen in (10.3):

! W) —t _ —t
/ W(s)dW(s) = L > -,
0 2 2
i.e. the support of the distribution is bounded. Then again, the integral of a WP
with respect to a thereof stochastically independent WP amounts to a Gaussian
distribution. The following result is by Phillips and Park (1988).

Proposition 10.4 (Ito Integral of an Independent WP) Let W(¢) and V(s) be
stochastically independent Wiener processes. Then it holds that

(/1 V2(s) ds)
0

—0.5

1
/ V() dW(s) ~ N(0,1).
0
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By showing the conditional distribution of the left-hand side given V(¢) to just
follow a A (0, 1) distribution and therefore not to depend on this condition,
one proves the result claimed in Proposition 10.4; see Phillips and Park (1988,
Appendix) for details.

Note that the Ito integral again defines a stochastic process in the bounds from 0
to t whose properties could be discussed, which we will not do at this point. In the
literature, however, it can be looked up that the Ito integral and the Wiener process
share the continuity and the martingale properties. What is more, the integration
rules outlined at the end of Sect. 8.2 hold true for Ito integrals as well, see e.g.
Klebaner (2005, Thm. 4.3).

Diffusions

For economic modeling the Ito integral is an important ingredient. However, it gains
its true importance only when combined with Riemann integrals. In the following
chapters, the sum of both integrals constitutes so-called diffusions® (diffusion
processes). Hence, we now define processes X(7) (with starting value X(0)) as
follows:

t

t
X = X(0) + / n(s)ds + / o(s)dW(s).
0 0
Frequently, we will write this integral equation in differential form as follows:
dX(t) = p)dt + o) dW(t) .

The conditions set to @ (s) and o (s) that guarantee the existence of such processes
can be adopted from Propositions 8.1 and 10.3. In general, u(s) and o(s) are
stochastic; particularly, they are allowed to be dependent on X (s) itself. Therefore,
we write 1 (s) and o (s) as abbreviations for functions which firstly explicitly depend
on time and secondly depend on X simultaneously:

n(s) = p(s,X(s) . o(s) =0 (s, X(s) .
Processes p and o satisfying these conditions are used to define diffusions X (#):

dX(t) = p (. X(1)) dt + o (1, X(2)) dW(), 1 €][0,T]. (10.6)

3The name stems from molecular physics, where diffusions are used to model the change of
location of a molecule due to a deterministic component (drift) and an erratic (stochastic)
component. Physically, the influence of temperature on the motion hides behind the stochastics:
The higher the temperature of the matter in which the particles move, the more erratic is their
behavior.
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Recall that this differential equation actually means the following:

t

X(r) = X(0) +/0 w(s,X(s)) ds +/0 o (s, X(s)) dW(s).

Example 10.3 (Brownian Motion with Drift) We consider the Brownian motion
with drift and a starting value 0:

X(t) =put+oW(@)

t t
:,u/ds—i—zf/dW(s).
0 0

Therefore, the differential notation reads
dX(t) = pdt+odW(r).
Hence, this is a diffusion whose drift and volatility are constant:

nw(t,X@®))=pn and o(,X(¢)=0. N

10.4 (Quadratic) Variation

From (10.3) we know that

W2(t) —t

/O W(s) dW(s) = =

Now, we want to understand where the expression ¢ comes from that is subtracted
from W2(z). It will be made clear that this is the so-called quadratic variation.

(Absolute) Variation

Again, the considerations are based on an adequate partition of the interval [0, 7],

P,([0,f]) : 0=sp<s1 < ... <8, =1.

For a function g the variation over this partition is defined as*:

V(g 1) = ) lg(si) — g(si-1)] -

i=1

4Sometimes we speak of absolute variation in order to avoid confusion with e.g. quadratic
variation.
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If the limit exists independently of the decomposition for n — oo under (8.2), then
one says that g is of finite variation and writes®:

Vu(g,t) — V(g,1), n— .

The finite sum V,,(g, #) measures for a certain partition the absolute increments of
the function g on the interval [0, f]. If the function evolves sufficiently smooth, then
V(g, t) takes on a finite value for (n — 00). For very jagged functions, however, it
may be that for an increasing refinement (n — 00) the increments of the graph of g
become larger and larger even for fixed ¢, such that g is not of finite variation.

Example 10.4 (Monotonic Functions) For monotonic finite functions the variation
can be calculated very easily and intuitively. In this case, V(g,t) is simply the
absolute value of the difference of the function at endpoints of the interval,
|g(t) — g(0)|. First, let us assume that g grows monotonically on [0, 7],

g(s;)) > g(si—1) fors; > s;i—;.

Obviously, it then holds by (8.3) that

Vi(g. 1) = ) (8(si) — g(si—1)) = g(t) — g(0) = V(g.1).

i=1

For a monotonically decreasing function, it results quite analogously:

Y lgls) — glsim)

i=1

Va(g, 1)

— Y (8(si) — glsi-1)

i=1

2(0) —g(1)
=V(g,1).

Monotonic functions are hence of finite variation. W

Without the requirement of monotonicity, an intuitive sufficient condition exists
for the function to be smooth enough to be of finite variation where this variation
then has a familiar form as well.

3If g is a deterministic function, then “—” means the usual convergence of analysis. If we allow

I

. . 2
for g(r) to be a stochastic process, then we mean the convergence in mean square: “—
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Proposition 10.5 (Variation of Continuously Differentiable Functions) Let g be
a continuously differentiable function with derivative g' on [0, t]. Then g is of finite
variation and it holds that

Vig.1) = [0 18/(s)| ds.

The proof is given in Problem 10.6.

Example 10.5 (Sine Wave) Let us consider a sine cycle of the frequency k on the
interval [0, 27]:

gi(s) = sin(ks), k=1,2,....
The derivative reads
g, (s) = k cos(ks).

Accounting for the sign one obtains as the variation:

/2

2
V(g1,2m) = /0 |cos(s)| ds = 4 /0 cos(s) ds

=4 (sin (%) — sin(O))

=4,

2r /4
V(g2 2rm) = / 2 |cos(2s)| ds = 8 / 2 cos(2s) ds
0 0

=8 (sin (%) — sin(O))

:8’

2 7/2k
V(gk,2m) = / k|cos(ks)| ds = 4k / k cos(ks) ds
0 0

— 4k (sin (%) . sin(O))
= 4k.
In Fig. 10.1 it can be observed, how the sum of (absolute) differences in amplitude

grows with k growing. Accordingly, the absolute variation of gi(s) = sin(ks)
multiplies with k. For k — o0, g} tends to infinity such that this derivative is not
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sine wave

sin(kx)

sin(kx)

[0,27]

Fig. 10.1 Sine cycles of different frequencies (Example 10.5)

continuous anymore. Consequently, the absolute variation is not finite in the limiting
casek > o0. H
Quadratic Variation

In the same way as V,,(g, f) a g-variation can be defined where we are only interested
in the case ¢ = 2, — the quadratic variation:

Ou(g. 1) =Y lgls) —g(sim)” =D (8(s:) — glsi1))” .

i=1 i=1

As would seem natural, g is called of finite quadratic variation if it holds that

On(g.t) — 0(g,1), n—oo.
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If g is a stochastic function, i.e. a stochastic process, then Q(g,?) and V(g,t) are
defined as limits in mean square. Between the absolute variation V(g, ) and the
quadratic variation Q(g, t) there are connections which we want to deal with now. If
a continuous function is of finite variation, then it is of finite quadratic variation
as well, where the latter is in fact zero. This is the statement of the following
proposition. As it seems counterintuitive at first sight that Q, as the limit of a positive
sum of squares Q,, can become zero, we start with an example.

Example 10.6 (Identity Function) Let id be the identity function on [0, 7]:
id(s) = s.
As the functions increases monotonically, it is of finite variation with
V(id,t) = id(t) —id(0) = t.

For finite » it holds that:

n

Qu(id,1) = ) (id(si) — id(si1))’

=1
n
2
= Z (si — si—1)
i=1

> 0.

Q,, consists of n terms, where the lengths s; — s;—; > 0 are of the magnitude % Due
to the squaring, the n terms are of the magnitude an Hence, the sum converges to
zero for n — oo. This intuition can be formalized as follows:

Qulid, 1) = " (si—si-1)°

i=1

n
< max (s; — si—1) Z (s; — si—1)
1<i<n
i=1
= max (Si — si—l) Vn(ld, t)
1<i<n
= max (Si _si—l) t
1<i<n
— 0,

as max(s; —si—;) > Oforn > oco. H
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The next proposition gives a sufficient condition for the quadratic variation to
vanish.

Proposition 10.6 (Absolute and Quadratic Variation) Let g be a continuous
function on [0, t]. It then holds under (8.2) for n — oo:

Vu(g, 1) = V(g,t) <

implies

On(g.t) = 0.

If g is a stochastic process, then “— " is to be understood as convergence in mean
square.

The proof is given in Problem 10.7. From the proposition it follows by contraposi-
tion that: If we have a positive (finite) quadratic variation, then the process does not
have a finite variation. Formally, we write: From

O.(g.1) > Q(g.1) < oo with Q(g,?) >0

it follows that there is no finite variation:
Vu(g, 1) = 0.

If a function g is so smooth that it has a continuous derivative, then Q(g, ) = 0 by
Propositions 10.5 and 10.6; the other way round, values of Q(g, ) > 0 characterize
how little smooth or jagged the function is.

Wiener Processes

As we know, the WP is nowhere differentiable, therefore it is everywhere so jagged
that there is no valid tangent line approximation. Due to this extreme jaggedness the
WP is of infinite variation as well, as we will show in a moment. More explicitly,
we prove that the WP is of positive quadratic variation and does not have a finite
absolute variation due to Proposition 10.6. We save the proof for an exercise
(Problem 10.8).
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Proposition 10.7 (Quadratic Variation of the WP) For the Wiener process with
n — oo it holds under (8.2):

Qu(W.1) S 1= Q(W.1).
The expression Q(W, ) = t characterizes the level of jaggedness or irregularity
of the Wiener process on the interval [0, ]. This non-vanishing quadratic variation
causes the problems and specifics of the Ito integral. Let us recapitulate: If the
Wiener process was continuously differentiable, then it would be of finite variation
due to Proposition 10.5 and it would have a vanishing quadratic variation due to
Proposition 10.6. However, this is just not the case.

Symbolic Notation

In finance textbooks one frequently finds a notation for time that is strange at first
sight:

(dW(1))? = dt. (10.7)

How is this to be understood? Formal integration yields
t
/ (dW(s))* =t.
0

As would seem natural, the “integral” on the left-hand side here stands for Q(W, 1):
n 5 t
0.W.0) = Y- (W) = Wesi)P > [ @Ws)? = 00v.n.
i=1 0

Therefore, the integral equation and hence (10.7) is justified by Proposition 10.7:
QO(W, ) = t. We adopt the result into the following proposition. The expressions

dW(t)dt =0 and (df)> =0 (10.8)

are to be understood similarly, namely in the sense of Proposition 10.8.
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Proposition 10.8 (Symbolic Notation) 7 holds for n — oo under (8.2):

@ Y W) = We)? > [ @y =1,

i=1

(b) Z (W(si) — W(si—1)) (i — si—1) —2> /0 dW(s)ds = 0,
i=1

; i —sii1)? — l 2 —
© ;(s, 5im1) /0 (ds)? = 0.

In symbols, these facts are frequently formulated as in (10.7) and (10.8).

Note that the expression in (c) in Proposition 10.8 is the quadratic variation of the
identity function id(s) = s:

0, (id,1) — /0 sy = 0(id.t) = 0.

Hence, the third claim is already established by Example 10.6. The expression from
(b) in Proposition 10.8 is sometimes also called covariation (of W(s) and id(s) = s).
The claimed convergence to zero in mean square is shown in Problem 10.9.

10.5 Problems and Solutions

Problems

10.1 Prove Proposition 10.1 for y = 0 (Ito integral).
Hint: Use Proposition 10.7.

10.2 Prove the autocovariance from Proposition 10.2.

10.3 Derive that the Ito integral from (10.3) and the corresponding Stratonovich
integral have the same variance.

10.4 Show for S, (W) from (10.1) with s} from Proposition 10.1,

s?:(l—)/)si_lﬁ-)/sia 0=<y<l,
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that it holds:
E(S.(W)) = y1.

10.5 Show: I}, - 0 with

Ly =W(A=y)sici +ysi)—[(1=y) Wisiz1) +y Wisi)]
for y € [0, 1] for an adequate partition, i.e. for s; — s;—; — O.
10.6 Prove Proposition 10.5.
10.7 Prove Proposition 10.6.

10.8 Determine the quadratic variation of the Wiener process, i.e. verify Proposi-
tion 10.7.

10.9 Show (b) from Proposition 10.8.

10.10 Determine the covariance of W(s) and for W(r)dW(r) fors < t.

Solutions

10.1 In order to prove Proposition 10.1 for y = 0, it has to be shown that 7,(W)
from (10.2) converges in mean square, namely to the expression given in (10.3). For
this purpose, we write I,(W) as follows:

D Wisio) (W(si) — W(si1)

i=1

= [2 D W) Wisii) =2y W2(si_1)]

i=1 i=1

I,(W)

Il
N =

N —

= [Z (W2(s1) — W(si-1))

i=1

Z (W2(s:) =2 W(si) W(si—1) + Wz(si—l))] ,

i=1
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where for the last equation we added zero, (W2 () —W? (si)). Hence, it furthermore
follows by means of the quadratic variation:

I,(W)

=

[Wz(sn) = W(s0) = D (W(s:) — W(s,-_l))z}

i=1
= % (W2(r) — W*(0)) — %Qn(W, 0.

The Wiener process is of finite quadratic variation and we know from Proposi-

tion 10.7: Q,(W, 1) 2 t. This verifies the claim (as it holds that W(0) = 0 with
probability 1).

10.2 Based on (10.3) we consider the process

W2(t) —t

1) = /0 W(S)dW(s) = —

Due to the vanishing expected value, it holds for the autocovariance that:

E((n) I(5))

Al— A=

E[W2 ()W (s) — tW2(s) — sW2(0) + s1]
[E (WX()W?(s)) — 1s — st + st] .
By adding zero one obtains:
EW ()W (5)] = E[(W() = W(s) + W(s)* W) |
= E[(W() - W(:)* W2(9)]
+2E[(W(r) = W)W ()] + E[W'(s)]

If we assume w.l.0.g. that s < 7, then due to the independence of non-overlapping
increments of W it holds that:

E[W0) = W) WA = B[ W) - W(s)* | E[W3(s)]
= Var (W(f) — W(s)) Var(W(s))

= (t—s9)s
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and
E[(W() = W(s)W(5)] = E(W () — W(s)E(W(5)) = 0.
As the kurtosis of a Gaussian random variable is 3, it follows that
E[W*(s)] = 3s°.
Therefore, these results jointly yield the claimed outcome:

(t—s)s 3, st
;. Ty

E(() I(s)) =

10.3 We know about the aforementioned Ito integral from Proposition 10.2 that its
variance is > /2. Hence, it is to be shown that:

Var (/t W(s) BW(S)) = g .
0

We use Proposition 10.1,

W2(1)
5

/t W(s) aW(s) =
0

from which it follows immediately that

! t
E (/0 W(s) BW(S)) =3

The usual variance decomposition, see (2.1), hence yields

2
Var (Wz(”) = L EW@O) 7).

Due to a kurtosis of 3, the fourth moment of a NV (0, 7)-distribution just amounts to
3 2. Thus, one obtains

Var (Wz(t) ) =
2

which proves the claim.

(3t2—t2):ﬁ
25

FN-



10.5 Problems and Solutions 233

10.4 The expectation of the sum S,(W) is equal to the sum of the expectations.
Therefore, we consider an individual expectation,

E[W(s7) (W(si) = W(sim)] = BE[WGHW(si) = W(sHW(si-)]
= min(s?, s;) — min(s}, si—1)
= =y)sic1 +ysi—si
=y (si = si-1).

where simply the well-known covariance formula was used. Hence, summation
yields as desired

E(S.(W)) =y Z(Si —Si—1)

i=1
= y(sn — 50)
=y(t—-0).
10.5 Convergence in mean square implies that the mean squared error tends to zero.
The MSE with the limit zero reads MSE(I,,0) = E(I?). Therefore, it remains to
be shown that: E(I%) — 0.
For this purpose one considers with s} = (1 — y)si—1 + y si
L} =W2(s)) = 2W(s)) [(1 = ) W(sim1) + y W(si)]
+ (1 =y W (sim1) + 2y (1 — y) W(sim) W(s)
+ VWA (s).

Forming expectation yields:

E(LY) =sf—2[(1—y)sici + st ]+ (1= y)2siz
2y —y)sic1 + ¥’ si
= =p)sici +ysi—2(0 =) sies = 2y(1 = y)sic1 =297 s
F(1=p) s +2y(L=y) sz + 7
=5y =y +sim 1=y =1 -y)
=si(y =¥+ s> =)
=(si—si—)y (1 —yp).

Hence, for n — oo the required result is obtained as s; — s;—; tends to zero.
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10.6 For a given partition we write

n

Vi(g.1) = Z lg(si) — g(si—1)| = Z
i=1

i=1

/ ‘ g (s)ds| .
Si—1

As the derivative is continuous, |g’(s)| is continuous as well and hence integrable.
According to the mean value theorem an s?‘ € [si—1, 5] exists with

/ () ds = §/(57) (i — i)

Si—1

Thus it follows that
Va(g.1) = D18/ (s = si-1)
i=1

R / 18(5)| ds.
0

Quod erat demonstrandum.

10.7 The claim is based on the bound

Q(g.1) = max (1g(s) = glsi-1)]) ; lg(s) = 8(si-1)]
= max (| g(si) — g(si-1) ) Va(g.0).

1<i<n

Due to continuity it holds that
max (| g(s;)) —g(si-1) [) = 0.
1<i<n

Hence, the claim immediately follows from the bound.

10.8 It is to be shown that the mean squared error,
MSE (Q,(W.1), 1) = E[(Qx(W.1) — )] .

tends to zero. For this purpose we proceed in two steps. In the first one we show
that the MSE coincides with the variance of Q,(W, f). In the second step it will be
shown that the variance converges to zero.
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(1) For the first step we only need to derive E(Q, (W, t)) = . With
Qu(W. 1) =Y (W(s) — W(si1))
i=1
the required expectation can be easily determined:

E(Q.(W,1) = ) Var (W(s;) — W(si1))

i=1

n
:Z(Si—si—l)zsn—sozl—o
i=1
=1.

(2) Due to the independence of the increments of the WP one has
Var (Q,(W, 1) = ) Var [(W(s;) — W(si-1))*] .
i=1

Due to W(s;) — W(si—1) ~ N(0,s; — s;—1) and with a kurtosis of 3 for Gaussian
random variables, it furthermore holds that:

Var [(W(s) — W(sie1))?] = E[(W(s) — W(s—))*] — (E[(W(s) — W(si—1))*])°
= 3 [Var(W(si) — W(sie))]® = (si — si1)>
=2(si— Si—1)2 .

Hence, plugging in yields

Var(Q,(W.1) = 2 Y (si — 5i-1)?

IA

2 ma<x(sl = 5i—1) Z(s,—s, 1)

= 2 max (s; — si—1) (Su — 50)
1<i<n

-0, n— o0,

which completes the proof.
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10.9 Let us call the aforementioned covariation CV,;:
CVi= D (W(s) = Wsim)) (s —si1) -
i=1

The claim reads: MSE(CV,,, 0) — 0. As it obviously holds that E(CV,)) = 0, we
obtain

MSE(CV,, 0) = Var(CV,) .

Hence, it remains to be shown that this variance tends to zero: Due to the
independence of the increments of the WP, one determines

Var(CV,) = Y Var (W(s;) — W(si—1)) (s — 5i-1)° .
i=1

and hence

Var(CV,) = Z(si —sic1)’
i=1

n
< max (s —si-1) »_ (s — 5i1)’
1<i<n

i=1
= max (s; — 5;—1) O, (id, 1)
1<i<n

— 0,

where Q,(id, t) is the quadratic variation of the identity function, see Example 10.6.
Hence, the claim is established.

10.10 We want to obtain the expected value of Y (s, #) with

t
Y(s,1) = W(s)/ W(r)dw(r), s<t.
0
Due to (10.3) it again holds that:

W2(f) — ti|

E(Y(s,7)) = E [W(s) 3

= %E[W(S)Wz(t)].
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Therefore, we study

E[W(s)W?(@)] = E[W(s)(W(t) — W(s) + W(s))*]
=E[W(s)(W(@) — W(s))*]
+2E [W2(s)(W(1) — W(s))] + E[W*(5)].

Let us consider the last three terms one by one. Due to the independence of the
increments, one obtains:

E[W(s)(W(1) — W(5))*] = E(W(s)E (W(r) — W(s))?) = 0.

Moreover, it is obvious that the second term is also zero. For the third term the
symmetry of the Gaussian distribution yields E (W3 (s)) = 0. Summing up, we have
shown that

E(W(s)W(@1) =0, s=<t,

and hence

E [W(s)/o W(r)dW(r)i| =0, s<t
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11.1  Summary

If a process is given as a stochastic Riemann and/or Ito integral, then one may
wish to determine how a function of the process looks. This is achieved by Ito’s
lemma as an ingredient of stochastic calculus. In particular, stochastic integrals can
be determined and stochastic differential equations can be solved with it; we will
get to know stochastic variants of familiar rules of differentiation (chain and product
rule). For this purpose we approach Ito’s lemma step by step by first discussing it
for Wiener processes, then by generalizing it for diffusion processes and finally by
considering some extensions.

11.2 The Univariate Case
The WP itself is a special case of a diffusion as defined in (10.6). With
w@&, W) =0 and o, W() =1

Eq. (10.6) becomes (with probability one)

W(t) = W(0) + /0 tdW(s) = /0 ldW(s).

Thus, we consider this special case first.
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For Wiener Processes

As a revision, let us recall (10.3), which can be written equivalently as
t
2 / W(s)dW(s) = W?(t) —t.
0

If g(W) = W? is defined with derivatives g’(W) = 2W and g"(W) = 2, then this
equation can also be formulated as follows:

/0 ¢ (W(s)) dW(s) = g (W(H) — 1

1 t
=g (W) - 3 /0 g’ (W(s)) ds.

Now, this is just the form of Ito’s lemma for functions g of a Wiener process. It is a
corollary of the more general case (Proposition 11.1) which will be covered in the
following. Throughout, we will assume that g has a continuous second derivative
(“twice continuously differentiable”).

Corollary 11.1 (Ito’s Lemma for WP) Let g: R — R be twice continuously
differentiable. Then it holds that

dg (W(1)) = g (W(®) dW(1) + %g’/ (W()) dt.

In integral form this corollary to Ito’s lemma is to be read as follows:

t 1 t
¢ (W() = g (W(0) + / § V() W) + 3 / ¢ (W(s)) ds.
0 0

Strictly speaking, this integral equation is the statement of the corollary, which
is abbreviated by the differential notation. However, in doing so it must not be
forgotten that the WP is not differentiable. Sometimes one also writes even more
briefly:

dg (W) = g (W)dW + % g’ W)dr.

Example 11.1 (Powers of the WP) For g(W) = %Wz this special case of Ito’s
lemma just proves (10.3). In general, one obtains for m > 2 from Corollary 11.1
with g(W) = 2=

m e

d (Wm(t)) — Wm_l(l) dW(t) + m—_l Wm_z(t) dt s
m 2
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or in integral notation

W) = m /0 t Wm—l(s)dW(s)Jr@ /0 t W 2(s)ds. W

Explanation and Proof

Corollary 11.1 can be considered as a stochastic chain rule and can loosely be
formulated as follows: the derivative of g(W(r)) results as the product of the
outer derivative (g’(W)) and the inner derivative (dW), plus an Ito-specific extra
term consisting of the second derivative of g times % Where this term comes
from (second order Taylor series expansion) and why no further terms occur
(higher order derivatives), we want to clarify now. For this purpose we prove
Corollary 11.1 (almost completely) although it is, as mentioned above, a corollary
to Proposition 11.1.
With s, = t and so = 0 it holds due to (8.3) that:

g(W()) = g(W(0) + D (@(W(si) — g(W(si1))) .

i=1

Now, on the right-hand side a second order Taylor expansion of g(W(s;)) about
W(si—1) yields

g(W(s) = g(W(si-1)) + &' (W(si—1)) (W(si) — W(si—1))
+ g”(% (W(si) — W(si-1))*
with 6; between W (s;_;) and W(s;):
| 0; — W(siz1)| € (0,] W(si) = W(si-1)]) -

By substitution of g(W(s;)) — g(W(si—1)), g(W(?)) — g(W(0)) can be expressed by
two sums:

gW(@®) —g(W(0) = 2, + X,

with

X

Y& Wisiz) (W(si) — W(sim1))

i=1

1 n
=) 8"(0) (Wis) = Wisin))”
i=1
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Now, X just coincides with the Ito sum from (10.5) such that it holds due to
Proposition 10.3 that:

t
55 [ wenawe.
0
Furthermore, we know from the section on quadratic variation (Proposition 10.8)
(dW(s))? = ds.

As the quadratic variation of the WP is not negligible (Proposition 10.7), this
suggests the following approximation:

%

X

1 t
3 | oy @voy

1 t
: /0 &' (W(s) ds.

A corresponding convergence in mean square can actually be established, which
we will dispense with at this point. Hence, except for this technical detail,
Corollary 11.1 is verified.

Additionally, we want to consider why higher order derivatives do not matter for
Ito’s lemma. For a third order Taylor expansion e.g. it follows

8(W(s) — g(W(si—1)) = g (W(sim1))(W(si) — W(si—1))

+ w (W(si) = W(si-1))?

8" (6)

+ . (W(s;) — W(si=1))* .

Thus, due to the summation, the term

3= ng(@i) (W(s:) — W(si-1))’

i=1

occurs. However, it is negligible:

125 < Y [€7O)] [Wes) = Wisim)| (W(si) = W(sim1))?
i=1

IA

max {|gm(95)| |W(Sl) - W(S[_l)l} . Qn(W, t)

1<i<n

20.1=0,
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as the quadratic variation of the WP tends to ¢ and as it furthermore holds that

MSE [W(s;) — W(si—1), 0] = Var (W(s;) — W(si=1)) = s;i —si-1 = 0.

For Diffusions

Now, we turn to Ito’s lemma for diffusions. In this section, we consider the
univariate case of only one diffusion that depends on one WP only. The following
variant of Ito’s lemma is again a kind of stochastic chain rule and the idea for the

proof is again based on a second order Taylor expansion.

Proposition 11.1 (Ito’s Lemma with One Dependent Variable) Lerg : R — R
be twice continuously differentiable and X(t) a diffusion on [0, T] with (10.6), or

briefly:
dX(t) = p@®dt+o@)dW().

Then it holds that
1
dg (X(1) = g (X(1)) dX(1) + 3 g (X)) o> (0 dr.
If X(r) = W(r) is a Wiener process, i.e. () = 0 and o(t) = 1, then Corollary 11.1
is obtained as a special case.

The statement in Proposition 11.1 is given somewhat succinctly It can be
condensed even more by suppressing the dependence on time:

1
dg (X) = ¢ (X) dX + 3 g (X) o?dt.

However, it needs to be clear that by substituting dX(f) one obtains for the
differential dg (X (7)) the following lengthy expression:

1
[g’ (X(®) p(t.X(0) + 5 g (X(1) o*(t,X (t))} dt + g (X(1) o(t. X(1) dW(t).
The corresponding statement in integral notation naturally looks yet more extensive.

Example 11.2 (Differential of the Exponential Function) Let a diffusion X(7) be
given,

dX(t) = p(t) dt + o (t) AW (1) .
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Then, how does the differential of X read? This example is particularly easy to
calculate as it holds for g(x) = e* that:

g'() =g'(x) =g(x) = e".
Hence Ito’s lemma yields:

X(0) _ X(0) eX() o2
de™'V = *\VdX(f) + —o“(t)dt

= &0 (u(t) + 2( )) dt + &0 o (H)dW ().

If X(¢) is deterministic, i.e. o (f) = 0, then it results

deX® _ 0 dX (1)
di dr ’

which just corresponds to the traditional chain rule (outer derivative times inner
derivative). W

On the Proof

Just as for the proof of Corollary 11.1, one obtains with 6;, where
|60; — X(si—1)| € (0, |X(s:) — X(si-1)])

from the Taylor expansion:

g(X(1) —g(X(0)) = X1 + X5,

D& (X(sim)) (X(s:) = X(sim1))

i=1

X

D))

1 n

5 2 &) (X(5) = X(si-1))”
i=1

The first sum is approximated as desired:

X %/0 g (X(s))dX(s).
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The second sum is approximated by

1 t
5~ /0 ¢ (X()) (dX ()’

By multiplying out the square of the differential of the Ito process,
(dX(9))* = p*(5)(ds)* + 2 1u(s) o (s) AW (s) ds + 0 (s) (AW (5))* ,
one shows due to (cf. Proposition 10.8),
ds)>* =0, dW(s)ds=0, (dW(s)) =ds,

for the second sum:

¥, & % /0 t g (X(s)) o2(s) ds .

This verifies Proposition 11.1 at least heuristically.

11.3 Bivariate Diffusions with One WP

A generalization of Proposition 11.1, which is sometimes needed, is presented by
the following variant of Ito’s lemma. The function g be dependent on two diffusions
X and X,, where both are driven by the very same Wiener process. Occasionally, we
will call this case (referring to the literature on interest rate models) the one-factor
case as it is the identical factor W (¢) driving both diffusions.

One-Factor Case

Let g be a function in two arguments, whose partial derivatives are denoted by

9g(X1, X>) 9g(X1,X2)
—0— and —————
0X; 0X; 0X;
Then, the following proposition is a special case of Proposition 11.3.
Proposition 11.2 (Ito’s Lemma with Two Dependent Variables) Lerg: RxR —
R be twice continuously differentiable with respect to both arguments, and let X;(t)

be diffusions on [0, T] with the same WP:

dX;(t) = pi(@®) dt + o:(t) dW(r), i=1,2.
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Then it holds that
g 060, Xa(0) = X0 gy 4 HEDTO) g
L [P0, 200 g, PO 10) 1),
P00 )y

Note that substitution of dX;(¢) in Proposition 11.2 leads again to an integral
equation for the process g (X;(f), X»(¢)) including Riemann and Ito integrals.

Frequently, the time dependence of the processes will be suppressed in order to
obtain a more economical formulation of Proposition 11.2:

dg (X1, X g (X1, X
g (X3 2)Xm+ g (X Z)ng

dg X1, X») = ox, X
1 [0%¢ (X1, X %g (X1, X
1Td%( k 2)012 g( E 2)022 it
2 ox? X2
9’g (X1, X2)
25 4b 22 dr.
X, 0x, 1%

By this notation one recognizes, that again a second order Taylor expansion hides
behind Proposition 11.2, but now of the two-dimensional function g,

g (X1, Xo) 0g (X1, X»)
————dX ———dX
09X L+ 0X, 2
1 g (X1, Xz) g (X1, X2)
2 X3 X3
1 |:328 (X1, X3) 9%g (X1, X2)

dXydX, + 2820 22 e x|
2 | Toxox, Rt Toxax, v 1}

dg (X1, X») =

(dx1)* + (dX2)2:|

because the mixed second derivatives coincide due to the continuity assumed. With
(10.7) and (10.8) it can easily be shown that (we again suppress the arguments)

(dX;)* = p? (dr)* + 2 w0y dtdW + o2 (dW)* = 0+ 0+ o2 dt,
and for the covariance expression as well

dX,dX, = 010, dt. (11.1)
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Example 11.3 (One-Factor Product Rule) Proposition 11.2 provides us with a
stochastic product rule for X (¢) X»(1):

d(X1 (1) X2(2) = Xo(1) dX1 (1) + X1 (1) dXa(2) + 01(2) 02(2) dt . (11.2)

Under o, (f) = 0 or 0»2(f) = 0 (no stochastics), the well-known product rule is just
reproduced. The derivation of (11.2) follows for g(x;,x) = x; x, with

ag g
— = X7, — =0,
axy 2 8x%
ag g
_— = s _— = O
0xy " 8x§
and
0’g . 0’g _1

axl 8x2 B 8x2 8x1 B

Hence, we obtain an abbreviated form:

dg (X1, X g (X1, X
g (X1 Z)Xm—i— g (X1, X»)

d(X, X2) =
(X1 X2) ox, X,

dX, + oy 07 dt,

where the second derivatives were plugged in. If one substitutes the first derivatives,
then one obtains the result from (11.2). W

Time as a Dependent Variable

Frequently it is of interest to consider another special case of Proposition 11.2.
Again, g is a function in two arguments; however, the first one is time #, and the
second one is a diffusion X(7):

g: [0,TIxR - R
., X) — g(t,X).
We consciously suppress the fact that the diffusion is time-dependent as well. Since,
when we talk about the derivative of g with respect to time, then we refer strictly

formally to the partial derivative with respect to the first argument. Sometimes this
is confusing for beginners. For example for

g(t, X)) =gt X) =1X(1)
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the derivative with respect to ¢ refers to:

dg (¢, X(1))

o =X(1).

Hence, for the partial derivatives we purposely do not consider that X itself is a
function of r.

With X () = ¢ and X(f) = X,(¢) from Proposition 11.2 we obtain for pu;(f) = 1
and o1 (f) = 0 the following circumstance.

Corollary 11.2 (Ito’s Lemma with Time as a Dependent Variable) Ler g :
[0, 7] x R — R be twice continuously differentiable with respect to both arguments
and let X(t) be a diffusion on [0, T| with (10.6), or briefly

dX(t) = p(t)ydt + o (1) dW(t) .
Then it holds that

0g (. X(1) , . 9g(t. X(1) 1 g (1, X(1)

dg (t, X(1)) = 5 X dX(t)+§ e oX(r)dt.

Again, suppressing time-dependence, this can be condensed to

_0g(t, X) dg (1, X) 1 Pg(t, X) ,
dg(t, X) = o dt+ X dX + 2 a2 o“dt.

Example 11.4 (OUP as a Diffusion) As an application we can just prove that the
standard Ornstein-Uhlenbeck process X.(¢) from (9.3) is a diffusion with

w(t,X.(1) =cX.(t) and o (t,X.(t))=1.

For this purpose we define as an auxiliary quantity the process

X = /0 te‘“dW(s),
or
dX(t) = e “"dW(z).
With this variable we define the function g such,

g, X) = X,
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that it holds for the OUP:

Xe(t) = g(1.X(1)) = €“X(1).

With the derivatives

dg(t, X) _ ool ag(t, X) _ 02g(1, X) _
ot ’ x ’ 0x2

it follows from Corollary 11.2:

dX.(t) = ce”X(t)dt + e“dX(t) + 0
= cX.()dt + dW (1),

where dX (1) was substituted. H

Further examples for practicing Corollary 11.2 can be found in the problem section.

K-Variate Diffusions
Concerning the contents, there is no reason why Proposition 11.2 should be written
just with two processes. Let us consider as a generalization the case where g depends
on K diffusions, all of them given by the identical WP:

g RES R, ie. g=gXi,....Xx) €R.

Then it holds with dX;(z), k = 1,...,K, due to a second order Taylor expansion
that:

dg(Xl,...,XK): ka—}— Zzaxkax dX; dX; .

As in the bivariate case, one obtains dX; dX; = oy 0;dt, cf. (11.1). Sometimes, as in
Corollary 11.2, time as a further variable is allowed for,

g0, T]xRK 5 R, ie. g=gtX),....Xx) €R,

and

K 9g | KX 3¢
dg(t,Xl,...,XK)—— 27 Xt D) - dXy dX; .
— :
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11.4 Generalization for Independent WP

We keep to the multivariate generalization, however, allowing for several, stochas-
tically independent Wiener processes behind the diffusions.

The General Case

Now, Wi(¢),...,Ws(t) denote stochastically independent standard Wiener pro-
cesses. We allow for d factors driving each of the K diffusions. According to this, let
X(f) be a K-dimensional diffusion! X'(f) = (X{(¥), ..., Xk(t)), defined by d factors
Wi@),j=1,....,d:

d
dXi(t) = p(Ddt + Y og(dWi(r). k=1.....K.
j=1

In order to have a diffusion, it holds for w; and oy; that they may only depend on
X(¢) and t:

we(@®) = we(t,X(@), k=1,...K,
oy() = oy (1, X(1), k=1,...K, j=1,...d.

For a function g, which maps X(¢) to the real numbers, Ito’s lemma reads as follows,
cf. @ksendal (2003, Theorem 4.2.1).

Proposition 11.3 (Ito’s Lemma (Independent WP)) Let g : RK — R be twice
continuously differentiable with respect to all the arguments, and let Xi(t) be
diffusions on [0, T] depending on d independent Wiener processes:

d
dXi(t) = pe(Ddt + Y o (dWi(r). k=1.....K.
j=1

Then it holds for X' (t) = (X1(¢), ..., Xk(t)) that

a 9?
dexio = 30 X B )+ 5 vy LD i)
k=1 i=1 k=1

!For vectors and matrices, the superscript denotes transposition and not differentiation. Further,
the dimension d of the multivariate Wiener process should not be confused with the differential
operator denoted by the same symbol.
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with
d
dXi(dXi(t) = > 0;(H)oy (). (11.3)
j=1

Heuristically, (11.3) can be well justified. For this purpose we consider vectors of
length d:

o1 (1) Wi (1)
o) = : ,k=1,....,K, and W(t) = : ,

o1 (0) Wit
such that
dXi(t) = we(t)dt + o ()dW(1) .
Neglecting the dependence on time, it follows

dX; dXy = pi i (d0)* + p; o [ dW(t)dt + py o} dW(1)dt
+adW(t)a ', dW (1)
= o, dW(1)dW'(t)o

due to (see Proposition 10.8)
(d)*=0 and dW;(dt =0
and
0 dW(1) = (0;dW(1)) = dW' ().
Let us consider the matrix

@Wi(t)>  dWi(t)dWs (1) ... dW,(t)dWy(t)
e sz(t):dWI(t) (sz:(t))z ..:.dWZ(t):de(t)
de(t)'dWl 6) de(t)‘dWZ(t) (dWL;(t))2
As is well known, it holds due to (10.7) that:

(dW;(1)* = dt.
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Furthermore, it can be shown for stochastically independent Wiener processes that
dW;(t)dWi(t) =0, iF#k.

Overall, we hence obtain
AW () dW' (t) = 1,dt,
with the d-dimensional identity matrix /;. All in all it follows

dX;(t)dXy (1) = o'(1) 1,dt o ()
= o.(t)o (1) dt,

which is given in (11.3).

The 2-Factor Case

Let us consider the case K = d = 2. Then, Proposition 11.3 becomes more clearly

a 02
BX0) =Y D + 3 ZZ TEXD) . oyax,)

k=1 i=1 k=1 BX 3X
with
dXidX; = (o7, + op)dt,
dX,dX, = (0}, + 03,)dt,
and

dX,1dX, = (011021 + 012022)dt.
Two interesting special cases result:

1. 012 = 022 = 0 (one-factor model),
2. 012 = 071 = 0 (independent diffusions).

The first case naturally corresponds to the one from the previous section: Both
diffusions only depend on the same WP. The second case is the opposite extreme
where both diffusions depend only on one or other of the two stochastically
independent processes:

dXi(t) = pwe()dt + o ()dWi (1), k=1,2.
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We want to discuss both borderline cases based on two examples.

Example 11.5 (2-Factor Product Rule) Proposition 11.3 with K = d = 2 yields
with the derivatives from Example 11.3 as product rule:

dX1 Xp) = XpdX) + X1 dX, + dX, dX; . (11.4)
In the borderline case of only one factor, naturally the result from Eq.(11.2) is
reproduced. In the second borderline case of stochastically independent diffusions,
however, it holds, as in the deterministic case, that
dX, Xz) =XodX, + X1 dX> .
Without restrictions (11.4) reads as follows:

d(X1X2) = XodX, + X1 dX> + (011021 + 012022)dt .

The example illustrates that a proper application of Ito’s lemma needs to account
for the number of factors underlying the diffusions. W

Example 11.6 (2-Factor Quotient Rule) For X,(f) # 0 and

Xi
1 2 XZ
we obtain:
dg - dg _
— =X, = =-XX2
90X 2 0X, 142
Pe_o Do _yxs P8 4o
X2 X2 29X 0x, 2

Hence Proposition 11.3 yields with K = d = 2 suppressing the arguments:

d (&) _ X, dX, — X, dX, " X1 X2_1(0'221 =+ 0'222) — (0'110'21 =+ 0'120'22) At
X)) X? X3 ‘

(11.5)
If X is a deterministic function (07, = 022 = 0), then the conventional quotient
rule is reproduced. W
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11.5 Problems and Solutions
Problems

11.1 Prove part (a) from Example 9.1.
Hint: Choose g (¢, W) = t W in Corollary 11.2 or in (11.2).

11.2 Prove part (b) from Example 9.1.
Hint: Choose g (t, W) = (1 —¢) W in Corollary 11.2 or in (11.2).

11.3 Prove part (b) from Proposition 9.1 (integration by parts).
Hint: Choose g (t, W) = f() W in Corollary 11.2 or in (11.2).

11.4 Prove statement (a) from Proposition 9.4 with Ito’s lemma.
Hint: Choose g (1, W) = e “W.

11.5 Prove for the OUP from Proposition 9.4:

2 — —C TZS )
() — 1) /OXC()d

! 1
/0 XC(S) dW(S) = E

Note that for ¢ = 0 (WP) this reproduces (10.3).
Hint: Choose g(X.(t)) = X2(¢) in Ito’s lemma.

11.6 Determine the differential of W(r)/e"® according to the one-factor product
rule (11.2).

11.7 Determine the differential of W(z) /" directly from Corollary 11.1.

Solutions
11.1 For the proof we use Corollary 11.2 with
g(t, W) =W,

The derivatives needed read:

2
I, W) _ W, dg(t, W) _ : gt W) _ 0.
ot oW EYE

Hence, one determines with Corollary 11.2:

d(W(t)) = W(b)dt + tdW (r) + g
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Due to g(0, W(0)) = 0, we obtain as an integral equation

tW() = /Ot W(s)ds + /Otde(s),
which was to be shown.
11.2 Asin Problem 11.1 we consider
gt W) = (1-HW
with

W) _ o s W)

= (-
o C Ty U0

aw?

Therefore, substitution into Corollary 11.2 yields
0
d((1—=0W(@) = —-W(@)dt + (1 —t)dW(r) + 5

As W(0) = 0 with probability one, it follows that

(1—nW() = — /0 W(s)ds + /0 (1 — 5)dW(s),

which was to be shown.

11.3 As an adequate function g we choose

gt W) =f(W,

where f(7) is deterministic. Then, Corollary 11.2 is used with

dg(t, W) o _
T SOV Ty =10 s

This yields for the differential:

0
dg(t, W(@) = f (OW@)dt + f()dW (1) + 5

In integral notation this reads

£t W(1) = (0. W(0)) + /0 F(5)W(s)ds + /0 FEAWs).

gt W
s W) _ o

ag(t, W) 02g(t, W) —o

255
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As W(0) = 0 with probability one, we hence obtain the desired result:

FOW@) = / F(5)W(s)ds + / FAW(s).
0 0
11.4 If one chooses g(t, W) = e~ “'W with

0. W) _ oy 08GW) o W)
ot ' ow ow? '

’

then Corollary 11.2 allows for the following calculation:
d(e™"W(t)) = —ce "W (t)dt + e “"dW(t),

ie.
e W) = W(0) — c/te_”W(s)ds + /te_”dW(s)
0 0

or

t

t
W(t) = —ce” / e “W(s)ds + e / e “dW(s)

0 0

t
= —ce” / e “W(s)ds + X.(t).

0

Rearranging terms completes the proof.
11.5 With the function g(X.) = X? and its derivatives,
g/(Xc) =2X,, g//(Xc) =2,

Proposition 11.1 can be applied. We know that X.(f) is a diffusion with (see
Example 11.4):

dX.(t) = cX.()dt + dW(1).
Plugging in into Proposition 11.1 shows:
) 2
dX;(t) = 2X.(t)dX.(t) + Edt

= (2cX2(t) + D)dt + 2X.(£)dW ().
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With starting value X.(0) = O this translates into the following integral equation:

X2(1) = /0 [(ZCXf(s) + lds + 2 /0 rXC(s)dW(s).

This is equivalent to

t _l 2 t ~ t 5
/OXC(s)dW(s)— 5 (Xc(t) /Ods) C/O X (s)ds,

which amounts to the claim.

11.6 We define
Xi(0) = W), X =",
and we are interested in the differential of the product. In order to apply the one-

factor product rule, we need the differentials of the factors. For X it obviously holds
that: dX; = dW. For e~ Example 11.2 yields

—Ww
dX, = de " = —eVaw + ert.

Hence, we have
o) =1, o) =—-e"0.
Plugging in into the product rule (11.2) yields:
d (We™™) = e VdX, + WdX, — e " at

-w
— e Vaw + w (—e—WdW n ert) —e s
W
=V (? - 1) dt+e (1 —W)dw.

11.7 As g(W) = eﬂw is a simple function of W, Corollary 11.1 yields a direct
approach to the differential. For this purpose, we only need the derivatives (quotient
rule):

, eV —weW 1-Ww
W) =—w—=—w

-1 -we¥Y w-2
” _ —
g (W) - €2W - w

e
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1

Thus, it follows from Ito’s lemma that

w 1
d (_W) = gl(W) dW“r‘ —g//(W) dt
e 2

W W2
eV 2eV

dt
w
=W (7 — 1) dt+e V(1 —W)dw.

Of course, this result coincides with the one from the previous problem.

Reference

Ito’s Lemma

@ksendal, B. (2003). Stochastic differential equations: An introduction with applications (6th ed.).

Berlin/New York: Springer.
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12.1 Summary

In the following section we discuss the most general stochastic differential equation
considered here, whose solution is a diffusion. Then, linear differential equations
(with variable coefficients) will be studied extensively. Here we obtain analytical
solutions by Ito’s lemma. We discuss special cases that are widespread in the
literature on finance. In the fourth section we turn to numerical solutions allowing
to simulate processes. The sample paths displayed in the figures of Chap. 13 are
constructed that way.

12.2 Definition and Existence
After a definition and a discussion of conditions for existence, we will consider the
deterministic case as well. Deterministic differential equations are embedded into
the stochastic ones as special cases.
Diffusions
We defined the solution of

dX(t) = p(®)dt + o(r) dW(z)

as a diffusion process, where ((7) and o (¢) are allowed to depend on ¢ and on X(¢)
itself. As the most general case of this chapter we consider diffusions as in (10.6):

dX(t) = n(t,X@)dt +o(t,X())dW(), te][0,T]. (12.1)

© Springer International Publishing Switzerland 2016 261
U. Hassler, Stochastic Processes and Calculus, Springer Texts in Business
and Economics, DOI 10.1007/978-3-319-23428-1_12
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The solutions' of such differential equations can also be written in integral form:

t

X(r) = X(0) + /Ot,u(s,X(s)) ds + /0 a(s,X(s))dW(s), te€][0,T]. (12.2)

Under what conditions is such a definition possible? In other words: Which
requirements have to be met by the functions u(#, x) and o (¢, x), such that a solution
of (12.1) exists at all — and uniquely so? This mathematical aspect is not to be overly
deepened at this point, however, neither is it to be completely neglected. We consider
stronger but simpler sufficient conditions than necessary. For a profound discussion
see e.g. Pksendal (2003). The first assumption requires that u and ¢ are smooth
enough in the argument x:>

(E1) The partial derivatives of u(t, x) and o (t, x) with respect to x exist and are
continuous in x.

Secondly, we maintain a linear restriction of the growth of the diffusion process:
(E2) There exist constants K| and K, with

(@0 + ot x)| < Ky + Kz|x| .
And finally we need a well defined starting value, which may be stochastic:
(E3) X(0) is independent of W(t) with E(X*(0)) < oo.

Under these assumptions @ksendal (2003, Theorem 5.2.1) proves the following
proposition.

Proposition 12.1 (Existence of a Unique Solution) Under the assumptions (E1)
to (E3), Eq.(12.1) has a unique solution X(t) of the form (12.2) with continuous
paths and E(X?(t)) < oo.

The assumption (E3) can always be met by assuming a fixed starting value. The
second assumption is necessary for the existence of a (finite) solution while (E1)

!Strictly speaking, this is a so-called “strong solution” in contrast to a “weak solution”. For a weak
solution the behavior of X(r) is only characterized in distribution. We will not concern ourselves
with weak solutions.

2Normally, one demands that they satisfy a Lipschitz condition. A function f is called Lipschitz
continuous if it holds for all x and y that there exists a constant K with

[fe) —fOI = Klx—yl.

We can conceal this condition by requiring the stronger sufficient continuous differentiability.
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guarantees the uniqueness of this solution. This is to be illustrated by means of two
deterministic examples.

Example 12.1 (Violation of the Assumptions) We examine two examples known
from the literature on deterministic differential equations where o(¢,x) = 0.
Similar cases can be found e.g. in @ksendal (2003). In the first example we set

(e, X (1) = X*(0):
ax() = X*@)ydr, X0)=0,:>0.

We define for an arbitrary a > 0 infinitely many solutions:

o , t<a
Xa(t) = (t—a)3

57 t>a.

By differentiating one can observe that any X, (¢) indeed satisfies the given equation.
The reason for the ambiguity of the solutions lies in the violation of (E1) as the
partial derivative,

au(t, x) _ 2 —1/3
=_x
ox 3

’

does not exist at x = 0.
The second example reads for u(t, X(£)) = X*(t):

dX(r) = X*(t)ydt, X0)=1,re[0,1).
Again, by elementary means one proves that the solution reads
X=01-0"", 0<r<1,
and hence tends to oo for + — 1. The reason for this lies in a violation of (E2): The
quadratic function p(z, x) = x? cannot be linearly bounded. M
Linear Coefficients

In order to be able to state analytical solutions, we frequently restrict generality and
consider linear differential equations:

dX(t) = (c1() X(@) + c2(1)) dt + (01(t) X(t) + 02(¢)) dAW(r), t>0, (12.3)

where the variable coefficients ¢;(f) and o;(¢), i = 1, 2, are continuous deterministic
functions of time. Here, X(f) enters 1 and o just linearly. Obviously, the partial
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derivatives from (E1) are constant (in x) and thus continuous. In addition, one
obtains a linear bound:

@ 0] + o0 < [er@] x| + 2] + |or (@] |x] + [02(0)]
= (ler@] + o1 ] |x[ + (2] + |o2()])
<K, |x| +K;.
As ci(¢) and o;(t) are continuous in ¢ and hence bounded for finite #, positive
constants K; and K> can be specified such that the inequality above holds true.
Therefore, (E2) is satisfied. Therefore, a unique solution exists for linear stochastic
differential equations. What is more: Ito’s lemma will allow as well for the
specification of an explicit form of this analytical solution from which one can
determine first and second moments as functions of time. The next section is

reserved for studying equation (12.3). Before, we consider the borderline case of
a deterministic linear differential equation.

Deterministic Case

By setting 01 (f) = 0,(f) = 0 in (12.3), we obtain a deterministic linear differential
equation (in small letters to distinguish from the stochastic case),

dx(t) = (c1(®) x(®) + c2(2)) dt, t>0, (12.4)
or as well
(1) = 1)) x(t) + e2(0) .

Frequently, one speaks of first order differential equations, as only the first derivative
is involved. As is well known, the solution reads (see Problem 12.1)

t
x(6) = 2(1) |:x(0)+ / c2(s) ds:| (12.5)
o z(s)
with
t
z(r) = exp{/ c1(s) ds} . (12.6)
0
For ¢;(f) = 0 one obtains from (12.4) the related homogeneous differential

equation (with starting value 1),

dz(t) = c1(®) z(t)dt, z(0) =1,
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which just has z(f) from (12.6) as a solution. The following example presents the
special case of constant coefficients.

Example 12.2 (Constant Coefficients) In the case of constant coefficients,
c1(t) = ¢y = const, c¢,(t) = c; = const,

the solution from (12.5) simplifies, see Problem 12.1:
o1t ) —cit
x(t) = ! [x(O)—}—— (l—e l)i|
c

= eV [x(O) + 2i| 2,
c

1 C1

Hence, for negative values of ¢ it holds that the equation is stable in the sense that
the solution tends towards a fixed value:
t—>00 (&)

xt) — ——=u, c<0.
C1

Basically, one can already observe this from the equation itself:

dx(t) = (c1x(t) + c2) dt
= ¢ (x(t) — ) dr.

Namely, if x(7) lies above the limit w, then the expression in brackets is positive and
hence the change is negative such that x(r) adjusts towards the limit . Conversely,
x(t) < p causes a positive derivative such that x(¢) grows and moves towards the
limit. All in all, for ¢; < 0 a convergence to p is modeled. H

In the following, we will see that the solution of the deterministic linear equation
is embedded into the stochastic one for o, (f) = 0,(¢) = 0.

12.3 Linear Stochastic Differential Equations

For the solution of the equation (12.3) we expect a similar structure as in the
deterministic case, (12.5), i.e. a homogeneous solution as a multiplicative factor
has to be expected. Hence, we start with the solution of a homogeneous stochastic
equation.
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Homogeneous Solution

For ¢;(tf) = 0,(f) = 0 one obtains from (12.3) the corresponding homogeneous
linear equation. In doing so, we rename X and choose 1 as the starting value’:

dZ(t) = c1(t) Z(t) dt + o1 ()Z(t) dW(t), Z(0) = 1. (12.7)

Now, Ito’s lemma (Proposition 11.1) is applied to g(Z(r)) = log(Z(t)). Thus, we
obtain as the solution of (12.7),

Z(t) = exp%/o (cl(s) —(71 (s)) ds—i—/o o1(s) dW(s)} , (12.8)

see Problem 12.2. Hence, for o;(f) = 0 the deterministic solution from (12.6)
is reproduced. The solution with an arbitrary starting value different from zero
therefore reads

X (1) = X(0) exp %/ (cl(s) — -0 (s)) ds + /0 o1(s) dW(s)} .

General Solution

Let us return to the solution of equation (12.3). Now, analogously to the determin-
istic case (12.5), let us define Z(f) from (12.8) as a homogeneous solution. At the
end of the section we will establish the following proposition whilst applying two
versions of Ito’s lemma. Two interesting, alternative proofs will be given in exercise
problems.

Proposition 12.2 (Solution of Linear SDE with Variable Coefficients) The solu-
tion of (12.3) with in t continuous deterministic coefficients is

fe2s) —a1(8)oals) n / " 02(s)
0

X)) =Z@) [X(O) + /0 Z(5) Z(s)

dW(s)} (12.9)

with the homogeneous solution

Z(t) = exp%/o (cl (s) — —(71 (s)) ds +/0 o1(s) dW(s)} .

3The renaming justifies the assumption regarding the starting value. Consider
dX() = () X0 dt + o1()X (@) dW(t), X(0) #O0,

with a starting value different from zero, then by division one can normalize Z(t) = X(r)/X(0).
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For 01(f) = o02(f) = 0 we again obtain the known result of a deterministic
differential equation, cf. (12.5).

Expected Value and Variance

The process defined by (12.3) reads in integral notation

X(0) = X(0) + /0 (1(5) X(5) + 2(s)) ds + /0 (01(5) X(s) + 02(s)) dW(s).
Let us define the expectation function as

(1) == EX(@®),

then it holds due to Propositions 8.2 (Fubini) and 10.3 that:
t
pi(r) = E(X(0)) + / (c1(s) E(X(5)) + c2(s)) ds + 0
0

— (0) + /0 (c1(5) 11 () + e2(s)) ds.

This corresponds exactly with the deterministic equation (12.4). Hence, the solution
is known from (12.5) and one obtains the form given in Proposition 12.3. The
derivation of an expression for the second moment is somewhat more complex,

pa(t) := E(X*(1)
see Problem 12.3.

Proposition 12.3 (Moments of the Solution of a Linear SDE) Under the
assumptions of Proposition 12.2 it holds that

pi(t) = z(r) |:p,1(0)+/0 CZ—(s)ds:| , 2t = exp{/o cl(s)ds} (12.10)

z(s)
and
. " ya(s) _ !
pa(t) = (1) [Mz(o) + o) dS:| . L= exp{/o Vl(S)dS} . (12.11)

where

yit) =2c1(t) + o),  ya(t) =2 [e2(t) + 01(t) 02(D)] pa(t) + 05 (1) .
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Example 12.3 (Homogeneous Linear SDE (Constant Coefficients))  Since the
works by Black and Scholes (1973) and Merton (1973) one assumes for the stock
price X(¢) the model of a homogeneous linear SDE with constant coefficients (and
starting value X (0), cf. (1.3)):

dX(t) = a1 X(t)dt + 01 X(#) dW () .

The solution resulting from (12.9) or rather from Proposition 12.2 is a geometric
Brownian motion,

X(r) = X(0) exp{ (c1 - %012) t+ 0 W(t)} .

This process has already been discussed in Chap.7. With the generally derived
formulas we can now recheck the moment functions from (7.9). Proposition 12.3
yields (see Problem 12.4)

pi(r) = p1(0) exp(cr 1) ,
12(t) = p2(0) exp {(2¢1 +a7) 1} .
Now, assume a fixed starting value X(0). Then, it holds that
p1(0) = X(0) and 112(0) = X*(0),
and hence

Var(X(1)) = pa(1) — 3 (1)
= X*(0) exp (2¢; 1) (exp (012 t) - 1) .

With X(0) = 1, u = ¢ — %012 and 0 = o7 this corresponds to the notation from

Chap. 7. The moments from (7.9) are indeed reproduced. W

Inhomogeneous Linear SDE with Additive Noise
For c,(f) # 0 the linear SDE is inhomogeneous. However, at the same time the
increments of the Wiener process (“noise”) enter into (12.3) additively, i.e. 01(¢) =

0:

dX(t) = (c1(t) X(t) + c2(8)) dt + 02(1) dW (1) . (12.12)
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The solution results from (12.9) in Proposition 12.2 as

X(®) = z(1) |:X(0)+ / 2(()) s + / C?(()) dW (s )} (12.13)

where z(f) is a deterministic function:

z(t) = exp{/o c1(s) ds} .

Note that X (7), as a Stieltjes integral, is a Gaussian process due to Proposition 9.2. Its
moments result correspondingly (for a fixed starting value X(0)). We collect these
results in a corollary.

Corollary 12.1 (Additive Noise) The solution of (12.12) with in t continuous
deterministic coefficients is given by (12.13). The starting value X(0) be determin-
istic. Then, the process is Gaussian with:

. " ea(s) _ !
ni(t) = z(t) |:X(O) +/O 2®) dsi| .oz = exp{/o c1(s) ds} , (12.14)
Var(X(1)) = 2(1) / (“2( )) ds. (12.15)

We illustrate the corollary with the following example.

Example 12.4 (Convergence to Zero) As a concrete example, let us consider the
process given by the following equation with starting value 0:

_ dw (1)
dX(t) = —X(@) dt + T

This equation is a special case of additive noise as it holds that o;(f) = 0. The
remaining coefficient restrictions read:

t>0, X(0)=0.

ci(t) =—1, () =0, o02(t) =

1
Vit
What behavior is to be expected intuitively for X ()? The volatility term, o, (¢), tends
to zero with 7 growing; does this also hold true for the variance of the process? And
c1(f) = —1 implies that positive values influence the change negatively and vice

versa; does the process hence fluctuate around the expectation of zero? In fact, we
can show that the process with vanishing variance varies around zero and therefore
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converges to zero.* For this we need the first two moments. These can be obtained
from (12.14) and (12.15):

E(X(r) =0,
t 2s
ds.

Var(X (1)) = e_z’/o 15

What can be learned from this about the variance for ¢ increasing? In Problem 12.7

we show
t eZS eZt
/ ds < —1.
0 1+s 1+t

Then, this proves Var(X(r)) — 0 for t — oco. Hence, it is obvious that X(¢) indeed
tends to zero in mean square. W

Proof of Proposition 12.2

With the homogeneous solution

t 1 t
Z(t) := exp {/ (cl(s) ~5 olz(s)) ds + / 01(s) dW(s)} ,
0 0
of
dZ(t) = c1(t) Z(t) dt + o1 () Z(t) dW(2)
we define the two auxiliary quantities
Xi() =210, X0):=X().
Note that X(7) is the process defined by (12.3) such that the differential of X,(¢) is
shown in (12.3). The proof suggested here uses the product rule for d (X, (¢) X»(7)).
However, for a valid application the derivation of dX; () is necessary as well.
As a first step we use Ito’s lemma in the form of Proposition 11.1 in order to

determine the differential for X, (f) with

s@=2", Jd@y=-27?, ¢@=227.

“For this purpose we do not need an explicit expression for the process which, however, can be
easily obtained from (12.13) with X(0) = 0:

_ t eS
Xit)y=e /0 —de(s).
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The differential becomes

() = §Z0)dZ0) + 58P0 of (0 270

_ _cl(t) Z(t)dt + o1 () Z(t) dW (1) z of(t) Z%(1) ,
2

Z2(1) Z3(1)
g —al o
= 70 dt 70 dw(t)

= (07 (1) = c1(0) X1(0) dt — 01(1) X1 (1) AW (1) .

In a second step, we can now apply the stochastic product rule (see Eq. (11.2)) as an
implication of Proposition 11.2 to the auxiliary quantities’:

d(Xi1(0) X2(1)) = Xa(1) dXa2 (1) + Xo(1) dX1 (1)
—(01(0) X2(t) + 02(1)) o1 (1) X1 (2) dt .

If the differentials dX;(¢) and dX;(¢) are plugged in, then some terms cancel each
other such that it just remains:

d (X, (1) X2(1)) = X1(1) (c2(t) d 4 02(1) dW (1)) — 01(2) 02() X1 (1) dt

o -—o (Hoa(2) 0,(2)
= 70 dt + 70 dw(r).
Due to
X030 = 50

it follows by integrating in a third step:

Xt X ! - !

X0 _ X(©) +/ () —01()os) +/ 02(s) AW (s) .
Z@)  Z(O0)  Jo Z(s) o Z(s)

As Z(0) = 1, we have established (12.9) and hence completed the proof. Two
alternative proofs, which are again based on Ito’s lemma (or implications thereof),
are covered as exercise problems.

SThere is the risk of confusing the symbols o;, i = 1,2, from Eq.(12.3) with the ones from
Eq. (11.1). Note that the volatility of X; (i.e. “0;”) is given by —o; X; while the volatility term
“0,” of X, just reads 07 X, + 05!
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12.4 Numerical Solutions

Even if an analytical expression for the solution of a SDE is known, numerical
solutions in the sense of simulated approximations to paths of a process are of
interest. Such a simulation of a solution is, on the one hand, desired for reasons
of a graphic illustration; on the other hand, in practice a whole family of numerical
solutions is simulated in order to obtain a whole scenario of possible trajectories.

Euler Approximation

The interval [0, 7] from (12.1) is divided w.l.0.g. in n equidistant intervals of the
length % The corresponding partition reads:

T
O=fp<fhi=—<...<ti=—<...<t,=T.
n n

The theoretical solution from (12.2) of an arbitrary diffusion is now considered on
the subinterval [t,_1,t],i = 1,...,n:

X(6) = X (1) + / " s X () ds + / " (5. X(5)) AW

This allows for the following approximation® as it is discussed e.g. in Mikosch
(1998):

X () ~ X (timy)
[ nex e dst [ o X awe.
i—1 i—1
which can also be written as:
X (1) ~ X (ti-1)

X () © 0 e X ) (W ) = W ()

For this purpose

ti T ti
/ ds=1t—ti_y = — and / dW(S) = W(ti) — W(Z‘i_l)
ti—1 n li—1

SIn the literature, one speaks of an Euler approximation. An improvement is known under the
keyword Milstein approximation. In order to explain what is meant by “improve” in this case, one
would have to become more involved in numerics.
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was used. Hence, we have a recursive scheme. Given X, = X(0) one calculates for
i=1:

T T
X1 = Xo + (0, Xo) — 0(0, Xo) (W (;) - W(O)) ,
and in general, fori = 1,...,n:
T
Xi = Xi—1 + 1 (ti—1, Xi—1) - + 0 (ti-1, Xim1) (W (t) — W (ti-1)) . (12.16)

Thus we obtain n observations X; (i.e. n + 1 observations including the starting
value), with which a path of the continuous-time process X (7) on [0, 7] is simulated.
However, this simulation requires Gaussian pseudo random numbers in (12.16),

W(t) — W (tiey) = W(%) —W(w) ~ iN (o, g) .

n

For this purpose, a series of stochastically independent (0, %)-distributed random
variables ¢&; need to be simulated instead of W(z;) — W(t;,—;), in order to obtain a
numerical solution X;, i = 1,...,n for the diffusion X(¢) from (12.2) according
to (12.16). Naturally, with n growing the approximation of a numerical solution
improves.

12.5 Problems and Solutions

Problems

12.1 Show that the function given in (12.5) solves the deterministic differential
equation (12.4). How does it look like in the case of constant coefficients?

12.2 Show that Z(¢) from (12.8) solves the homogeneous SDE (12.7) with Z(0) =
1.
Hint: See the text.

12.3 Prove (12.11) from Proposition 12.3.
Hint: Determine for g (X()) = X?(¢) an expression with Ito’s lemma.

12.4 Derive the expectation and the variance of the geometric Brownian motion
with Proposition 12.3,

X (1) = X(0) exp{ (cl — %012) t+ oy W(t)} .
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12.5 Determine the process X (¢) for which it holds that:
dX(t) =X@)dwW(), X@0)=1.
Hint: Proposition 12.2.

12.6 Find the solution of

X
dX(t) = @) dt + W) ,
I+t 1+1

for X(0) = 0. Show that it tends to zero in mean square.
Hint: Proposition 12.2.

12.7 Show for the Example 12.4:

t eZS eZt
/ ds < -1
0 1+s 1+t

12.8 Determine the solution of

X(t
dX(t)=—£dt+dW(t), 0<t<1,

with X(0) = 0. Show that Var(X(¢)) = (1 — 1) ¢ and hence that X(¢) tends to zero in
mean square for + — 1. (This reminds us of the Brownian bridge, see (7.6). In fact,
the above SDE defines a Brownian bridge, cf. Grimmett & Stirzaker, 2001, p. 535.)

12.9 Prove Proposition 12.2 by directly applying Proposition 11.2.
Hint: Choose g(X,Z) = X/Z.

12.10 Prove Proposition 12.2 with the quotient rule from (11.5).
Hint: First derive the quotient rule for the one-factor case (d = 1) as a special case
of (11.5).

Solutions

12.1 The solution from (12.5) reads

x(t) = 2(1) |:x(0) n /0 C;((SS)) ds:|
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with

z(t) = exp{/o cl(s)ds} .

Let us define the square bracket as b(7):

b(r) = [x(O) + /0 C;((SS)) ds} = ’Z%

and

b)) = CZZ(—E;)

The derivative of z(¢) is

t
20 =awen | [ awad =a0:o,
0
Hence, the product rule yields:

X (1) = () b(t) + 2(1) b (1)
_ x(1) (1)
= c1(1) z(?) 20 +2(1) 20

= c1(t) x(1) + c2(1)

which just corresponds to the claim.
In the case of constant coefficients, x() from (12.5) with z(r) = ¢“!' becomes:

x(1) = eV[x(0) + c» /Ote_"”ds]

= ¢V[x(0) = (e = 1)

= et (x(O) + c_z) - 2
¢

C1
12.2 For Z(t) from (12.7) it holds that
dZ(t) = u(t, Z(@))dt + o (¢, Z(1))dW(z)
with

p(t. Z(n) = c/(0Z@), o1 Z(n) = 01 ()Z(1).
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Therefore, Proposition 11.1 yields:
1
dg(Z(1) = g'(Z(1)dZ(1) + Eg”(Z(t))Uz(t, Z(1))dt.
With
/ 1 v 1
g() =loglv), g = g =

we hence obtain

w(t, Z(@0)dt + o (t, Z())dW(t) 102t Z(1))
Z(1) 2 22

0,
2

dlog(Z(1)) =

= ci(t)dt + o1 ()dW () —

Integration yields

2
1%@@%ﬂ@ﬂ®+/(jo— m) /aﬂMWﬂ

Because of Z(0) = 1, the exponential function yields as desired:

t 2 t
Z(t) = exp {/0 (cl(s) — Glz(s)) ds + /0 o1 (s)dW(s)} .

12.3 Proposition 11.1 with

g =2, gw=2x g'&=2
is applied to X? where the differential dX(f) is given by Eq. (12.3). This leads to

dX?(t) = 2X(0)dX (1) + (o1 ()X (1) + 02(1))?dt
= [2X() (c1(OX(1) + 2(2)) + (01()X (1) + 02(1))’]dt
+2X(1) (01 (D)X (1) + 02(£))dW (7).

As an integral equation this reads as follows:
X0 = X0+ [ [26) @OXO) +e20) + @X0) +0:09)7] s

+2 /0 X(5)(01(8)X(s) + 02(5)dW(s).
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The expectation of the second integral is zero due to Proposition 10.3. The

expectation of the first integral results due to Fubini’s theorem as

/ t E [2¢1()X2(s) + 2¢2(5)X(5) + 07()X>(s) + 2071(5)02(5)X (5) + 05 (s)] ds.
0

With the definition of w|(s) and pu,(s) it thus follows that

wa(t) = u2(0) +/0 [(2 ci(s) + olz(s)) uz(s)] ds

42 /0 [(c2(s) + 01() 02(s)) 11 (s) + o2 (s)] .

In differential notation this equation reads

dpa(t) = (y1(1) ua(t) + y2(1) dt,

where the functions y;(f) and y,(¢) in the proposition following (12.11) were
adequately defined. Therefore, the second moment results as the solution of a
deterministic differential equation of the form (12.4). Its solution can be found

in (12.5). Hence, the proposition is verified.

12.4 The geometric Brownian motion solves the homogeneous linear equation with

constant coefficients:

c(t) = 03(f) =0, c¢1(t) =cy =const.,, o(t) = 07 = const.

For a stochastic starting value it holds that:

11(0) = E(X(0)),  p2(0) = E(X*(0)).

By plugging in, Proposition 12.3 yields

i) = €[u1(0) + 0] = p1(0) exp(ci) .

With the definitions from Proposition 12.3 one determines

yi)=2ci+of =y and y (1) =0.

Hence, substitution yields

pa(t) = €' [12(0) 4 0] = 12(0) exp(y17) .
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Thus, the variance is calculated as

Var(X(1)) = pa(t) — p3 (1)
= 112(0) exp{(2c1 + o)t} — uj(0) exp{2cit}.

12.5 The equation at hand is linear with
ci(t) =c(t) =0, o02(1) =0.
Furthermore, it holds that
o(t) =1.
Therefore, the solution deduced from Proposition 12.2 reads:
X(1) = Z(1)[X(0) + 0]
with
Z(6) = exp {—% + W)
In particular for X(0) = 1 (analogously to ¢” = 1) it hence holds that:

X(f) = exp {W(t) — %} .

Due to the analogy to de’ = e’ dt with ¢ = 1 this process X(¢) is sometimes called
“Ito exponential”. It is noteworthy that the Ito exponential is not given by exp{W(7)}.

12.6 The equation is linear, see Eq. (12.3), and corresponds to the special case of
additive noise, cf. (12.12), i.e. 01(¢) = 0. The remaining coefficients read:

1
ci(r) = r—t () =0, o) = T

Hence, the expression for the solution from (12.13) yields with X(0) = 0:

! 1
X([) = Z(l)/o de(S),

where

7(t) = exp { — /Ot(l + s)_lds}

= exp{—[log(1 + 5)];}
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= exp{—log(l + 1) + 0}

1 1
= log — ! = —
o foe (7 ) = 7

Since 0,(#)/z(t) = 1, the solution simplifies radically:

1 ! W(t
X = —/ dW(s) = ﬁ
141t 0 1+1¢
For this solution it obviously holds that:
E(X() =0
t
Var(X(t)) = m — O, — OQ.

Thus, for r — oo we have established
MSE (X(7), 0) = E[(X(t) — 0)>] = 0

which just corresponds to the required convergence in mean square.

12.7 In order to prove the inequality claimed, we define the function

1 e*
89 = 21 + s
with the derivative (quotient rule)
eZs 1 eZs

g(s) =

T+s 2(1+s)2

Let us call the integral of interest /,

t e2s
I:/ ds.
0 1+

Then it follows

t 1 t eZS
I = /sds—l-—/ ———ds
/()g() 2 0 (1+S)2

eZS

1 t
= g() —g(0) + 5/0 mds

< 50~ 5(0) + 5 1
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where the bound follows from (1 4 5) < (1 + s)2. By rearranging terms it results
that

I'=2(g(r) — g(0)).
With the definition of g it follows
o2

(I+0

I =

)

which was to be shown.

12.8 This is again an inhomogeneous linear equation with additive noise:

G = @) =0, o) =0 on=1

With X(0) = 0, X(¢) from (12.13) turns out to be:

X(0) = 2(0) /0 ()™ dW(s)

with
|
z(1) = exp{—/o N _sds}
= exp {[log(1 - 5)]5}
=1-1,
ie.

X(0) = (1— t)/o ﬁdW(s).

Due to ¢ (f) = X(0) = 0, (12.14) yields:
E(X(r)) = 0.
Due to (12.15), the variance is:

1

=32 ds

Var(X()) = (1 - 1)? /0 t

_ 2 1 '
={-9 |:(1—S):|0



12.5 Problems and Solutions 281

IPESCY O S U
=(1-1 (1_t 1)_

- (1—t)2ﬁ .

For t — 1 the variance shrinks to zero such that it holds that X(¢) tends to 0 in mean
square:

MSE(X(), 0) = Var(X(r)) = E[(X(r) — 0)’] — 0.
12.9 The key problem with this exercise is not to confuse the different meanings
of 0,(t),i = 1,2, in Proposition 11.2 and Eq.(12.3). Hence, firstly we adapt
Proposition 11.2 for the processes X (¢) from (12.3) and Z(¥) from (12.7):
dX (1) = p(1) dt + 0x(1) dW (1) ,
pe(t) = 1@ X(@) + c2(t),  0x(t) = 01(1) X(1) + 02(1)
dZ(t) = p:(t) dr + o (1) dW (1) ,

pe(t) = () Z(1) . 0:(1) = 01 (1) Z(2) .

Following the hint, we consider
X
g(X,72) = = xz!

with

ag . 0%g
Sz L
X 0x2

9 92 92
£ — _xz? 8 _oxzy, 25 -2

72 72 © X0z

Hence, Ito’s lemma (Proposition 11.2) yields:
i) =z ax—xz2az+ L o+ xz 02 di— 2%, 0.4
7= - +§[ + o] dt—Z %o 0, dt

=Z X+ c)dt +Z7 (01X + 00) dW — XZ 7%\ Zdt
—XZ7201ZdW + XZ30}Z% dt — 27 (00X + o) 0y Z dt
= (Z_1C2 — Z_10'10'2) dt + Z_10'2 aw.
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Integration yields:

X() _ X(0) N /’ c2(s) — o1(s)o2(s) ds 4 /t 02(s) AW (s)
0 0 .

Z(t)  Z(0) Z(s) Z(s)

If this equation is multiplied by Z(t), then, due to Z(0) = 1, one obtains the desired
result.

12.10 We apply (11.5) with
X=X and X, =7,

where X and Z are driven by the same Wiener process, say W; = W. Then the
one-factor quotient rule is obtained by the following restrictions:

o1 =0, and o1, =0,
oy =0, and o3 =0.

For this purpose, o, and o, were defined in the previous problem. Then, the one-
factor quotient rule yields:

X ZdX —XdZ ~ XZ7'o? — 0,0,
d + . dt

z 7 7
Z(C1X + Cz) dt + Z(O'1X + 0'2) dW — Xc\Zdt — XoZ dW
72
XZ7 10272 — (01X z
i 0 (01X + 02)0y dr
72
Z(C2 —0'10'2) ZO'2
= SE i Ty aW

Gl LN
z z

As before, we obtain the desired result by integration and multiplication by Z(z).
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13.1 Summary

The results from the previous chapter will be applied to stochastic differential
equations that were suggested in the literature for modeling interest rate dynamics.
However, we do not model yield curves with various maturities, but consider the
model for one interest rate only driven by one Wiener process (one-factor model).
The next section starts with the general Ornstein-Uhlenbeck process which has the
drawback of allowing for negative values. Subsequently, we discuss linear models
for which negativity is ruled out. Finally, a class of nonlinear models will be
considered.

13.2 Ornstein-Uhlenbeck Process (OUP)

We have already encountered the standard OUP in the chapter on Stieltjes integrals.
Now, we discuss the general case, which has served as an interest rate model in the
literature on finance.

Vasicek

We now assume constant coefficients for the inhomogeneous linear SDE with
additive noise in (12.12):

c1(t) = c¢1 = const, c3(t) = ¢, = const, 02(t) = 0y = const, o1(t) =0.
This defines the general Ornstein-Uhlenbeck process,

dX(t) = (c1 X(1) + ¢2) dt + o2 dW (1) . (13.1)

© Springer International Publishing Switzerland 2016 285
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According to Corollary 12.1 the solution is
t
X(1) = e [X(O)— @ (e =1) +/ o0 e_C”dW(s)} . (13.2)
C1 0

In particular for ¢c; = 0 and 0, = 1 we obtain the standard OUP with X(0) = 0
from (9.3) in Sect. 9.4. The following equation sheds additional light on the OUP:

dX(1) = ¢1 (X(1) — ) dt + 0, dW(r), with 1= —Z—z . (13.3)
1

In this manner, Vasicek (1977) modeled the interest rate dynamics, cf. (1.7). Due
to (13.2), the solution of this interest rate equation reads:

=[x+ - 1) 5 [ erane].
0

Setting the starting value to i, X(0) = u, then one obtains the form immediately
corresponding to the standard OUP (9.3),

t
X() = p+ e / oy e T dW(s),
0

with expectation . From (12.14) and (12.15) we obtain for an arbitrary fixed
starting value X(0):

pi(t) = E(X(1) = €' X(0) + p (1 —e€) , (13.4)
Varx () = -2 (1— e 13.5
ar(X (1)) = The (1=e7). (13.5)

Particularly the mean value function p|(¢) results as a convex combination of the
long-term mean value p and the starting value X (0). For ¢; < 0, these moments tend
to a fixed value and the process can be understood as asymptotically stationary:

pui(t) — p fore; <0,

2
Var(X(1)) — % forc; <0,
=2 C1

where the limits are taken as + — oo. Processes with this property are also called
“mean-reverting”. The adjustment parameter ¢; < 0 measures the “speed of mean-
reversion”, i.e. the strength of adjustment: The smaller (more negative) c, the more
strongly dX (¢) reacts as a function of the deviation of X(7) from p. If X(f) > u, then
c1 < 0 causes ¢ (X(f) — u) to have a negative impact on X(¢) such that the process



13.2 Ornstein-Uhlenbeck Process (OUP) 287

tends to decrease and therefore approaches j; conversely, it holds that for X (1) < u
the process experiences a positive impulse. Furthermore, one observes the distinct
influence of the parameter c; on the (asymptotic) variance: The smaller the negative
c1, the smaller is the asymptotic expression; however, for a negative c¢; near zero
the variance becomes large and the OUP loses the property of “mean reversion” for
c1 = 0.

Determining the autocovariance function for ¢; < 0 is also useful. We denote it
by y(t,t + h) atlag h:

y(tt+h) =E[X(O) —w@)X(t+h) —m@+h)], h>=0,
t t+h
= E| e =1 JW (. c1(t+h)
|:e fop3 /0 e (s)e 02 /0

= 022 E [XCI (t) XCl (r+ h)] ’

e v dW(s):|

where X, (7) is the standard OUP with zero expectation. From Proposition 9.4 we
hence adopt

2c1t_1

26‘1

y(t,t+ h) = 022 et ¢

2 c1h
_9¢

, 1 —>00.
2C1

Thus, for a large ¢ there results an autocovariance function only depending on the
temporal distance A. All in all, this is why the OUP with ¢; < 0 can be labeled as
asymptotically (+ — co) weakly stationary.

Simulations

In the following, processes with 7 = 20 and n = 1000 are simulated. For reasons
of graphical comparability, the same WP is always assumed, i.e. the 1000 random
variables filtered by the recursion (12.16) are always the same ones.

First, we examine the impact of the adjustment parameter c¢; on the behavior of
the OUP. In Fig. 13.1, 0, = 0.01. As we want to think about interest rates when
looking at this figure, expectation and starting value are chosen to be u = 5 (%).
Here, it is obvious that the solid line deviates less strongly from the expected value
for c; = —0.9 and is thus “more stationary” than the dashed graph for ¢c; = —0.1.
This is evident as the smaller (i.e. the more negative) c;, the smaller is the variance
02 /(—2c,) for t growing.

In the second figure, we have an OUP with the same parameter set-up for
c1 = —0.9, however, with a starting value different from © = 5, X(0) = 5.1.
Furthermore, the expected value function u(f) is given and one can observe how
rather rapidly it approaches the value p = 5 (Fig. 13.2).
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5.04
|

— X1(t) \
- X2 \

4.99 5.00 5.01 5.02 5.03

4.98

4.97
|

I I I I I
0 5 10 15 20

Fig. 13.1 OUP forc; = —0.9 (X;) and ¢, = —0.1 (X) (X(0) = o = 5, 55 = 0.01)

Despite the convenient property of mean reversion, the OUP is only partly
suitable for interest rate modeling: Note that the process takes on negative values
with a positive probability. This is due to the fact that the OUP, as a Stieltjes integral,
is Gaussian:

X(6) ~ N (u1(1), Var(X(0))) -

Subsequent to Vasicek (1977), interest rate models without this drawback have been
discussed.

13.3 Positive Linear Interest Rate Models

For now we stay in the class of linear SDEs, however, we restrict the discussion to
the case in which positivity (more precisely: nonnegativity) is guaranteed.

Sufficient Condition

A sufficient condition for a positive evolution of the solution of a linear SDE is easy
to be specified. For this purpose we naturally consider the general solution from
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— X(t)
--- E[X(1)]

5.04 5.06 5.08
| | |

5.02
|
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4.98
|

T T T T T
0 5 10 15 20

Fig. 13.2 OUP for ¢; = —0.9 and Starting Value X(0) = 5.1 including Expected Value Function
(n =5, 0, =0.01)

Proposition 12.2. Note that Z(t), as an exponential function, is always positive. With
the restriction 0, () = 0 the following diffusion is obtained:

X(0) = 2() [X(O) + /0 ’ CZZ(()) ds] | 13.6)

With a positive starting value and ¢, (f) > 0, a positive evolution of X(¢) is ensured.
The models in this section are of the form (13.6).

Dothan

Let us consider a special case more extensively. Dothan (1978) suggested for the
interest rate dynamics a special case of the geometric Brownian motion:

dX(1) = o X(£)dW(), X(0) > 0.
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With ¢;(f) = 02(¢) = 0 it holds in this case that

X (1) = X(0) exp { (—%of) t+ oy W(t)} )

and hence, the interest rate X(¢) can in fact not get negative. Not X(¢) follows a
Gaussian distribution but log(X(f)) does. Furthermore, in Example 12.3 we have
determined the moments (for a fixed starting value):

p1(H) = X(0) and Var(X(#)) = X*(0) (exp(of ) —1) .

Thus, the variance of the process increases exponentially which is why the model
may not be satisfactory for interest rates.

Brennan-Schwartz

Brennan and Schwartz (1980) suggested another attractive variant. It consists of a
combination of Vasicek (1977) and Dothan (1978); we choose the drift component
just as for the Ornstein-Uhlenbeck process and the volatility just as for the geometric
Brownian motion:

dX(t) = c; (X(t) —pw)dt + 01 X(1)dW(t), X(0)=pu >0, (13.7)

where, for simplicity, the starting value is set equal to u. For ¢; < 0 it holds that
¢ = —ci > 0 such that we have indeed a positive interest rate dynamics. For this
model one can show (see Problem 13.4) that the expected value results just as for
Dothan (1978),

ui () = pn = X(©0),

while it holds for the variance:

2 .2

n-o
r—‘rlo_lz (exp ((2C1 +012)t) — 1) .

Var(X (1)) =
If c; < —0}/2 (i.e. 2¢1 + 07 < 0), then it holds that the variance tends to a fixed
positive value (f — 00):

252
K=oy

2
_Hor o
2¢y —1—012

Var(X (1)) — — forcy < — 5

If the volatility parameter o, is relatively small compared to the absolute value of
the negative adjustment parameter ¢, then the model (13.7) provides a process with
a fixed expected value and an asymptotically constant variance. Again, one speaks
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of “mean reversion”. Interestingly, the variance is not only influenced by o, and
¢ in an obvious manner: The greater o, the greater Var(X(7)), and the greater c
in absolute value, the more strongly or the faster the adjustment happens (and the
smaller is the variance). The parameter © > O from the drift function as well has
a positive effect on the variance. Intuitively, this is obvious: The smaller p (i.e.
the closer to zero), the lesser X () can spread as the process does not get negative;
conversely, it holds that the scope for the variance between the zero line and u
increases with (1 growing.

Simulations

Again, processes with T = 20 and T = 1000 were simulated. For reasons of
graphical comparability, the same WP as in the previous section is assumed, i.e.
the 1000 random variables being filtered by the recursion (12.16) are identical.

In Fig. 13.3 it is obvious how the variance of the geometric Brownian motion
suggested by Dothan (1978) increases with the parameter o;. Although the expected
value is constant and equal to the starting value, long periods are possible and
probable in which the process does not cross the expected value. A more plausible
interest rate dynamics can be observed in Fig. 13.4 for two values of the adjustment

55
|

54

5.3

5.2

5.1

5.0

4.9

Fig. 13.3 Dothan for oy = 0.01 (X;) and o7 = 0.02 (X3) (X(0) = u = 5)
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Fig. 13.4 Brennan-Schwartz for ¢; = —0.9 (X;) and ¢; = —0.1 (X3) (X(0) = pu = 5,0, =
0.01)

parameter c¢;. The values are chosen small enough (relative to o7), such that the
variance remains bounded and converges to a fixed value. It is obvious: The greater
¢ in absolute value, the smaller the variance.

13.4 Nonlinear Models

Chan, Karolyi, Longstaff, and Sanders (1992) [in short: CKLS] considered the
following class of nonlinear equations for modeling short-term interest rates which
is covered in this section:

dX(t) =1 (X(t) —w)dt + o X" ()dW({@), u>0,0<y<1. (13.8)

Thus, the modeling of the drift component always corresponds to the one by Vasicek
(1977). The OUP from (13.1) just results for y = 0 while y = 1 leads to the
just discussed process from (13.7). Noninteger values of y in between provide a
nonlinear interest rate dynamics. The process from (13.8) is sometimes also called
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model with constant elasticity as it holds for the elasticity with the derivative of the
volatility o X7 (¢) with respect to X that:

doX") X
dX oXv

In order to show the interpretation of y as an elasticity, we consider a discretiza-
tion of the CKLS process as for the computer simulation. For this purpose, we define
for discrete steps of the length 1,7 =1,2,...,T:

X=X, &: =AW =WH-Wit—-1).
The discrete-time version of (13.8) hence reads
Ax;=cy (-1 —p) +0x_ e, & ~iN(0,1),
or
X=X ¢ (-1 — @) +ox_&.
For the conditional variance it holds:
2,2y

Var(x;|x,—1) = o°x,_ .

Correspondingly, it holds for the conditional standard deviation that e.g. a doubling
of x,— leads to a multiplication by the factor 27:

v Var (x|X—1) = ox_, for X—j =2x—,

=02"x,
= 2"/ Var (x;|x—1) .

Two simulated paths of the CKLS model are depicted in Fig. 13.5. They only
differ in the elasticity y. It is not surprising that the deviations from p get greater
with a greater y.

Cox, Ingersoll & Ross [CIR]

A particularly prominent representative of (13.8) is obtained for y = 0.5. This
model is often used following Cox, Ingersoll, and Ross (1985):

dX(t) =c; X(t)—p) dt+o VX@)dW(E), w>0,c<0. (13.9)
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Fig. 13.5 CKLS with y = 0.25 (X;) and y = 0.75 (X;) for ¢; = —0.9 X(0) = pu = 5,
o = 0.01)

The conditional standard deviation is modeled as a square root which is why one
also speaks of (13.9) as a “square root process”. Consequently, the conditional
variance of the increments is proportional to the level of the process.

For this nonlinear SDE it can be formally shown, which is also intuitive: If X(¢)
(starting from a positive starting value X(0) > 0) takes on the value zero, then the
variance is zero as well, but the change dX () gets a positive impulse of the strength
—cy p such that the process is reflected on the zero line for . > 0. Insofar the
square root process overcomes the deficiency of the OUP as an interest rate model.
However, an analytical representation of the solution of (13.9) is not known.

Already for the ordinary square root process from (13.9) with o(t,x) = o /x
the condition of existence (E1) from Proposition 12.1 is not fulfilled anymore as the
derivative at zero does not exist. Fortunately, there are weaker conditions ensuring
the existence of a solution of (13.9) — however, they do not guarantee the finiteness
of the first two moments anymore. In order to show that finite moments exist up
to the second order, we would need more fundamental arguments. Instead, we start
with calculating the moments (finiteness assumed).

For reasons of simplicity, assume a fixed starting value equal to w in the
following: X(0) = wu. Then we obtain (see Problem 13.5), as for the OUP, on
average

(D) = EX(0) = eV X(©0) + 1 (1 - ) = .
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Under the assumption on the starting value X(0) = u, for the second moment we
obtain (cf. Problem 13.6)

2

ot i .
pa(t) = p> — —— (1 —e*"),

2C1

from which it immediately follows for the variance

O-ZM (1—@20”‘) N O-ZM
—2c¢ —2¢ '

Var(X(1)) = t— 00,

The asymptotic variance for + — oo hence coincides with the one of the OUP if
n = 1; for u < 1 it turns out to be smaller (as the process is reflected on the zero
line and therefore varies in a narrow band) while it is obviously greater for . > 1.
The border case ;© = 0 makes sense as well: Here, the asymptotic variance is zero
as, sooner or later, the process is absorbed by the zero line.

For Fig.13.6 an OUP with ¢, = —0.9 and 0, = 0.01 was simulated but
the expected value of 5% is now written as 0.05. In the example it becomes
clear that the OUP can definitely become negative. In comparison, we observe a
numerical solution of the corresponding square root process from (13.9) with the

0.05
|

0.00

Fig. 13.6 OUP and CIR for ¢; = —0.9 (X(0) = p = 0.05, 6 = 6, = 0.01)



296 13 Interest Rate Models

same volatility parameter and the same drift component. The picture confirms the
theoretical considerations: The process exhibits a smaller variance and does not get
negative.

Further Models and Parameter Estimation

Marsh and Rosenfeld (1983) mention the variant with & = 0 as a borderline case
of (13.8). Cox, Ingersoll, and Ross (1980) consider a version with y > 1 for a special
investigation:

dX(1) = o X*?(1) dW(r) .

Finally, some models are applied which leave the framework of CKLS from (13.8)
entirely, e.g. Constantinides and Ingersoll (1984) with

dX(t) = cX*(t) dt + o X3*(t) dW (1),

where both drift and volatility are nonlinear.

Given the copious possibilities for specifying a diffusion process, it is not
surprising that it has been tried to, first, estimate unknown parameters and second
to statistically discriminate between the different model classes. Beside the work by
CKLS, the papers by Broze, Scaillet, and Zakoian (1995) and Tse (1995) should be
mentioned. As a first introduction to the topic of estimation of diffusion parameters,
the corresponding chapter by Gourieroux and Jasiak (2001) is recommended.

13.5 Problems and Solutions
Problems

13.1 Derive the solution (13.2) of Eq. (13.1).

13.2 Derive the moments, (13.4) and (13.5), of the OUP (a fixed starting value X(0)
assumed).

13.3 Discuss Eq.(13.1) for ¢c; = 0 as a special case of the OUP (a proposal by
Merton, 1973). For this purpose, consider the solution, the expected value and the
variance for ¢; — 0, if necessary with L'Hospital’s rule. (You should be familiar
with the results. By which name do you know the process as well?)

13.4 Consider now, as a combination of the interest models by Vasicek (1977) and
Dothan (1978), the process from (13.7) by Brennan and Schwartz (1980),

dX(t)y =c1 (X(@) —p)dt + o1 X(@)dW(r), wn=X0)>0,
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particularly with the starting value X(0) = u. Determine expectation and variance.
How do these behave for 1 — oo if it holds that 2 ¢; < —oj 29

13.5 Consider the square root process (13.9) by Cox et al. (1985). Under the
assumption X(0) = p for the starting value, derive an expression for the expected

value.

13.6 Again, consider the square root process (13.9) by Cox et al. (1985). Under the
assumption X (0) = pu for the starting value, derive an expression for the variance.
Solutions

13.1 Equation (13.1) is a special case of (12.12) with constant coefficients. Hence,
the solution results from (12.13) with

t
() = exp%/ clds} = V!
0

t t

(&) e
—ds=c e Vs
/z(s) 2/
0

From this it follows

Thus, from (12.13) we obtain the desired result:

X0 = [x0 -2 @)+ [aeawe)].
C1 0

13.2 The expected value function is determined from (12.14):
t
wi(t) = eV |:X(O) + / c e_"”dsi|
0
[xo-2 @),
C1

With p = -2 the formula from (13.4) results.
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The variance expression follows from (12.15):

Var(X(0) = (&) /0 t ( %2 )2 ds

ecls

t
— e2C1tO_22 / e—ZC]S ds
0

t
e2C1t 2

—1 —2c1s
” (201) ¢

2
— 2t 0_2 —2cit __
= —e 2er (e 1).

0

This expression coincides with (13.5).

13.3 L’Hospital’s rule provides for ¢c; — 0:

. e—clt _ 1 . —t e—clt
lim —— = lim
c1—0 Cl c1—0

= —1.

Hence, X(¢) from (13.2) merges for ¢; — 0 into

X(@) = [X(O) +oeot+ /r(h dW(s)}
0
=X(0) + 2t + o W(2).

Equation (13.4) is not suitable for determining the expected value as . = _C—‘lz is not
defined for ¢; — 0. Instead, one directly obtains (for X(0) fixed):

1) =EX(@#) =X0) 4+ c2t+ 0.
This linear growth is distinctive for the Brownian motion with drift, cf. Chap. 7.

In order to determine the variance from (13.5), it is again argued with
L’Hospital’s rule:

Therefore it holds that

11210 Var(X(r)) = 022t = Var(o, W(t)).

This is the familiar variance of a Brownian motion with drift. Indeed, a Brownian
motion with drift is the same as the process resulting from the OUP for ¢; = 0 or
cy — 0.
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13.4 This equation is linear and does not belong to the category “additive noise”. It
is rather a special case of (12.3) with

ci(®) =c1, oty =—pc, o1(t) =01, o02() =0.
With
Z(t) — eclt

due to Proposition 12.3 the expected value is given by

E(X(1) = ' [E(X(O)) — ucy /Ot e_"”ds}
= VERX(O) + pe™ " = ]
= p+ e“[E(X(0)) — u].
Hence, for ¢; < 0 it holds:
E(X() > n, t— oo.
For the second moment, we determine from (12.11):

2cippur(s) dsi|

pa(t) = exp{(2ci + o)t} [Mz(o) —/O expl(2e 1 02)s}
1

In particular for X(0) = u, this simplifies, due to E(X(¢)) = u, to (with p»(0) =
2
W)

t
pa(t) = exp{(2er + o)t} | 1* — 2147 / exp{—(2c1 + Uf)s}ds}
L 0

= exp{(2c; + olz)t} w4 2c 1 [

2cy +O'12

exp{—(2c; + af)s}}r:|
0

2¢1 pu?
= expl(2e1 + o)} | 1 4 57 (expl—(2er + o)}~ 1)}
L 1

_ 2¢i o2 exp{(2c; + o)t}
N 2c; + 012 2c1 + 012 '
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Thus, the variance for X (0) = u reads:

Var(X(1) = pa(r) — 1
o u? expi{(2c + o)t} N 2e1 )% Qe+ o’

2c1 + 012 2c1 + 012 2c1 + 012
_ ointexp{ei+od)y  of )
2c1 + 012 2c1 + 012
2,2
oy 1 2
= ——— (exp{Q2c; +07)t} — 1) .
2Cl + 0_12 ( p{( 1 l) } )

If 2¢; < —012, then it hence holds

2
—0
Var(X(f)) » ——— 2>O,
(()) 2C1+C712'u

ast — oo.

13.5 In order to determine the expected value function, we write Eq.(13.9) in
integral form:

X(r) = X(0) + /0 c1(X(s) — nyds + a/o VX(s)dW(s).

By assumption, 1;(0) = E(X(0)) = E(x) = u. Thus, Propositions 8.2 and 10.3(b)
yield:

t
1 (e) = u+/ e1(i1(5) — yds + 0
0
or rather

du () = ci(pi (1) — pdt.

Due to (12.5), the solution of this deterministic differential equation reads:

w0 = =) [ul(O) + /0 (_Zz)“) ds]

t
e |:pL — Jucy / e‘“”dsi|
0

=M [+ pe )
= pe [1+ e —1]

:H'
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13.6 In order to determine the function of the second moment analogously to the
expected value in Problem 13.5, we search for an integral equation for X?(¢). This
is provided by Ito’s lemma for g(X) = X? with g/(X) = 2X and g"(X) = 2:

1
dx*(t) = 2X(0)dX (1) + 5202(t)dt
= 2X(0dX (1) + o> X (1)dt,
where o(f) = o0+/X(¢) from (13.9) was substituted. Plugging in the definition of
dX (t) further provides:
dX*(t) = (2c1X*(1) — 2uc1X(t) + 02X (1)) dt + 20X(1) v X(1)dW (),
or rather
t t

X2(r) = X2(0) + / (2c1X%(s) + (02 — 2uc1)X(s5)) ds + 20 / X(5) /X (s)dW(s).

0 0

With X(0) = u forming expectation yields from Propositions 8.2 and 10.3(b):

t
wua(t) = u? + / (2c1,u2(s) + (0% — ZpLCl)pL) ds +0,
0

as (1(f) = p is constant. Thus, for u,(¢) a deterministic differential equation
results:

dps (1) = Qe pa (1) + 07 — 2’y )dt.

With

t
(1) = exp%/ 2c1ds} = ¥t
0

the solution reads

t 2 ) 2
Mz([) = ezclt [IJ’Z +/ Mds}
0

ech K

— echt |:M2 _ (O'ZILL — 2M2C1)e—201s
2C1

t
0]
[2c1p” = (0% — 27 cr) (€ = 1)]

eZClt

2C1
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eZClt

2C1

2 o’ 4 Uzﬂezclr
2c1 2c1 '

[UZM _ (0,2M _ 2/,,L2C1)€_2C1t]

Thus, in a last step the required variance is calculated as

Var(X (1) = pa(t) — 115(0)
UZM 2cit
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14.1 Summary

This chapter aims at providing the basics in order to understand the asymptotic
distributions of modern time series econometrics. In the first section, we treat the
mathematical problems of a functional limit theory as solved and get to know the
basic ingredients of a functional limit theory. Then, we proceed somewhat more
abstractly by presenting the mathematical hurdles to be overcome in order to arrive
at a functional limit theory. Finally, we consider multivariate generalizations.

14.2 Limiting Distributions of Integrated Processes

Under classical assumptions it holds that the arithmetic mean of a sample converges
to the expected value of the sample variables for the growing sample size.! However,
if the sample is generated by a random walk, then this does not hold any longer.
Hence, limits and limiting distributions for so-called integrated processes will now
be discussed.

Long-Run Variance
In order to technically formulate the concept of an integrated process, we need

the so-called long-run variance. However, this involves an old acquaintance from
Chap. 4.

"For a review on the convergence of random sequences, we recommend Pétscher and Prucha
(2001).
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Let {e,} denote a stationary discrete-time process with zero expectation and the
auotcovariances

Ye(h) = Cov(ey, errn) = E(erern) . E(er) =0.
As long-run variance we define
o0
0] = y.(0) +2 ) ye(h) < c0. (14.1)
h=1

Here, we rule out the case of a fractionally integrated process with long memory,
I(d) with d > 0, as introduced in Chap. 5, since we require the autocovariances to be
summable: a)e2 < 00. In the case of a pure random process or white noise, e, = ¢,
variance and long-run variance naturally coincide:

0> =0>=y,0) ify.(h)=0,h+#0.

&

In general, it holds that the long-run variance is a multiple of the spectrum at the
frequency zero, see (4.3):

wez =2mf,(0).

Now, we further assume an MA(0o) process for {e,}, see (3.2):
o0
=) ey, co=1.t=1...n. (14.2)
=0

with absolutely summable coefficients:

o

> el < oo (14.3)

Jj=0

In order to determine the long-run variance, we establish an alternative expression
for MA(o0) processes in Problem 14.1:

2

o0
;=0 | Y | - (14.4)
j=0

Due to 27 £,(0) = w2, one can directly read this relation from Eq. (4.5), too.

Example 14.1 (Long-run Variance of MA(1)) We consider a moving average pro-
cess of order 1,

e = £t+b8t—l .
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From Example 4.3 we adopt the spectrum,
f ) = (1+b>+2bcos (1)) 0?/2x.
Thus, at the origin the long-run variance results,
w? =27 f(0) = (1 + b)? o>
At the minimum, this expression takes on the value zero which happens for b = —1:
e, =& — &1 = Ag;.
In this case {e,} is “overdifferenced”. What is meant by this, will be explained in the
following.
Integrated Processes

We revisit Example 14.1 and consider the differences of a stationary MA(oo)
process {e;}:

o o0
Ae; = e —e—) = E CjE—j — E Cj Er—j—1
J=0 J=0

= Co & + E —Cj— 1 Er—j .

Therefore, {Ae,} is also a stationary process where the coefficients are now called

1d;}:

o0
Aer=3) digy. do=co=1.d=¢—cmi.
=0
By definition, it hence holds
o0
Zd;’ =co+ (c1—co) +(c2—c1) +---=0.
j=0

Thus, we obtain for the long-run variance:

wi, = o? Zd =0.
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The process {Ae,} is overdifferenced: It is differenced more often than necessary
for stationarity as {e,} itself is already stationary.” Overdifferencing is reflected in
the long-run variance being zero.

If the stationary, absolutely summable process {e;} has a positive long-run
variance, then we call it integrated of order zero (in symbols: e, ~ 1(0)):

e~ 10 <= 0<o0’<cx.

Verbally, this means: We have to difference zero times in order to attain stationarity,
and it is not differenced once more than needed. Technically, in terms of Chap. 5,
this means that the process is fractionally integrated of order d = 0.

Finally, the process {x;} with

t

x,:Zej, e ~ 1(0), t=1,...,n,

J=1

is called integrated of order one, I(1), as it is defined as sum (“integral”) of an I(0)
process. The random walk from (1.8) e.g. is integrated of order one and obviously
nonstationary. It holds for I(1) random walks that differencing once,

Ax, = e,

is required by definition to obtain stationarity. Hence, I(1) processes are sometimes
called difference-stationary. Also, I(1) processes are often labelled as unit root
processes, or are said to have an autoregressive unit root. We briefly want to
elaborate on this terminology. Assume that {e,} is a stationary autoregressive process
of order p,

Ac(L)e; =& withA, (L) =1—alL—---—apl’.
Consequently, the I(1) process is autoregressive of order p + 1 since

&
Axt == thl‘) or AX(L).XI‘ =&,

where

AdL) =AL)(1-L)
=1—(a;—1)L—(a»—a))L*—---— (ap —ap—1)LP + apr+l .

2In econometrics, this overdifferencing is also described by the fact that { Ae, } is integrated of order
—1, Ae; ~ I(—1): {e,} is differenced one more time although the process is already stationary.
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Hence, A,(z) has a unit root, meaning that A,(z) = 0 has a solution on the unit
circle, namely the real rootz = 1: A,(1) = 0.

The Functional Central Limit Theorem (FCLT)

Now, we make statements on the distribution of the stochastic step function (the
partial sum process)

_0 5 Lsn]

X, (s) = Ze,, efo,1]. (14.5)

Here, | y]| denotes the integer part of a real number y. In order to be able to divide by
w,, the process {e,} has to be 1(0). In (7.1), we have already considered a precursor
of this step function as it holds:

wgfz 1ezs SE[%&;) ,i=1,2,...,n

X, (s) =
wm/,;Zj=le/" s=1

For a graphical illustration, recall Fig.7.1. The following proposition for MA(co)
processes from (14.2) holds under some additional assumptions.?

Proposition 14.1 (FCLT) Let {e,} from (14.2) be integrated of order zero and
satisfy some additional assumptions. Then it holds for X, (s) from (14.5) that,

—05 Lsnl
Ze]:W(s) s€0,1], n— oo,

j=1

X(s) =

where a)e2 > 0is from (14.1).

Note that the FCLT, so to speak, consists of infinitely many central limit theorems.
For a fixed 5 it namely holds that

—0.5 Lsn] 4
D e > WE) ~N(O.5).

j=1

Xu(5) =

e

3Phillips and Solo (1992) assume that the innovations {e;} form an iid sequence and that
Zfio Jjlejl < oo, which is more restrictive than (14.3). Phillips (1987) or Phillips and Perron
(1988) do without the iid assumption, but require more technical restrictions. For a discussion of
further sets of assumptions ensuring Proposition 14.1 see also Davidson (1994).
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However, as this holds for each 5 € [0, 1], we have quasi uncountably many central
limit theorems collected in Proposition 14.1. The mathematically precise collection
is the so-called weak convergence in function spaces which is symbolized by “=".
For the following, an intuitive notion thereof suffices, somewhat more rigorous
remarks will be given in the next section.

As the I(1) process {x;} was defined as the sum of the past of {e;}, the
circumstance from the proposition can also be expressed as follows: It holds for
X = Zj’=1 e; that

n—O.S

Xisn] = W(s), se]0,1].

e

The first FCLT was proved by Donsker for pure random processes (Donsker, 1951).
Particularly for an iid sequence e, = &, one hence speaks of Donsker’s theorem.
Frequently, a FCTL also operates under the name “invariance principle” as it is
invariant with respect to the distribution of {e,}.

First Implications

The following proposition assembles some implications being of immediate rele-
vance in application. As an exercise, we encourage the reader to come up with the
proof in order to understand why which powers of the sample size n appear in the
normalization of the sums; see Problems 14.3 through 14.5. Note that the weak

. . . . . d
convergence, “=", will be discussed in the next section, while “—" stands for the
usual convergence in distribution.

Proposition 14.2 (Some Limiting Distributions) Let x;, = x;—; + e, with xo = 0,
t=1,...,n,lie.

t
Xy = Z €j,
j=1
where {e,} is I(0) as in Proposition 14.1. Then it holds for n — oo :

3 & d 1

(@n 2y x1 — o [W)ds,
=1 0
n 1

b) n3 Y te, L oo [sdW(s).

=1

r 0
J
0

n d
(c) n=3 Nitx—y — w. [sW(s)ds,
=1

NE
D

(d) n"° [SZn](er -2) = w. (W) —sW(l)),e=1
=1

t

N
Il
-
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n 1
(&) n2 Y x2, < w? [W(s)ds,
=1 0

(n-2)

o |§N

d d
(.f) n_l Z Xi—1 € —
=1
1
= o ng(S)dW(s)+ %} ’
0 e

with y,(0) = Var(e;) and o? from (14.1).

Two remarks on the functional form of the statements shall be given.

Remark 1 Note the elegant and evocative functional analogy of the sums on the
left-hand side, respectively, and the integrals on the right-hand side in (a)—(c) and
(e): Here, the sums are substituted by integrals, the Wiener process corresponds
to the I(1) process {x;}, and the increments of the WP dW correspond to the I(0)
increments Ax; = e;.

Remark 2 If e, = ¢, is white noise, then Ito’s lemma in form of (10.3) also yields

an accordance of the functional form of sample variables and limiting distributions
in (f):
n i w? 1
n! Zx,_l & = —= (Wz(l) - 1) = a)sz / W(s)dW(s) .
=1 2 0

As well, the limiting process appearing in (d) is intuitively well justified. It is a
Brownian bridge with W(1) — 1 W(1) = 0 which just reflects

Z(et —e) =0
=1
fors = 1.

Example 14.2 (Demeaned WP) From Proposition 14.2 (a) results due to xo = 0:

n n n n
05— _3 _3 _3
n'x:nZExtznZ Ex,_1+xn =n ?2 Ex,_1+gej

=1 =1 =1 j=1

1
—d>a)e/ W(s)ds+0.
0
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Hence, it holds for {x;} after demeaning the following FCTL.:

X|sn] — X

1
0o i = W(s)—/0 W(r) dr,

where
1
W(s) := W(s) —/ W (r) dr
0

is also called a demeaned Wiener process. B

In the example it was argued that it is negligible for the asymptotics whether we
sum over x;,—; or x;. This holds in Proposition 14.2 (a), (c), (e) but not in (f), where
on the right-hand side the sign in front of y,(0) changes. The following corollary

summarizes the corresponding results, cf. as well Problem 14.2.

Corollary 14.1 (Some Limiting Distributions) Let x; = x;,—1 + ¢, with xo = 0,
t=1,...,n,ie.

t
X = E ej,
j=1

where {e,} is 1(0) as in Proposition 14.1. Then it holds for n — oo :

S

[IS](0%)
M:
=
XS
S

W(s)ds,

~
—_

S
[N}
M:

-
=
XS
&

sW(s)ds,

~
—_

L O— O —

S

S
M:
Re ¥
=
e
)
—

W2(s)ds ,

N
Il
-

WA + 29

N
Il
-

I
S
o

=|

NE

=

S

I~

M|@N
—~— —~ O

! (1)2+ 0
f ﬂ/(S) dW (S) + _eza))’é( )§ ,
with )/e(O) = Var (e,) and a)ezﬁom (]4])

14.3 Weak Convergence of Functions

In this subsection we want to briefly occupy ourselves with the mathematical
concepts hiding behind Proposition 14.1. More rigorous expositions addressing an
econometric audience can be found in Davidson (1994) or White (2001), see also
the classical mathematical reference by Billingsley (1968).
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Metric Function Spaces

Recall the stochastic step function that has led us to the WP, see (7.1),

rE e te[SGhE) =12

Xu(1) = "
#Zj:lgj,t:l’

which can also be written more compactly as

05 Ll
X, () = i, tel]0,1].
0 =— ; [0.1]

Furthermore, we define X, () as the function that coincides with X, (¢) at the lower
endpoint of the interval. However, it is not constant on the intervals, but varies
linearly:

—05 Lnt]

En
§:q+MF{mDﬁA%,IEWJL

Xu(0) = N

o I
By construction, )~(n(t) is a continuous function on [0, 1], for which we also
abbreviate

X, ecClo1].

In contrast, X, (7) is only right-continuous and exhibits (removable) discontinuities
of the first type (i.e. jump discontinuities). It belongs to the set of so-called cadlag*
functions that is denoted by D [0, 1] due to the discontinuities:

X, €D[0,1] .

Obviously, the set of continuous functions is a subset of the cadlag functions, i.e.
C[0,1] € D[0, 1]. Now, we want X,,(¢) as well as X,,(r) to converge to a WP W(r).
For this purpose we need a distance measure in function spaces, a metric d. A
precise mathematical definition follows.

Metric space: Let M be an arbitrary set and d a metric, i.e. a mapping,

d: MxM — RF,

4This French acronym (sometimes also “cadlag”) stands for “continue  droite, (avec une) limite &
gauche”: right-continuous and bounded on the left.
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which assigns to x and y from M a non-negative number such that the following
three conditions are satisfied:

dx,y) =0 <= x=y,
d(x,y) =d(y,x) (symmetry),
d(x,y) <d(x,z) +d(z,y) (triangle inequality).

Then, M endowed with d is called a metric space, (M, d).

Example 14.3 (Supremum Metric) Particularly C[0,1] or D[0, 1] are readily
endowed with the supremum metric:

ds(fvg) = Supl |f(t) _g(t)| ’ fv g€ D[Ov 1] .

O=r=

In Problem 14.6 it is shown that the above-mentioned three defining properties are
indeed fulfilled. ®

However, as X,,(fr) and W(r) are stochastic functions, a convergence of {X,} to
W cannot simply be based on d,(X,, W). The convergence of {X,} to W has to be
formulated rather as a statement on probabilities or expected values. In order to
specify this, we need the concept of continuous functionals.

Continuous Functionals
Let the mapping / assign a real number to the function f € D [0, 1],
h: D[0,1] — R.
As the argument of £ is a function, one often speaks of a functional.
Now, let the set of cadlag functions be equipped with a metric d, i.e. let

(D0, 1], d) be a metric space. Then the functional & with h: D [0, 1] — R is called
continuous with respect to d if it holds for all f, g € D [0, 1] that

|h(f) = h(g)] — O

for

dif,g) — 0.
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An alternative definition of continuity reads: / is called continuous with respect to
d if there exists a § > 0 with

Ih(f) — h(g)| < & ford(f,g) <§.

foreach ¢ > 0.

Strictly speaking, continuity is a “pointwise” property; however, if a functional
is continuous for every considered function, then one generally speaks of continuity
of the functional. The integral over a function is a typical example for a continuous
functional.

Example 14.4 (Three Functionals) Frequently, we encounter the following func-
tionals in econometrics:

1
mw=AﬂMn

1
mmzlﬂ@w
1

h = ——.
3 (f) fol f2 (l‘) d

It can be shown that they are continuous on D [0, 1] with respect to the supremum
metric (cf. Problem 14.7). B

Weak Convergence

We consider a set of stochastic elements, let them be random variables or stochastic
functions. Let M be a set of stochastic elements and d a metric. We define somewhat
loosely, see Billingsley (1968, Thm.2.1): A sequence S, € M, n € N, converges
weakly to S € M forn — oo if

lim E(h(S,)) = E(h(S))

for all real-valued mappings % that are bounded and uniformly continuous with
respect to d. Symbolically, we write

S, = S.
This definition in terms of expected values is not very illustrative as it is hard to

imagine all mappings which are bounded and continuous. In order to translate weak
convergence into a probability statement, we consider the indicator function /, for
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an arbitrary real @ and x € R:

1, x<a
I(x) = l(—o0,q(x) = 0. x>a "
By linearization on [a, a + €] for an arbitrarily small ¢ > 0, the indicator function
can be continuously approximated by

1, x<a
I,(x) = 1—’%,a§x§a+£ .
0, x>a+e¢

The approximation can become arbitrarily close to I, for small €. Let us now choose
M = D0, 1] . Then it holds for the stochastic cadlag processes X, (r) and X(r) that

P(X,(1) < a) = E[L(X,(1)] = E[L.(X,(1)]
P(X(1) < a) = E[L(X(1))] ~ E[L.(X(1)] .

Hence, it holds for the continuous bounded functional & = fa for an arbitr;iry aeR
in case of weak convergence of {X,,(7)} to X(¢), i.e. for E [Ia (X, (t))] —E [Ia (X(t))],
that

P(X,(1) < a) ~ P(X(1) < a).

Hence, we have the following illustration of {X,,(f)} converging weakly to X (¢): For
every point in time 7 it holds that the sequence of distribution functions, P(X,,(f) <
a), tends to the distribution function of X(r).

If M particularly denotes the set of real random variables and if X;, = X holds,
then the same argument shows for the distribution function that:

Fu,(a) :=P(X, <a) ~P(X <a) = F(a).

With the definition from the end of Chap. 8, weak convergence of random variables

hence implies their convergence in distribution, X,, — X. The converse holds as
well: For random variables {X,} and X, weak convergence is synonymous with
convergence in distribution.

Continuous Mapping Theorem
A further ingredient of the proof of statements as in Proposition 14.2 is presented

by the continuous mapping theorem (actually: about mappings which are discon-
tinuous only on “infinitesimal sets”); see Billingsley (1968, Thm. 5.1), Davidson
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(1994), and White (2001). We consider two versions of the proposition which are
both special cases of a more general formulation.

Proposition 14.3 (Continuous Mapping Theorem (CMT)) For continuous map-
pings of convergent series it holds:

(a) Let{X,} be a sequence of real random variables and h, h: R — R, a continuous

d
function. From X,, — X for n — oo it follows

h(X,) > h(X).

(b) Let {X,(s)} and X(s) belong to D [0, 1] and be h, h: D[0,1] — R, a continuous
Sunctional. From X, (s) = X(s) for n — oo it follows

hXa(s)) > h(X(s)).

Verbally, the continuous mapping theorem means that mapping and limits can be
interchanged without altering the result: It does not matter whether 4 is applied first
and then 7 is let to infinity, or whether n — oo first is followed by the mapping. At
first sight, this may seem trivial which it is definitely not, see Example 14.5.

Remember that for X = ¢ = const convergence in distribution is equivalent
to convergence in probability, see Sect.8.4. Hence, the CMT holds as well for
convergence in probability to a constant: From

P
X, — ¢

for n — oo it follows that (X)) tends in probability to the corresponding constant:
P
h(X,) — h(c).

In the literature, this fact is also known as Slutsky’s theorem. For this, we consider
an example.

Example 14.5 (Consistency of Moment Estimators) Let {y,} withy, = u + &, be a

white noise process with expected value w. For the arithmetic mean of a sample of
the size n we know from Example 8.4 (law of large numbers):

_ 1 & P
yn:;§ v = M,
=1

i.e. the empirical mean is a consistent estimator for the theoretical mean. Frequently,
however, one is interested in a parameter which is a function of u:

0 =h(u).
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An estimator for 6 constructed according to the method of moments is simply based
on the substitution of the unknown expected value by its consistent estimator:

0, = h(3,) .

Slutsky’s theorem as a special case of (a) from Proposition 14.3 then guarantees the
consistency of the moment estimator, provided % is continuous:

6, 5 h(pn)=96.
Such an interchangeability of some operation and a mapping is by no means trivial.

It does e.g. not hold for the expectation in general: For non-linear functions /# one
has:

E(6,) = E(G,) # h(EG,) =) .
If e.g. {y:} is exponentially distributed with the parameter A, i.e.

Ph;<y)=1-e¢*. 1>0,y>0,
then it holds that

1 1
w=—,and A = h(u) = —.
A 2

The function 4 is continuous in p > 0, which is why the moment estimator for A is
consistent:

However, one can show that it holds for an iid sample that

1

E(in)zixaém) =1,

n—1

which is why the estimator is not unbiased for A in finite samples. l

In order to justify the limit theory from the first section (i.e. in order to prove
something like Proposition 14.1), mathematicians have followed two paths. First,
the treatment of X,,(r) € C[0, 1] with the ordinary supremum metric. For the proof
of econometric propositions as e.g. Proposition 14.2 this has the disadvantage that
the impractical “continuity appendage”,

Rol) = Xu(t) = (nt — |na)) 2wt

oJn’
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needs to be dragged along, cf. e.g. Tanaka (1996). Second, the treatment of the more
compact cadlag functions X, () which, however, requires a more complicated metric
(Skorohod metric) and additional considerations. These mathematical difficulties
are indeed solved and do not have to bother us, see e.g. Billingsley (1968) or
Davidson (1994). Hence, we always work with {X,,(7)} in this book.

14.4 Multivariate Limit Theory

The multivariate limit theory is based, among others, on a vector variant of
Proposition 14.1 and yields generalizations of Proposition 14.2 or Corollary 14.1.
For the sake of simplicity, we narrow the exposition down to the bivariate case. The
following elements of a functional limit theory are kept sufficiently general to cover
the case of cointegration as well as the case of no cointegration in the following two
chapters. Here, we deviate from the convention of Sect. 11.4 and do not use bold
letters to denote vectors or matrices.

Integrated Vectors

The transposition of the vector z, is denoted by z,. Let z, = (z1,, z2.1) be a bivariate
I(1) vector with starting value zero (we assume this for convenience), this means
both components are I(1). Then it holds for the differences by definition,

Wit
AZ[ = W[ = ( ) y
Wt

that they are stationary with expectation zero, more precisely: Integrated of order
zero. In generalization of the univariate autocovariance function we define

E(w1 w1 4n) EW1 W2 40)
Ly(h) = E (wwy,) = oy W) )
(h) (Wth+h) (E (Wa. w1 s4n) EWo Wy s1)

Note that these matrices are not symmetric in /. Rather it holds that
Ly(=h) = I(h).

The long-run variance matrix is defined as a generalization of (14.1),

(e ]

2
Qu=Y Fw(h)z(wl “’122), w2>0,i=12. (14.6)
e —o0 w12 W5
This matrix is symmetric (2 = ') and positive semi-definite (2 > 0) by

construction; sometimes we omit the subscript and write £2 instead of §2,,. Note that
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£2 cannot be equal to the zero matrix as {w;} is not “overdifferenced” but I(0). Nev-
ertheless, the matrix does not have to be invertible. In the following chapter we will
learn that the presence of so-called cointegration depends on the rank of the matrix.

Now, let W(#) denote a vector of the length 2, namely the bivariate standard
Wiener process. Its components are stochastically independent such that this vector
is bivariate Gaussian with the identity matrix I:

Wi(t)

W@:(mw

) ~ M(OstIZ) .

The corresponding Brownian motion is defined as a vector as follows:

_ (B _ ~os
B(t) = (Bz(t)) = 27W(),

with
B(1) ~ N>(0,102),
0= 90.5(90.5)/ )

For the existence and construction of a matrix £2° with the given properties, which
is to some extent a “square root of a matrix”, we refer to the literature, e.g. Dhrymes
(2000, Def. 2.35). However, concrete numerical examples are provided here.

Example 14.6 (2 = 2°°(£2°7)’) First consider a matrix of rank 1,
11
2, = .
Now, let us define

1 11
P =— =P withPP| = £2,.
: ﬁ(ll) v :

Multiplied by itself, P, just yields the starting matrix §2;. In the second example of
a diagonal matrix with full rank,

2
o 0
22 2 = ( Ol 2 ) )
03
the construction of the square root becomes even more obvious:

PZZ(Ul O)ZPIZ with PP, = £2,.
0 (o))
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As §2; is a diagonal matrix, P, = 93'5 is just generated by taking the square root of
the diagonal. Let us consider a third example with full rank:

21
25 = :

Here it is not obvious which form Q?'S may have. However, one can check that

1C@+1Ji4

Py = -
’ V3—1 V341

> ) = P/3 with P3P; = £25.

In the case where §2 has full rank it is actually easy to come up with one specific
factorization. Under full rank, 2 has a strictly positive determinant such that

2

w
) = a)lz——122>0.
@)

One may hence define the following triangular matrix factorizing §2 from (14.6),

1y L2 2
T:(“w) wMTrz(%“?), (14.7)
0 wr w12 a)2

which is sometimes called Cholesky decomposition of §2. For §2; one obtains that
way

=500

We hence reinforce the postulate that £2° of a matrix £2 is not unique. In particular,
T is not symmetric, while P is. Still, it holds T3 Tg =P:;P;=55 1
Functional Limit Theory

Phillips (1986) and Phillips and Durlauf (1986) introduced under appropriate
assumptions multivariate generalizations of Proposition 14.1 into econometrics:

Lsn]
_ _ Bi(1)
0.5 — 05 005 _ 1 . 14,
n U Z ] =1 Zwt = 2,7 W(s) By (1) (14.8)

=1
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For the individual components this means:

—0.5 —0.5

n7z ) = Bi(s) and nT7zp ) = Bals),

where the Brownian motions are generally not independent of each other. Indepen-
dence is only present if §2,, is diagonal (w1, = 0) as it then holds:

(Bl(f)) _ (wlwl(f))

B (1) wr,W)(1)

Under adequate technical conditions, which need not to be specified here, the
following proposition holds, cf. as well Johansen (1995, Theorem B.13).

Proposition 14.4 (I(1) Asymptotics) Let {z;} be a 2-dimensional integrated pro-
cess and Az, = z; — 711 = w; with E(w;) = (0, 0) and $2,, from (14.6). Then it
holds under some additional assumptions that

n 1
(a) n_l'Ser —d> !23,‘5/ W(s)ds,
0

=1
n 1
(b) n—ZZz,zg < 20 / W(s)W' (s)ds (2°°)
=1 0
n 1 e}
© n 'Yy zw 4 oS /0 W(s)dW'(s) (25°) + > Tu(h)
=1 h=0

asn — Q.

Naturally, these results can be expressed in terms of B = £2%° W as well:
1 1
Q0 / W(s)ds = / B(s)ds,
0 0
1 1
Q03 / W(s)W' (s)ds (2°°) = / B(s)B'(s)ds ,
0 0

1 1
203 / W(s)dW'(s) (£2°°) = / B(s)dB'(s) .
0 0

The limit from Proposition 14.4 (a) is to be read as a vector of Riemann integrals,
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In (b), we have a square matrix:

1 1
| [ Wi(s)ds [ Wi(s)Wa(s)ds
/ W)W (s)ds = | © o

0 {Wz(s)Wl (s)ds { W3(s)ds

Concluding, both these outcomes are results from (14.8) and from a multivariate
version of the continuous mapping theorem, cf. Proposition 14.3. The third result
from Proposition 14.4, the matrix of Ito integrals, corresponds to result (f) from
Proposition 14.2, also cf. Corollary 14.1:

1 1

1 J Wi(s)dWi(s) [ Wi(s)dWa(s)
/ W(s)dw'(s) = | © 0

0 [ Wals)dWi(s) [ Wa(s)dWa(s)
0 0

In the multivariate setting, such a convergence cannot be elementarily derived any
longer. For a proof see e.g. Phillips (1988) or Hansen (1992a).

14.5 Problems and Solutions

Problems

14.1 Derive with elementary means the expression (14.4) for the long-run variance
of the MA(oc0) process {e;} from (14.2).

14.2 Derive the limiting distribution of n=! >"7_, x,e, from Corollary 14.1.

14.3 Prove Proposition 14.2(a), (c), (d) and (e). When doing this, you may assume
the functionals to be continuous with respect to an appropriate metric.

14.4 Prove Proposition 14.2(b).
14.5 Prove Proposition 14.2(f).

14.6 Check that d,(f, g) with

di(f.g) = Oiugl lf()—g®|. f.geD[0,1],

is a metric (supremum metric).
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14.7 Show that the integral functionals h;, h, and A3 from Example 14.4 are
continuous on D [0, 1] with respect to the supremum metric.

Solutions

14.1 First we adopt the autocovariance function from Proposition 3.2:

o0
Yelh) = 0% ¢jCn-
Jj=0

In (14.4), the long-run variance is formulated as follows:

2
[od)

2 _ 2 _
w, =0 E Cj

Jj=0

As the coefficients {c;} are absolutely summable, the infinite sums can be multiplied
out:

LIS,

00 00
w
pu = E Cj E Cj

Jj=0 Jj=0
=coco+cocy +cocr+ ...

+cico+cicr+cre+ ...

+crco+crcr e+

+...
o o o

= ZQ%+ZZCJ'C/+1 +ZZCjCj+2+...
=0 =0 =0

1
= ;(ye(()) +2y.(1) +2y7.(2) +...).
Hence, the equivalence of the representations of the long-run variance from (14.1)
and (14.4) is derived.
14.2 Due to x, = x;—1 + e, we write

n

n n
n! E X8y = n! E x,_le,—f—n_l E erz.
=1 =1

=1
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The limiting behavior of the first sum on the right-hand side is known from
Proposition 14.2, and the second sum on the right-hand side tends to Var(e;) =
¥.(0). Thus, elementary transformations yield

n_Ithe, i) > I:Wz(l) ye(z):|+)/e(0)

_ ve(0)
_E{Wm+a)}

2 W2(1) —1 n @7 + .(0) .
¢ 2 2w?

e

The application of Ito’s lemma completes the proof.

14.3

(a) The interval [0, 1) is split up into n subintervals of the same length,

[0,1)=U[t;1,£).

=1

On each of these subintervals, we define the step function X,(s) as the
appropriately normalized I(1) process,

— X1 t—1 t
Xo(s) = —=— Y ¢ = . se =)
R0 D iy ol [ )

and on the endpoint, it holds for s = 1:

Xa(1) = Z ¢ =

NZ
Due to Proposition 14.1 we have (n — o0)
X.(s) = W(s).

Furthermore, we take a trick into account which allows for expressing a sum

over x,— as an integral:
’ t r—1 Xi—1
x— = Xt—1 - = = .
o n n n

t
n

Xi—1ds = xi—1 8
=1

n
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Equipped with this, one explicitly obtains

_3 n _1 n
n 2 n 2 Xi—1
¢ =1 ¢ =1

_1 n

n 2

r
n
= E Xi—1 ds
W, =1
n

=1

- Z/ ﬁwe
=3 / X, (s)ds

= /0 1 X,\(s) ds.

As we may assume that the functional

1
hg) = /0 ¢(s)ds
n — oQ.

is continuous with respect to an appropriate metric, Proposition 14.3 yields for

/Oan(s)ds LY /OIW(s)ds.

Hence, the proof is complete

(c) Just as for the proof of (a) we define the stochastic step function

Xu(s) =

, =
n n

- X r—1 ¢
t—1 -

_ E e = —, SE ,

\/ﬁwe =1 ! \/ﬁwe [ )

and in addition the analogously constructed deterministic step function

R IES |

t—1 t
, SE =
n n n o n
t=1,...,n,

n, and T,,(1) = 1. Then it holds that

n "4 n X
t—1
E X = r—

n
=1

_5
2

6

n
Xi—1 ds
=1
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n r
-y / et
=1""7n ¢
"
= Z[_l T, (s) Xu(s) ds
=1 n

1
= / T,.(s) X, (s) ds.
0
For n — oo it holds

T,(s) Xu(s) = sW(s),

and hence, due to the continuity of the integral function, as claimed

1 1
/ To(s) Xo(s) ds > / sW(s)ds.
0 0

(d) Again, with the definition of X,,(s) it is shown:

_1 Lsn]
n 2 n

(e,—e) =
=1

1
-1 i
o, o (me | — |sn] e)

N
= X,(s) . ;ﬁwe

= %0 - 2xm

= W(s) —s W(1).

(e) The proof is entirely analogous to (a),

n—zzn: 2 1 Zn:/; 2 d
— X4 = ——— X, s
wez p —1 (ﬁwe)z pr % —1
n L
"2
= Z [71 X (s)ds
=1 n

1
= / Xﬁ(s) ds
0

P
—>/ W2(s) ds.
0

325
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14.4 The result can be shown in three steps.

(i) By definition it holds:

n
'Y x =04 e (e te) bl teat. .. te)

=1

=nHYn—-1e+n—2er+...+e,_1}

n
=n! Z(n — e
=1
n n
= Z e; — n! Z te;.
=1 =1

(i) Thus, the sum of interest is reduced to known quantities:

n

n n
n! E te, = E e,—n_l E Xi—1
=1 =1

=1

n
-1
=Xp—n § Xt—1 5

=1

or

Y e, = jlﬁ 7Y x
=1 =1
4 1
— w, W(1) — we/ W(s) ds,
0

where Proposition 14.1 for s = 1 and Proposition 14.2 (a) were applied.
(iii) From Example 9.1 (a) with # = 1 we know:

1 1
w() — / W(s)ds = / sdW (s).
0 0
Hence, the claim is proved.
14.5 The first result is based on the binomial formula applied to x, = x,—| + e;:

2 _ .2 2
Xp =X_, +2x—1¢6 +e;.
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Solving this for the mixed term, we obtain:

n
_ n
n IZ X—1 € = 5 ()‘%_xrz—l _erz)
=1

IRVYERS NIRE SO
5 (%) —o-ixe
42 W) - 7.0)

= %2 (Wz(l) - VE(O)).

2
w,

Thus, we come to the second claim. Obviously, it holds that

2 ¥(0) wez 2 wez —7.(0)
2(W() we) Z(W(l)_l+—w3 )

The special case (10.3) of Ito’s lemma then establishes the equality claimed.

14.6 In order to have a metric, three conditions from the text need to be fulfilled.

(i) The condition f = g means

J() =g, rel0.1],

which is equivalent to

If() —g@®| =0, 1€][0.1].

From this it immediately follows ds(f, g) = 0. Conversely,

sup |f(1) —g(n| =0

0<r<1

immediately implies |[f(f) — g(¢)| = 0. Therefore, two functions f and g in are
indeed equal if and only if they have zero distance according to the supremum
metric.

(i) The symmetry condition is obviously given as it holds for the absolute value:

IF@) —g@] = g(®) = fD)].
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(iii) Finally, the triangle inequality can be established by adding zero:
ds(f. g) = sup [f()) = h(1) + h(1) — g(1)]

Sgp{lf(t) —h@] + A1) — @1}

sup |f (1) = A(®)] + sup [2(2) = g(1)

- ds(fs h) + ds(hv g)

IA

IA

The second, rather plausible inequality follows from the properties of the
supremum metric, see e.g. Sydsater, Strgm, and Berck (1999, p.77).

14.7 We consider three functionals #;(f), i = 1, 2,3, which assign a real number
to the function £(z).

(i) The first functional is just the integral from zero to one. Here it holds:

1 1
() — ()] = ‘ /0 Fo)di - /0 o0
1
- d
< /0 () — g(0)]di

1
< /0 sup [f(s) — g(s)lde

0<s<l

1
(02321 1F(s) — g(s)|) [0 di

sup [f(s) —g(s)|

0<s<l

= ds(fv g)

Hence, the smaller the deviation of f and g, the nearer are 4 (f) and 4, (g). This
exactly corresponds to the definition of continuity.

(ii) The second functional is the integral over a quadratic function. Here we obtain
with the binomial formula and the triangle inequality:

1 1
() — ha(g)] = ’ /0 P(0di /0 S0

1 1
_ ' [ —s0a-2 [ g0 -
0 0
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IA

1 1
/ mayaﬂﬂﬁm+—g/ 15010 — £ (0
0 0

IA

2 1
(SUP lg(2) —f(t)l) +2 sup [g(®) —f(t)I/ |g(2)]dt.
0<r<1 0<r<1 0

For the last inequality, it was approximated by the supremum as in (i) and then
integrated from O to 1. Hence, it holds by definition

1
ha(f) = ha(8)] < (ds(8./))* + 2ds(g,f)/0 |g(2)]dt.

As g(t) belongs to D[0, 1] and is thus absolutely integrable, 4 (f) tends to /,(g)
if the distance between f and g gets smaller, which amounts to continuity.

(iii) The third functional is % Hence, we reduce the continuity of /3 to the one of
hz:

1 1
Trwde [T gdr
_ o 8Wdi = [y (]

Jy £2@)dr [ g2(rydr

_ (@) = ha(f)]
@ [ 2@t

|h3(f) — h3(g)]

Hence, from the (quadratic) integrability of f and g and the continuity of 4,
follows, as required, the continuity of &3.
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15.1 Summary

Now we consider some applications of the propositions from the previous chapter.
In particular, {¢;} and {x;} are integrated of order 0 and integrated of order
1, respectively, cf. the definitions above Proposition 14.2. It turns out that the
regression of a time series on a linear trend leads to asymptotically Gaussian
estimators. However, test statistics constructed to distinguish between integration
of order 1 and O are not Gaussian. Finally, we cover the problem of nonsense
regressions, which occur particularly in the case of independent integrated variables.

15.2 Trend Regressions

Let {y,} be trending in the sense that the expectation follows a linear time trend,
E(y) = PBt. The slope parameter is estimated following the least squares (LS)
method. The residuals, res;, = y, — ,gt, are then the detrended series. Estimation
relies on a sample of size n.

Detrending
The time series {y,} is regressed on a linear time trend according to the least squares

method. For the sake of simplicity, we neglect a constant intercept that would have
to be included in practice. The LS estimator 8 of the regression

vo=PBt+res, t=1,...n, (15.1)
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with the empirical residuals {res,} is

D I
Y

For the denominator the following formula holds

§=

n
6 3

_I_
v S,
_|_

(15.2)

NS

n 3
thz nn+1)2n+1)
=1

such that one obtains asymptotically (n — c0)
1 &, |
E Z[ — 5 .
=1

This limit is a special case of a more general result dealt with in Problem 15.1.
In this chapter we consider two models with a linear time trend in the mean. First,
if the deviations from the linear trend are stationary, i.e. if the true model reads

yw=Bt+e, t=1,...,n, (15.3)

then we say that {y,} is trend stationary. More precisely, {e,} satisfies the assump-

tions of an I(0) process discussed in the previous chapter with long-run variance w?

defined in (14.1). Second, the stochastic component may be I(1). Then one says that
{y:} is integrated with drift (8 # 0): Ay, = B + e,. By integrating (Summing up)
with a starting value of zero, this translates into

t
w=PBttx. t=lL...n.x=) e (15.4)
j=1
An example will illustrate the difference between these two trend models.
Example 15.1 (Linear Time Trend) In Fig.15.1 we see two time series, following

the slope 0.1 on average, t = 1,2,...,250. The upper graph shows a trend
stationary series,

Y = 0.1t + &,

where &, ~ ii A(0, 1). The lower diagram shows with identical {&;}

t
W =00+ Y e,
i=1
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25
|

I I I I I
0 50 100 150 200 250

trend stationary with slope 0.1

15
|

0 50 100 150 200 250
integrated with drift (slope 0.1)

Fig. 15.1 Linear Time Trend

ie. y" is I(1) with drift:
Ay =01 + &,

The deviations from the linear time trend are in the lower case /(1) and are hence
much stronger than in the upper case. B

Trend Stationarity

The following proposition contains the properties of LS detrending under trend
stationarity.

Proposition 15.1 (Trend Stationary) Let {y;} from (15.3) be trend stationary, and
let @, denote a consistent estimator for w,. It then holds for B from (15.1) that

WP 4 w03 (15.5)

~

e

asn — Q.
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A proof is provided in Problem 15.2 relying on Proposition 14.2 (b). In practice, a
consistent estimator @, for w, will be built from LS residuals, 7es, = y, — ,3 t, see
below for details. .

Notice the fast convergence of the estimator  to its true value (with rate n'). In
real applications we would typically calculate a trend regression with intercept,

yr:&‘i‘gt‘i_ﬁr, tzl,...,n.

Hassler (2000) showed that limiting normality and the fast convergence rate of the
LS estimator with intercept, B, pertains, although the variance is affected:

].SB_ﬁ

e

£ N, 12);

n

again, this requires that @, constructed from the residuals is consistent.

1(1) with Drift

Now we assume {y,} to be integrated of order 1, possibly with drift. Note, however,
that the following proposition does not require § # 0, as we can learn from the
proof given in Problem 15.3.

Proposition 15.2 (I(1) with Drift) Ler {y,} from (15.4) be I(1), possibly with drift:
Ay, = B + e Let @, denote a consistent estimator for w,. It then holds for
from (15.1) that

pwsP—F 4 N(o,é) (15.6)

asn — Q.

Consistent estimation of the long-term variance will rely on the differences of the
residuals ({ Ares,}). Here, the LS estimator obviously converges much more slowly,
namely with the more usual rate n*> instead of n' as in the trend stationary case.
This does not come as a surprise given the impression from Fig. 15.1: Since the
trend stationary series follows the straight line more closely, the estimation of the
slope is more precise than in the I(1) case with drift.

A final word on Proposition 15.2: The same variance as in (15.6) is obtained in
the case of a regression with intercept, see Durlauf and Phillips (1988).
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Consistent Estimation of the Long-Run Variance

As we have just seen, a consistent estimation of w2 is frequently needed in
practice in order to apply the functional limit theory. For this purpose, {e;} is
to be approximated by residuals or differences thereof: In the trend stationary
case we have res; = ¢&;, while for I(1) processes it holds 7es, = X;, such that
Ares; = ¢,. The intuition behind an estimator 033 is readily available from (14.1),
w? = ,(0) + 2 Y72, y.(h), although three modifications are required. First, the
theoretical autocovariances need to be replaced by the sample analogues,

1 n—h
Ve(h) = — Zle Crti -

Second, the infinite sum has to be cut off as sample autocovariances can be
computed only up to the lag n — 1. Third, in order to really have a consistent
(and positive) estimator, a weight function wg(-) depending on a tuning parameter
B is needed (whose required properties will not be discussed at this point, but see
Example 15.2). In the statistics literature, wg(-) is often called a kernel. Put together,
we obtain as sample counterpart to (14.1):

n—1
B = 9(0) +2 > wp(h) e(h) . (15.7)
h=1

For most kernels wg(+), the parameter B (the so-called bandwidth) takes over the
role of a truncation, i.e. the weights are zero for arguments greater than B:

B
B2 = Pe(0) +2 > " wi(h) Pe(h) .
h=1

In fact, the choice of B is decisive for the quality of an estimation of the long-
run variance. On the one hand, B needs to tend to infinity with the sample size,
on the other it needs to diverge more slowly than n. Further issues on bandwidth
selection and choice of kernels have been pioneered by Andrews (1991); see also
the exposition in Hamilton (1994, Sect. 10.5).

Example 15.2 (Bartlett Weights) According to Maurice S. Bartlett (English statis-
tician, 1910-2002), a very simple weight function has a triangular form:

-2 h=1,2,....B+1
we(h) = BT ,2, +1
0, else
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Hence, the sequence of weights reads forh = 1,2,...B + 1:

B B—1 B+1—h 1 0
B+1 B+1° B+1 7 :

ey

B+1’

Plugging this in (15.7), the sum is indeed truncated at B:

B+1-

w—ye(0)+22 B+1 Pe(h).

Although the simple Bartlett weights are by no means optimal, they are widespread
in econometrics up to the present time, often also named after Newey and West
(1987) who popularized them in their paper. B
15.3 Integration Tests
We consider one test for the null hypothesis that there is integration of order 1 and
one for the null hypothesis that there is integration of order 0.
Dickey-Fuller [DF] Test for Nonstationarity
The oldest and the most frequently applied test on the null hypothesis of integration
of order 1 stems from Dickey and Fuller (1979).! In the simplest case (without
deterministics) the regression model reads

Xr=ax—;+e, t=1,...,n,

with the null hypothesis

Hy: a=1 (ie.x is integrated of order 1),

against the alternative of stationarity, H;: |a| < 1. For the LS estimator a from

.xt:&.Xt_1+Et, t=1,...,n, (158)

"Many more procedures have been developed over the last decades, notably the test by Elliott et al.
(1996) with certain optimality properties.
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we obtain under Hy the limiting distribution of the normalized LS estimator n (a—1).
Often, one does not work with n (a — 1), but the associated z-statistic:

- 2 -1y 52
_a—- 1 . 2 S _n Zt=l €;
t, = with s, = —; > = TR
Sa Zt=l X1 Zt=l X1

The limiting distributions from Proposition 15.3 are established in Problem 15.4.

Proposition 15.3 (Dickey-Fuller Test) Let the I(1) process {x;} (Ax, = e;) satisfy
the assumptions from Proposition 14.2. It then holds

(a) for a from regression (15.8) without intercept that

W2(1) — LD
n@a—1) > o

2 fol W2(s) ds ’

(b) and for the t-statistic that

1 W2 .0
i Jaor Jo W) dW(s) + ezafg()

la = ,
V7(0) i w2(s) ds

asn — Q.

In this elegant form these limiting distributions were first given by Phillips (1987).2
Note that the distributions depend on two parameters ¥, (0) and ? called “nuisance
parameters” in this context. They are a nuisance because we have to somehow
deal with them (remove their effect) without being economically interested in their
values. Particularly, if e, = ¢, is a white noise process, then the first limit simplifies
to the so-called Dickey-Fuller distribution, cf. (1.11) and (1.12):

pa—n 4 WO o W) dW(s)
2f01 W2(s) ds B fol W2(s)ds

This expression does not depend on unknown nuisance parameters anymore; hence,
quantiles can be simulated and approximated. One rejects for small (too strongly
negative) values as the test is one-sided against the alternative of stationarity
(la| < 1). Similarly, for @? = y,(0) the limit of the #-statistic simplifies to a ratio

2Through numerous works by Peter Phillips the functional central limit theory has found its
way into econometrics. This kind of limiting distributions was then celebrated as “non-standard
asymptotics”’; meanwhile it has of course become standard.
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free of nuisance parameters:

[ W(s) dW(s) |

Vo W2(s) ds

The numerator equals that one of DF, from (1.11).

In the relevant case that {e} is serially correlated, one can run two paths in
practice. Firstly, the test statistics can be appropriately modified by estimators for w?
and y,(0). Phillips (1987) and Phillips and Perron (1988) paved this way. Secondly,
one frequently calculates the regression augmented by K lags (ADF test):

DF = (15.9)

K
X=axo+ Y GAv+é&. t=K+1....n,
k=1
orwithgp =a—1
K
Ay =¢x+ ) @Ax i +4&. t=K+1.....n.
k=1

If K is so large that the error term is free of serial correlation, then the #-statistic
belonging to the test on a = 1, i.e. ¢ = 0, converges to the Dickey-Fuller
distribution, and available tabulated percentiles serve as critical values; for further
details see Said and Dickey (1984) and Chang and Park (2002). In practice, one
would run a regression with intercept. This leaves the functional shape of the
limiting distributions unaffected; only replace the WP W by a so-called demeaned
WP, see also Problem 15.5.

KPSS Test for Stationarity
Now, the null and the alternative hypotheses are interchanged. The null hypothesis
of the test suggested by Kwiatkowski, Phillips, Schmidt, and Shin (1992) claims
that the time series {y;} is integrated of order O while it exhibits a random walk
component under the alternative (hence, it is I(1)). Actually, this is a test for
parameter constancy. The model reads

yl‘:cl‘—‘f_el‘s t:1,...,n,
with the hypotheses

Hy : ¢, = ¢ = constant,

H : ¢;is arandom walk.
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Under the null hypothesis, the intercept is again estimated by LS:

From this, the partial sum process {S} is obtained:

t
S[ = E é].
j=1

Again, we assume that the long-run variance is consistently estimated from the
residuals e, under Hy. Then, the test statistic is formulated as

2n
n
2
n = — ES.
2 !
=1

e

The limiting distribution under the null hypothesis of stationarity is provided in
Problem 15.6.

Proposition 15.4 (KPSS Test) Let the 1(0) process {e;} satisfy the assumptions
from Proposition 14.2, and y, = ¢ + e,. It then holds that

1
n 5 / (W(s) — s W(1))%ds =: CM.
0
asn — oQ.

This expression does not depend on unknown nuisance parameters, and critical
values are tabulated. In econometrics one often speaks about the KPSS distribution
although this distribution has a long tradition in statistics where it also trades
under the name of the Cramér-von-Mises (C.M) distribution. Quantiles were first
tabulated by Anderson and Darling (1952). The limit CM is constructed from a
Brownian bridge with W(1) — 1 W(1) = 0, which reflects of course that S,, = 0 by
construction.

Linear Time Trends
Many economic and financial time series are driven by a linear time trend in the
mean. Consider a trend stationary process x;, = ft + e;, which is not integrated of

order 1. Still, it holds that

X =X—1+B+e—e—1.
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Hence, it is not surprising that a regression of x; on x,—; results in a Dickey-Fuller
statistic not rejecting the false null hypothesis of integration of order 1. In order
to avoid the confusion of a stochastic trend (unit root process integrated of order
1) and a linear time trend, one has to include time as explanatory variable in the
lag-augmented regression estimated by LS (we also add now a constant intercept)*:

K
N=C48t+ax g+ Y @A +&, t=K+1,....n.
k=1

Under the null hypothesis that {x,} is integrated of order 1 (possibly with drift), the
t-statistic associated with a — 1 obeys the following limiting distribution:

~ [ W) dw(z)

DF .
Vo W) di

The functional form is identical to that from (15.9), only that the WP is replaced by
a so-called detrended WP W defined for instance in Park and Phillips (1988, p. 474):

W) = W) — /01 W(s)ds + 12 (/01 sW(s)ds — % /01 W(s)ds) (% - t) .

We call DF also the detrended Dickey-Fuller distribution; critical values are
tabulated in the literature.

Similarly, the KPSS test may be modified to account for a linear time trend.
Simply replace the demeaned series ¢, = y; — y by the detrended one:

(15.10)

t
ér:y[_z'_ﬁt, Sr:Zé].
j=1

Computing the KPSS statistic 7 from e, results asymptotically in a detrended
Cramér-von-Mises distribution (C.M say) as long as the null hypothesis of (trend)
stationarity holds true. Details on CM and critical values thereof are given in

Kwiatkowski et al. (1992): 77 > CM with

2

1 1
5/T4=/ [W(s)+(2s—3s2) W(1)+(6s2—6s)/ W(r)dri| ds.  (15.11)
0 0

3Equivalently, one might feed detrended data into the ADF regression above.



15.4 Nonsense Regression 341

15.4 Nonsense Regression

Nonsense or spurious regressions occur if two integrated processes are regressed
on each other without being cointegrated. Hence, we need to start by defining
cointegration and by briefly recapping the standard statistics from the regression
model.

Cointegration

The starting point for the econometric analysis of integrated time series is the
concept of cointegration, which is also rooted in the equilibrium paradigm of
economic theory. The idea of cointegration was introduced by Granger (1981) and
has firmly been embedded in econometrics by the work of Engle and Granger
(1987).

Let us consider two integrated processes {x;} and {y,} integrated of order 1.
Sometimes we assume that there is a linear combination with b # 0 such that

yr_b.xz‘ =V (15.12)
is integrated of order 0. Here, y = bx is interpreted as a long-run equilibrium
relation, as postulated by economic theory, from which, however, the empirical
observations deviate at a given point in time ¢ by v,. If there is no linear combination
of two I(1) processes that is stationary, then {x;} and {y,} are called not cointegrated.

Estimators and Statistics in the Regression Model

We consider the regression model without intercept (for the sake of simplicity) that
is estimated by means of the least squares (LS) method:

i=PBx+i, t=1,..n. (15.13)
In this section we work under the assumption that {x,} and {y,} are integrated of

order 1 but not cointegrated. Hence, each linear combination, u, = y, — B x;, is
necessarily I(1) as well. Let {y,} and {x;} be both components of {z}:

i = (yt) .
Xt

n_O'SyLmJ = Bj(s) and n_o'stmJ = By(s).

Hence, it holds with (14.8):
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If the regressand y, and the regressor x; are stochastically independent, then this
property is transferred to the limiting processes B; and B;. Nevertheless, we will
show that then ,3 from (15.13) does not tend to the true value that is zero. Instead,
a (significant) relation between the independent variables is spuriously obtained.
Since Granger and Newbold (1974), this circumstance is called spurious or nonsense
regression.

The LS estimator from the regression without intercept reads

,3 _ D1 Xt Vi
Z:l=1xr2

The t-statistic* belonging to the test on the parameter value 0 is based on the
difference of estimator and hypothetical value divided by the estimated standard
error of the estimator:

p—o ., s N
tg = withsg = ———, §* = — u .
Sg ’ Zt:lxtz n;

As a measure of fit, the (uncentered) coefficient of determination is frequently
calculated,’

Yy

Z?:l er '

Finally, the Durbin-Watson statistic is a well-established measure for the first order
residual autocorrelation,

A A N2 1 NN
dw = Z?:z (it — it—1) ~2 (1= 7 Z?:z Up Ur—1
=1 n t=1"%

Let us briefly recall the behavior of these measures if we worked with 1(0)
variables x and y not being correlated (8§ = 0). Then, B would tend to 0, the t-
statistic would converge to a normal distribution and the coefficient of determination
would tend to zero. Finally, the Durbin-Watson statistic would converge to 2 (1 —
p1) > 0, where p; denotes the first order autocorrelation coefficient of the regression
errors. In the case of nonsense regressions, we obtain qualitatively entirely different
asymptotic results.

Ry =1

“For the following calculation of s> we divide by n without correcting for degrees of freedom,
which does not matter asymptotically (n — 00).

3“Uncentered”, as the regression is calculated without intercept.
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Asymptotics

Due to Proposition 14.4 (b) it holds for the denominator of the LS estimator

n 1
n2 thz LY /0 B3(s) ds,
=1

and for the numerator we obtain

n 1
n_ZZx,y, 4 / B(s) Bi(s) ds.
0

=1

Both results put together yield

3 4 JoBI6)Bs)ds _
fol B3(s) ds e

In particular, if y, and x; are stochastically independent, then ,3 does not tend to the
true value O but to the random variable Bo.. And as if that was not enough, the ¢-
statistic belonging to the test on the true parameter value 8 = 0 tends to infinity
in absolute value! Hence, in this situation #-statistics highly significantly reject the
true null hypothesis of no correlation and therefore report absurd relations as being
significant. This phenomenon was experimentally discovered for small samples by
Granger and Newbold (1974) and asymptotically proved by Phillips (1986). For
n — oo it namely holds that n=%° 75 has a well-defined limiting distribution. In
the problem section we prove in addition the further properties of the following
proposition.

Proposition 15.5 (Nonsense Regression) For I(1) processes {x;} and {y,} it holds
in case of no cointegration with the notation introduced that

1
d f Bi(s)Ba2(s)ds

(@) B S = B,

[ Bi(s)ds
0

1
J [ B3(s)ds
(b)R?, — B °*——=R%,
[ Bi(s)ds
0

1
(c) n's? < [ Bi(s)ds (1 —R%) =: 5%,
0

o0
1
s, d Boo || [ Br(s) ds
(d)n > —>——r

Soo ’

(e) dw 2 0,

asn — Q.
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As already has been emphasized: The results (a), (b) and (d) justify to speak of a
nonsense regression. A first hint at the lack of cointegration is obtained from the first
order residual autocorrelation: For nonsense or spurious regressions, the Durbin-
Watson statistic tends to zero.

Example 15.3 (Hendry, 1980) Hendry (1980) shows the real danger of nonsense
regressions. In his polemic example, the price development (measured by the
consumer price index P) is to be explained. For this purpose, first a money supply
variable M is used. Then a second variable C is considered (for which we could think
of consumption), and it appears that this time series explains the price development
better than M does. However, there can in fact be no talk of explanation; this is
a nonsense correlation as behind C the cumulated rainfalls are hidden (hence, the
precipitation amount)! By the way, note that P and C are not (only) integrated of
order 1 but in addition exhibit a deterministic time trend, which only aggravates the
problem of nonsense regression. W

If integrated variables are not cointegrated, they have to be analyzed in differences,
i.e. Ay, is regressed on Ax,, resulting in the familiar stationary regression model.
Naturally, not all integrated economic variables lead to nonsense regressions. This
does not happen under cointegration, which brings us to the final chapter.

15.5 Problems and Solutions

Problems

15.1 Show
L 2”: *— L forke N
nk+1 p k+1

as n — oo.

15.2 Prove Proposition 15.1.
15.3 Prove Proposition 15.2.
15.4 Prove Proposition 15.3.

15.5 Derive an expression for the limiting distribution of n(a@ — 1) undera = 1 if a
model with intercept is estimated in the Dickey-Fuller test:

xx=c+ax—1+¢, t=1,...,n.

Assume Ax; = g; to be white noise.
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15.6 Prove Proposition 15.4.
15.7 Prove the statements (b), (c) and (d) from Proposition 15.5.

15.8 Prove statement (e) from Proposition 15.5.

Solutions

15.1 Define the continuous and hence Riemann-integrable function f on [0, 1] with
antiderivative F':

k+1

F) = WhF@:g+y

Further, we work with the equidistant partition
" i
031 = li—1, 4], = —
[0.1] H[ ot =

Hence,
1 n n t‘ k 1 n
pras) ka = Z (;) - = Zf(li) (ti — tim1)
=1 =1 i=1
- [ Wi = F() ~ F(0).
0

which proves the claim.

15.2 According to the hints in the text, it holds

Yo t(Br+e)
Do PP B

Dt

B = B+
T+l

or

—1.5\"
niR Y te

1 1 1 °
3t tez

(- p) =
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The denominator tends to % whereas Proposition 14.2 (b) guarantees the following
limiting distribution:

W3y & el SO,

3

From Example 9.2 it follows that

~

1
nl'S'B_'8 < / sdW(s) ~ N(O, l) .
0

3w, 3

If w, is replaced by a consistent estimator,
AP
We — W,

then the result from (15.5) is established.

15.3 The I(1) case is treated in an analogous way as the trend stationary case, see
Proposition 14.2 (c):

—25\w
n Do b

1 1 1
3t ter

n3(p—p) =

1
3 W(s)d
_d)(ufosl () s

3

From Corollary 8.1 (c) it follows for ¢ = 0
! 2
/ sW(s)ds ~ N[0, — ).
0 15

15.4 Under Hy, the LS estimator is given as:

Hence, (15.6) is proved.

n n
=1 Xt—1Xt =1Xt—1€t
Sinon _, Xigee

P P

a:

Insofar it holds

-1 n
n Zt=lxt—lef

na—-1)=—=5 -
Y X
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Thus, numerator as well as denominator are in a form accessible for Proposi-
tion 14.2,

2w2

w? fol W2(s)ds fo W2(s)ds

2 —
% (WA(1) — %0’) S W (s)dw (s) + 2550

n@a—1)—

which is the first distribution to be established.
To find the second limit, one has to handle the standard error s, of a. It is based
on the residual variance estimation

1 « 1
2 ~2 A 2
s = - E e = — E (x, — axi—1)
n n
=1 =1

1 ¢ .
= =D (=2 +e)
=1

n

(1—-a)? & 2(1 — 4) — 1
S D MAREL ) SOREET ) O
n =1 n =1 nt=1
22: 1 tl Zt lx,_le, I ¢ 2
= 2n(1 — —
n’(1 —a) + 2n( +- e

L0+2:0+ 7.0,

where Proposition 14.2 (e), (f) and n™! Yoy et2 — ¥.(0) as well as the circumstance
that n(1 — a) converges in distribution were used. All in all, it hence holds for the
t-statistic:

a—1 (a-1 Z?:lxtz—l

Sa s

n@—1)/n=23"_ x2,

N

( JEW(s)dW(s) + & MO’) Jo? [ W2(s)ds
_)
V7e(0) fo W2(s)ds

@e Jy W(s)dW(s) + ©2=7e(0)

_ 2‘“52
vV 7e(0) /fol W2(s)ds

This completes the proof.

ty =




348 15 Trends, Integration Tests and Nonsense Regressions

15.5 With the means
I _ 1 I
x:;ths x—l:Zth—ls SZZZ&
=1 =1 =1

it holds for the LS estimator when including an intercept under a = 1:

Z:l:](xt—l —X_1)X; _ Z?:l(xt—l —X—1) (X1 + <9t)

a=

> (omp —X—p)? B Yo (i —X-1)?
_ Z:l=1(xt—l —)_C—l)(xt—l —f—l) + Z:l=1(xt—l —)_C—l)sr
Dot (i1 = X-1)? oy (i —X)?

Thus, we obtain

n”! (Z:;l Xi—18 —X—1 ) 1 St)

n(a - 1) = m E
n=2 (3o Xy — n(3-1)?)
— n”! Z’::l X—18 — n 99%_n~%%x,
2y X — (”_O'SX_I)Z
For & ~ WN(0,02) with > = 02 = y,(0) it therefore holds due to

Proposition 14.2 (a), (e) and (f) and according to Proposition 14.1 for s = 1:

s 1) b T I WOAWE) — o [ Weds oW
o fol W(s)ds — (o fol W(s)ds)?

_ Jo W(s)aW(s) = W(1) [, W(s)ds
T TWaeds— (ff wds)?

If one defines the demeaned WP,

W(s) := W(s) — /01 W(r)dr,

then one observes two interesting identities:
1 1
| woawe = [ weawe
0 0
1 1 1
=/ W(s)dW(s)—/ W(r)dr/ dw(s)
0 0 0

1 1
= / W(s)dW (s) — / W(r)drw (1),
0 0
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and

2
/Ol(w(s))st = /01 (WZ(s) - 2W(s)/01 W(r)dr + (/01 W(r)dr) )ds
_ 1 , B 1 1 ( 1 )
= /0 W= (s)ds 2/0 W(s)ds/o W(r)dr + /0 W(r)dr
= [N Wt ([ wow)
—/0 W=(s)d. /0 W(s)ds | .

Hence, the limiting distribution in the case of a regression with intercept (which is
equivalent to running a regression of demeaned variables!) can also be written as:

2

4 Jo WE)dW(s)

BTSN

Thus, one obtains the same functional form as in the case without intercept, save
that W (s) is replaced by W(s).

15.6 For the partial sum S, we obtain under the null hypothesis:

t t
Si=) 8= (0.
j=1 j=1

The adequately normalized squared sum yields

n n L S2
ny St=n") :/ Sy ids + =
=1 n

=1 =1 n

N [ (St
2 Ca

where So = 0 was used and S|, is the step function from Proposition 14.2:

2 2
Sn
) dS+ n—z,

Lsn]
_ t—1 ¢t
Sien) = Z(ej —e), sE€ [—, —) .
= n o n
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Note that S, is zero by construction:

n

Sn=2(e,—é)=né—nz»=o.

J=1

Hence, we obtain

2n 2 1SL‘J 2
n- S=/(M)ds.

As there is a continuous functional on the right-hand side, Proposition 14.3 with
Proposition 14.2 yields:

”w—_; ;sf 4 /0 1(W(s)—sW(l))2 ds.

e

If ®? is replaced by a consistent estimator, then we just obtain the given limiting
distribution C M as a functional of a Brownian bridge. This completes the proof.

15.7 The limit B of ,3 given in Proposition 15.5 is adopted from the text.

The s? is based on the LS residuals #, = y, — ,3x,. Hence, the sum of squared
residuals becomes

n n n n
Zﬁtz = Zyrz - 252)’&% +p? thz
=1 =1 =1 =1

2
= Zn:yz_z(zlt;ﬂtxt)z i (Z?=1yrxt) zn:xz
=1 ' Z’::l x% Z:l=l x% '

=1

_ Xn:yz _ (Z:l=1ytxt)2
P ' D=1 X7

n

=>"-p> i
=1

=1

Thus, again with Proposition 14.4 (b), one immediately obtains for the uncentered
coefficient of determination:

. n Yyl
n2y ) ¥

B2y X}

n2y ) ¥

Rl =1
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i) ﬂgo fol B%(s)ds
fol B%(s) ds
=R

[o ok

The relation used above between the sum of squared residuals and the coefficient
of determination further yields

1 n
n s = = E it,z
n
=1

(1 - Ric) n_2 Z yt2
=1

1
L a-r) /0 B2(s)ds

— 2
=55

Moreover, the asymptotics of s> enables us to state the behavior of the -statistic
as well. The required normalization is obvious:

_ Bn2d %7

n—035g

n—O.Stﬁ

4 Poo /IB%(s)ds.
0

Soco

15.8 Dueto i, = y, — ,éx,, the numerator of the Durbin-Watson statistic yields:
n n . 2
n”! Z(ﬁr - ﬁr—l)z =n' Z (A)’t - ,BA)C,)
=2 =2

n 2
—1 5
=n E (Wl,t_,BWZ,t)
=2
n

h N p2 N
_ -1 2 2p p 2
=n Wl,t — " Wit W2 + 7 Wz,t

=2 =2 =2

d
= 71(0) — 2Boo - Cov(wi,, wa,) + B2 12(0),
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where y;(0) denote the variances of the processes {w;,}, i = 1, 2. By definition one
obtains

n! Z:l:z(’jtt - 'jit—l)2
nT2 Y i
_d) Y1(0) — 2Boo - Cov(wy s, wa ) + ,3§o ¥2(0)

2
Soo

ndw =

Consequently, dw tends to zero in probability.
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16.1 Summary

This chapter is addressed to the analysis of cointegrated variables. Properties like
superconsistency of the LS estimator and conditions for asymptotic normality are
extensively discussed. Error-correction is the reverse of cointegration, which is
why we provide an introduction to the analysis of error-correction models as well.
In particular, we discuss cointegration testing. In 2003, Clive W.J. Granger was
awarded the Nobel prize for introducing the concept of cointegration. Finally, we
stress once more the effect of linear time trends underlying the series.

16.2 Error-Correction and Cointegration

Before cointegration had been launched, so-called error-correction models
impressed due to their empirical performance, cf. e.g. Davidson, Hendry, Srba,
and Yeo (1978). Today we know that these models are just the other side of
the cointegration coin. By way of example, the key statement of Granger’s
representation theorem from Engle and Granger (1987) is illustrated, which
demonstrates the fact that error-correction and cointegration are equivalent.

Autoregressive Distributed Lag Model
Let us consider a dynamic regression model in which {y,} has an autoregressive
structure on the one hand and which is explained by (lagged) exogenous variables

x;—; on the other:

Vi=ary1 -+ apyipcoXi Foi X+ X+ &
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Hence, this is an extension of the AR(p) process. Because of the additional
exogenous explanatory variables, we sometimes speak of ARX(p, £) models,
although such processes are more often called autoregressive distributed lag
models, ARDL(p, £). We assume that {x,} is integrated of order one. In order to have
cointegration with {y,}, the ARDL model has to be stable. We adopt the stability
condition from Proposition 3.4:

l—ajz——a=0 = [7>1.
Example 16.1 (ARDL(2,2)) With p = £ = 2 we consider
Ve =aiyi—1 +axyi—2+cox; +ci1x—1 +c2x-2+ 8.
Due to the assumed stability, the parameter b can be defined:

bo— cotcr+c
o 1—a1—a2 ’

In fact, the denominator is not only different from zero but positive if stability is
given (which we again know from Proposition 3.4): 1 — a; — a; > 0. Thus, the
following parameter y is negative:

y:=—(1—a —a)<0.
Elementary manipulations lead to the reparameterization (cf. Problem 16.1)
Ay, =y [yi—1 = bxi—1] —as Ay,—1 + co Axy — ¢ Axi—1 + & . (16.1)

In this equation differences of y are related to their own lags and differences of
x. In addition, they depend on a linear combination of lagged levels (in square
brackets). This last aspect is the one constituting error-correction models. The
cointegration relation y = bx is understood as a long-run equilibrium relation
and v,—; = y,—1 — bx;—; as a deviation from it in # — 1. This deviation from the
equilibrium again influences the increments of y,. The involved linear combination
of y,—1 and x,—; needs to be stationary because {Ay,} is stationary by assumption.
Hence, in the example it is obvious that such a relation between differences and
levels implies cointegration. Indeed, it is the lagged deviation from the equilibrium
v,—1 influencing the increments of Ay, with a negative sign. If y,—; is greater than the
equilibrium value, v,—; > 0, then this affects the change from y,_; to y, negatively,
i.e. y is corrected towards the equilibrium, and vice versa for values below the
equilibrium value. What economists know as deviation from the equilibrium is
called “error” (in the sense of a deviation from a set target) in engineering, which
explains the name error-correction model. W
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The example can be generalized. Cointegrated ARDL models of arbitrary order can
always be formulated as error-correction models. This is not surprising against the
background of Granger’s representation theorem.

Granger’s Representation Theorem

Error-correction adjustment is the downside to cointegration. The relation between
cointegration and error-correction is explained by the following proposition where
we, however, will not spell out all the technical details. The result goes back to
Granger, cf. Engle and Granger (1987) or Johansen (1995, Theorem 4.2).

Proposition 16.1 (Representation Theorem) Let {y,} and {x,} be integrated of
order one. They are cointegrated if and only if they have an error-correction
representation,

p 4

Ay =yvi+ Y @Ay + Y o Ax i+ &, (16.2)
j=1 j=1
Px £y

Axy =y + Y a Ay + Y o Ax e (16.3)
j=1 j=1

v=y—bxy ~10), b#O0, (16.4)

where at least one of the so-called adjustment coefficients y or 'y, is different from
zero.

Of course, not all g; (a}x)) and «; (oz}x)) need to be different from zero. The error
sequences {¢,} and {,,} are white noise and may be contemporaneously correlated.
Frequently in practice, additional contemporaneous differences of the respective
other variable are hence incorporated on the right-hand side. For Eq.(16.2) this
means e.g. the inclusion of oy Ax;. Then, one sometimes also speaks of the
conditional or structural error-correction equation.

Cointegration and the Long-Run Variance Matrix

In (14.6) the symmetric long-run variance matrix §2 of a stationary vector has been
defined. We now consider an I(1) vector z, = (z14, z2,,) such that Az, = (wy,, wa,)’
is integrated of order zero, which is why 2 cannot be equal to the zero matrix.
Nevertheless, the matrix does not have to be invertible. It rather holds: If the
vector {z;} is cointegrated, then £2 has the reduced rank one and is not invertible.
Equivalently, this means: If £2 is invertible, then {z; ,} and {z,} are not cointegrated.
To this, we consider the following example.
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Example 16.2 (2 under Cointegration) In this example, let {z,,} be a random
walk, the cointegration parameter be one, and the deviation from the equilibrium
v, = &1, be iid and independent of { Az, ,}:

2 =220+ €14,
221 =224—1 1+ &2

Hence, if {¢;,} and {&,,} are independent with variances 012 and 022, then one shows
withwi; = Azi; = &3, + €1 —e1—1 and wy; = Azp; = €34

02 +20? o? —02 0
1"w(0)=( 2 o 1 022 and Fw(l)z( 01 0).

For h > 1, I,(h) = 0. Thus, it holds:

ot (1)

i.e. the matrix is of rank one and not invertible. H

Conversely, it holds as well that full rank of §2 follows from the absence of
cointegration. This is to be illustrated by the following example.

Example 16.3 (§2 without Cointegration) Now, let {z;,} and {z,,} be two random
walks independent of each other:

2t = 2u—1t+ €1t

22t =224—1 1+ &2

Since {e1,} and {,,} are independent with variances o7 and o3, one shows with

wis =¢&,and wy, = &y
o2 0
I,(0) = 1 .
o=(%2)

For h > 0, I,(h) = 0. Thus, it holds:
2, =1,,0),

where this matrix has full rank 2 in the case of positive variances and is thus
invertible. W

Hence, the presence of cointegration of the I(1) vector {z;} depends on the matrix
£2. The examples show that no cointegration of {z;} is equivalent to the full rank of
£2, cf. Phillips (1986).
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Linearly Independent Cointegration Vectors

For more than two I(1) variables linearly independent cointegration vectors can
exist. In such a situation there can be no talk of “the true” cointegration vector. Each
and every linear combination of independent cointegration vectors is itself again a
cointegration vector. Although this cannot occur under our assumption of a bivariate
vector, we want to become aware of this problem by means of a three-dimensional
example.

Example 16.4 (Three Interest Rates) Assume z1, zp and z3 to be interest rates for
one-month, two-month and three-month loans integrated of order one. Then one
expects (due to the expectations hypothesis of the term structure) the interest rate
differentials z; — z, and z, — z3 to provide stable relations:

21— 22 = Vg ~ I(O),
22— 23 = U2y ~~ I(O)-

Here, b} = (1,—1,0) and &, = (0, 1, —1) are linearly independent, and both are
cointegrating vectors for z, = (21,22, 23,) as V1, and v, are both assumed to be

1(0):
b,l 21t _ i
b/z 2.t Vas .

23t

Hence, the uniqueness of the cointegration vector is lost. It is rather that b; and b,
form a basis for the cointegration space. Each vector contained in the plane they
span, i.e. each linear combination of b; and b», is itself again a cointegration vector.
For example for

o=br+ (1 —a)br=| -«
o—1

one obtains a stationary relation comprising all three variables from z,,

21 =z, + (1 —a)za, + v+ (1 —a)vay,,
where vy, + (1 — «)vy, is 1(0). In particular for « = 0 one sees that z;, and z3,
alone are also cointegrated with the cointegration vector 8 = b} + b, = (1,0, —1).

The cointegration vectors by, b, as well as §y provide economically reasonable and
theoretically secured statements on the interest rate differentials. However, S, for
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an arbitrary « is just as good a cointegrating vector. Hence,
a=an+(l-a)z

fora # 1 ora # 0is as well a “true” long-run equilibrium relation, even if, in
contrast to the interest rate differentials, it is not readily amenable to an economic
interpretation. These problems with the interpretation of more than one linearly
independent cointegration vectors are of a fundamental nature and cannot be solved
unless one makes a priori (economically plausible) assumptions on the form of the
cointegrating vectors. The cointegration analysis is not the life belt saving us from
the lack of identification: With purely statistical methods one generally cannot make
economic statements. W

For only two I(1) variables {y,} and {x,}, linearly independent cointegration vectors
cannot exist. We show this by contradiction. Hence, let us assume with b; # b,
from R that two linearly independent relations exist. We collect them row-wise in

the matrix B:
1 —b;
B = .
( 1 —bz)

Then, it holds by assumption that

B ( )’t) _ (yt_blxt) _ ( Ul,t)
Xt v — box, V2t
is a vector of I(0) variables {v;,} and {v,,}. Due to the independence of the
cointegration vectors, B is invertible:

()’t) — p! (Ul,r)'
Xt Vot
This yields {y,;} and {x,} as linear combinations of {v;,}, i = 1,2, from which

it follows that {y,} and {x;} themselves have to be 1(0), which contradicts the
assumption.

16.3 Cointegration Regressions

In the case of bivariate cointegration, the LS estimator of a static regression of y,
on x; tends to the true value with the sample size (i.e. with rate n). For this fast rate
of convergence the term superconsistency has been coined in the literature. At the
same time limiting normality only arises under additional assumptions.
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Superconsistent Estimation

We consider the LS estimator regressing y, on x, under the assumption (16.4) that
cointegration is present. For the sake of simplicity, we again do not allow for an
intercept (which is why we assume that the I(1) processes have the starting value
Zero):

yve=bx,+0,, t=1,....n. (16.5)

Then we write for the LS estimator:

or

i
2y
=1

To be able to apply the functional limit theory from Chap. 14, we now define

t

w, = ( Ue ) , le. z = i; vi (16.6)
Axt

Xt

instead of z, = (y;, x;) as in Sect. 15.4 without cointegration. Then it holds with the
results from Proposition 14.4(b) and (c):

1 00
J Ba2(s)dBi(s) + hZOE(Axterrh)
0 =

n(b—b) - 1
{B%(s)ds

As the LS estimator tends to the true value with the sample size n instead of with
only n% as for the stationary regression model, since Stock (1987) and Engle and
Granger (1987) it has become common usage to speak of superconsistency of the
static cointegration estimator from (16.5); however, this result has been known from
Phillips and Durlauf (1986) already.

Note that the estimation of b is consistent despite possible correlation between
error term v, and regressor x; (or Ax;). Insofar the cointegration regression knocks
out the simultaneity bias (or “Haavelmo bias”): Superconsistency is a strong
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asymptotic argument for single equation regressions despite possibly existing
dependencies through simultaneous relations between the individual equations,
i.e. despite correlation between regressors and error term. According to this, the
cointegration approach can be understood as a reaction to the simultaneous equation
methodology of former decades. At the same time, it is not clear anymore which
variable constitutes the endogenous left-hand side and which quantity identifies the
exogenous regressor. Beside (16.4), it also holds as a “true relation” that
e Uy

Xt = — — —.

b

Hence, if x, is regressed on y,, then one would obtain analogously a superconsistent
estimator for »~!. This vehemently contrasts the results of the stationary standard
econometrics where the (asymptotic) validity of LS crucially depends on the correct
specification of the single equation and exogeneity assumptions.

Further Asymptotic Properties
In Problems 16.2 and 16.3 we prove the further properties of the following
proposition. Here, the standard errors of the f-statistic, the uncentered coefficient

of determination and the Durbin-Watson statistic are defined as in Sect. 15.4.

Proposition 16.2 (Cointegration Regression) For cointegratedI(1) processes {x;}
and {y;} it holds with (16.4) and the notation introduced that

1
N d / B (s)dB1(s)+ Ay
(@nb-b) — *———,

[ B3 (s)ds
0
d
(b) n(1 —R%) > —uO
b2 [ B3(s)ds
0
P
(c) s - y1(0),
1
b g [ B2)dBi(s)+ A
— b— 0
(d) tb = Y_b —> —l s
71(0) { B3(s)ds
14
(e) dw = 2(1—py(1)),

where

o0
Aw =Y E(Axvipn) and  y1(0) := Var(v))
h=0

asn — Q.
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Three remarks are to help with the interpretation. (i) Note again that supercon-
sistency holds even if the regressors x, correlate with the error terms v,. This
nice property, however, comes at a price: Unfortunately, the limiting distributions
from Proposition 16.2(a) and (d) are (without further assumptions) generally not
Gaussian. (ii) As a rule, for regressions involving trending (integrated) variables
one empirically observes values of the coefficient of determination near one, which
is explained by Proposition 16.2(b). Due to that, for trending (integrated) time
series the coefficient of determination cannot be interpreted as usual: Since {y;}
does not have a constant variance, the coefficient of determination does not give
the percentage of the variance explained by the regression. (iii) At no point it was
assumed that the error terms, {v,}, are white noise. For the first order residual
autocorrelation, it holds

0,0 E(vv
Py Lt W0t 2 gy = BO)
> 7 Var(v,)

which is just reflected by the behavior of the Durbin-Watson statistic.

Asymptotic Normality

The price for the superconsistency without exogeneity assumption is that the
limiting distribution of the #-statistic is generally not Gaussian anymore. However,
if v, and Ax; are stochastically independent for all ¢ and s, then Krdmer (1986)
shows that asymptotic normality arises. This assumption, however, is stronger than
necessary. It suffices to require, first, Ay, = 0 and, second, that the Brownian
motions B and B, are independent. For independence of B and B, we only need

o0
o= ) E(Axvsi) =0 (16.7)
h=—00
as under this condition it holds that B; = w;W;. Due to Proposition 10.4 the

following corollary is obtained (also cf. Problem 16.4).

Corollary 16.1 (Asymptotic Normality) If A,, from Proposition 16.2 is zero, then

it holds under (16.7) that
a)2
)/1 0)

asn — Q.

If one has consistent estimators for the variance and the long-run variance, then
the #-statistic can be modified as follows and can be applied with standard normal



362 16 Cointegration Analysis

distribution asymptotics under Corollary 16.1:

710
= V{(z)tb L N, 1.
Wi

For the estimation of the long-run variance, we refer to the remarks in Sect. 15.2, in
particular Example 15.2. As {v,} itself is not observable, y;(0) and cblz have to be
calculated from 0, = y, — bx,.

Efficient Estimation

The assumptions Ay, = 0 and w;; = 0 required for Corollary 16.1 are often not
met in practice. We now consider modifications of LS resulting in limiting normality

that get around such restrictions. To that end we have a closer look at the LS limit
from Proposition 16.2 called now L(b):

nb—b) S L.
We define the process Bj.;,
Bi2(s) := Bi(s) — w1205 *Ba(s), (16.8)
in such a way that it does not correlate with B;:
E(B12(r)Ba(s)) = min(r, s)oi, — min(r, s)wpw; *w; = 0.

Because of normality the two processes are thus independent. The variance of the
new process is

Var(Bi2(s)) = E(B1,(5)) = s0i,, o, = 0] —0ho .
With
Bi(s) = Bia(s) + Ba(s)w; 12

we may now decompose the LS limit as follows:

L) = ( /0 1 Bg(s)ds)

=L+ Lo+ Ls.

-1

1 1
[/ By (s)dB1.2(s) + / By (5)dBa(s)w5 *win + Axv:|
0 0
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The first component, £, is conditionally normal with mean zero, i.e.

1 —1
L] B, ~N(0,a)12,2 (/ Bg(s)ds) ) ,
0

which is true by Proposition 10.4. The second component defined as a multiple of
fol By(s)dB>(s) = (B3(1) — 1)/2 is stochastic and introduces skewness into E(B),
while finally this distribution is shifted deterministically by A,,. Consequently, for
arbitrary ¢ > 0 one has

P(ILi| < &) > P(L(D)| <e),

see Saikkonen (1991, Theorem 3.1) Saikkonen. In that sense, £; is more concen-
trated around zero than ﬁ(lA)) in general, such that intuitively the LS estimator is
closest to zero for w1, = A,, = 0. This is the intuition for the following definition:
Let b denote a cointegration estimator with

1 -1
n(b* —b) 5 L, where LBy~ N (0,(02 (/ Bg(s)ds) ) , (16.9)
0

for some positive constant w; then b is said to be efficient (see Saikkonen 1991 for
a more general discussion). To further justify this notion of efficiency we note that
full information maximum likelihood estimation of a cointegrated system results in
exactly this distribution, see Phillips (1991).

Efficient cointegration regressions are not only interesting because they achieve
the lower bound for the standard error; more importantly, related #-type statistics
are asymptotically normal, which allows for standard inference. Suppose we have
an efficient estimator satisfying (16.9), and that & (typically computed from
cointegration residuals) is consistent for . Then we define the #-type statistic

From the previous discussion it follows, see Phillips and Park (1988):

5 N, 1),

Consequently, the caveat of superconsistent LS cointegration regression, lacking
normality in general, is overcome by efficient estimators.

Let us repeat once more: LS cointegration estimation is efficient under the not
very realistic assumption that w;, = A,, = 0. Several modifications of LS
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achieving efficiency without this assumption have been proposed. First, the so-
called dynamic LS estimator suggested independently by Saikkonen (1991) and
Stock and Watson (1993) is settled in the time domain, see also Phillips and Loretan
(1991); second, so-called frequency domain based modifications of LS have been
suggested by Phillips and Hansen (1990) (“fully modified LS”) or Park (1992)
(“canonical cointegrating regression”); they all meet (16.9) and T ~ N(0,1),
asymptotically.

Linear Time Trends

In Sect. 15.2 we considered linear time trends and I(1) processes, i.e. so-called
integrated processes with drift:

Xx=u+x_1+e, u#FO. (16.10)

By repeated substitution one obtains

t
x,:x0+p,t+Zej,
=1

i.e. {x;} consists of a linear trend of the slope u and an I(1) component; and of a
starting value whose influence can be neglected such that we set x, = 0 w.l.o.g.
In addition, let the cointegration relation (16.4) hold true. Consequently, {y;} as
well exhibits a linear trend of the slope b u. The cointegration relation (16.4)
simultaneously eliminates the deterministic linear time trend and the stochastic I(1)
trend from both series. In this case the static LS regression from (16.5) yields an
even faster rate of convergence (n' instead of 1) and simultaneously, the limiting
distribution is Gaussian. The following proposition is a special case of the more
general results from West (1988). We prove it in Problem 16.5.

Proposition 16.3 (West) We assume cointegrated I(1) processes {x;} and {y;} with
drift (i.e. (16.10) with (16.4)). Then it holds for the regression (16.5) without
intercept that

~ 2
nSGb—b) S N (0.2
as n — oo, where a)12 is the long-run variance of {v,} from (16.4).

For the sake of completeness, note that the asymptotics from Proposition 16.3 is
qualitatively retained if the regression is run with intercept. However, the variance of
the Gaussian distribution is changed. It becomes 12a)12 /2. For practical inference,
w? has to be estimated from {x,} or {Ax,}, while ®? can be estimated consistently
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from the cointegration residuals v,. For u = 1 the limiting distribution from
Proposition 16.3 equals that from (15.5), which is not coincidental, see also the
proof in Problem 16.5: The scalar I(1) regressor with drift is dominated by the
linear time trend; hence, the cointegration regression amounts to a trend stationary
regression.

Note, however, that Proposition 16.3 holds only in our special case that x; is a
scalar I(1) variable. If one has a vector of I(1) regressors with drift instead of a
scalar variable, then the asymptotic normality in general does not hold anymore,
and the very fast convergence with rate n'- is lost as well. Instead, Hansen (1992)
proved results in line with Proposition 16.2 if there are several I(1) regressors of
which at least one has a drift.

16.4 Cointegration Testing

If one regresses nonstationary (integrated) time series on each other, the inter-
pretation of the regression outcome largely depends on whether the series are
cointegrated or not. Hence, one has to test for the absence or presence of cointe-
gration.

Residual-Based Dickey-Fuller Test

The idea of the following test for the null hypothesis of no cointegration dates
back to Engle and Granger (1987), although a rigorous asymptotic treatment was
provided later by Phillips and Ouliaris (1990). The idea is very simple. Without
cointegration any linear combination of I(1) variables results in a series that too
has a unit root. Hence, the Dickey-Fuller test is applied to LS residuals, which are
computed from a regression with intercept:

W=y —a&—Px.

Due to the included intercept, {i,} are zero mean by construction. Hence, the DF
regression in the second step may be run w.l.o.g. without intercept:

The LS estimator a converges to 1 under the null hypothesis of a residual unit root
with the rate known from Sect. 15.3. However, ,3 does not converge to 0, but a
limit characterized in Proposition 15.5. Consequently, the asymptotic distribution of
n(a — 1) does not only depend on one WP but rather on two. Let 7,(2), involving 2
I(1) processes, denote the t-statistic related to a — 1. Then the limit depends on two
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standard Wiener processes W and W5:

1.02) S DF (W, W) . (16.11)

Interestingly, this limit is free of nuisance parameters as long as {Ay,} and {Ax,}
are white noise; in particular, it does not depend on the eventual correlation
between {Ay,} and {Ax;}; see also Problem 16.7. If {Ay,} and {Ax;} are not white
noise processes, then @ may be computed from a lag-augmented regression, or a
modification to the test statistic in line with Phillips (1987) has to be applied. Critical
values or p-values are most often taken from MacKinnon (1991, 1996). Here, we do
not present a definition of the functional shape of the limit DF (W1, W,); rather, to
give at least an idea thereof, we consider now explicitly the less complicated case
without constant. So, i, and ,3 are now from a regression without intercept,

=y — ,3x, .
We use a new notation to denote the subsequent DF regression
y=am—+&, t=1,...,n.
In Problem 16.7 the following result is given.

Proposition 16.4 (Phillips & Ouliaris) Let {z,} with 7, = (v, x;) be a random
walk such that { Ay,} and { Ax,} are white noise processes not correlated for t # s,
although we do allow for contemporaneous correlation. In case of no cointegration
it holds with the notation introduced above that

iijmdUm

a—1
n(a ) fol Uz(t) d

with

1) Wi(s)Wa(s) ds

U@) =W, —
(1 1(2) W) ds

Wa(1),

where Wi and W, are two independent Wiener processes.

The functional shape of this limit corresponds exactly to the one in (1.11); only that
the WP W is replaced by U, which is, however, no longer a WP. Not surprisingly,
the new process U is defined as residual from a projection of W, (corresponding to
y) on W, (corresponding to x). Once more this shows the power and elegance of the
functional limit theory approach introduced in Chap. 14.
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Residual-Based KPSS Test

It comes in natural to apply also the KPSS test to regression residuals. As in
Sect. 15.3 the hypotheses are now exchanged: We test for the null hypothesis
of cointegration against the alternative of no cointegration. Working with LS
cointegration residuals, O, = y, — bx,, we have under the null hypothesis

b =v,—(b—b)x.
where
A d
n(b—>b) = bso

with the limiting distribution b, characterized in Proposition 16.2. Interestingly, we
observe by a FCLT (Proposition 14.1) that

15 (b —b) x| = booBa(r),

with B, being the Brownian motion behind {x,} from z, = (Z;:l vj, x,). Therefore,

it holds that (13 —b) x, converges to zero with growing sample size, and the empirical
residuals are proxies of the unobserved cointegration deviation: 0, ~ v,. Hence, it
is tempting to believe that a KPSS test applied to the sequence {v;} behaves as if
applied to {v,}. This, however, is not correct, as we will demonstrate next, since
the limit characterized in Proposition 15.4 is not recovered when working with
cointegration residuals.

The KPSS test builds on the partial sum process S; = Z;zl ¥;. Mimicking the
proof of Proposition 14.2(a) in Problem 14.3, we obtain the following FCLT for the
partial sum process:

Lrn] Lrn]
n_O'SSLmJ =n 0 Z v;—n (l; —byn!? ij
j=1 j=1

= B(r) — beo /rBz(s) ds.
0

Notwithstanding that 9, &~ v, we must thus not jump at the conclusion that the
residual effect is negligible: The more careful analysis showed that the limit of the
partial sum process depends on the distribution by, arising from the cointegration
regression.

What is more, we know that the LS limit b, from Proposition 16.2 is plagued by
the nuisance parameters A,, and w, except for the special case of Corollary 16.1.
Therefore, Shin (1994) suggested to apply the KPSS test not with LS residuals but
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with residuals from an efficient regression (now with intercept),
t
S;":Zﬁﬁ—, ,aj—‘r:yt_&‘l'_b‘Fxt’
j=1

where bt is efficient in the sense of (16.9). Efficient cointegration regressions
rely on removing A,, and w, consistently. Hence, Shin (1994) showed that the
limiting distribution of the KPSS test applied to efficient residuals is free of nuisance
parameters, and he provided critical values. Let 77 (2) denote the residual-based
KPSS statistic building on v\ = y, —a* — b x,, thus involving two I(1) variables.
Under the null hypothesis of cointegration it holds asymptotically that (Shin, 1994,
Thm.2)

7 (2) 4 CM(Wy, W),

where

f(f W, (r)dr fol W, (r)dW(r) :|2 ds

1
cwuwhwmzzl [Wdﬂ—sWdD— JTW(rdr

(16.12)

and W is again short for a demeaned Wiener process. For related work see Harris and
Inder (1994) or Leybourne and McCabe (1994), although the latter paper considered
only the case of LS residuals.

Error-Correction Test

The third test we look into is not residual-based. The analysis rather relies on the
error-correction equation (16.2):

Ay; = y v;—1 + differences + ¢; .

The fact that we restrict the analysis to the error-correction equation of {y;} and that
we ignore Eq. (16.3) has to be justified by the assumption

=0, (16.13)

This assumptions implies that, when cointegration is present, only Ay, reacts
to the deviation from the equilibrium of the previous period. Because of the
assumption (16.13), absence of cointegration means y = 0, which is the null
hypothesis. In order that there is an adjustment to the equilibrium in the case of
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cointegration, y < 0 under the alternative:
Hy:y=0 VS. H :y <.

To provide further intuition for the test statistic, we rewrite the error-correction
equation (16.2) by inserting the definition of v,_;:

L

P
Ay, = y(yi—1 — bxi—1) + Zaj A)’t—j + Zaj Axt—j + &
j=1 J=1

p 14
=yt +0x+ Y g Ay + Yy e Ax it (16.14)

j=1 j=1
Here, we defined
0 =—yb,
where the null hypothesis of course implies § = 0. Hence, one may test the

null hypothesis by means of an F-type test statistic for y = 6 = 0, which has
been investigated by Boswijk (1994). Alternatively, one may employ a #-type test
specifically for y = 0 only as proposed by Banerjee, Dolado, and Mestre (1998).
The following proposition characterizes the asymptotic behavior of the LS estimator
7, cf. Banerjee, Dolado, and Mestre (1998, Proposition 1). The Wiener processes
W, and W, are adopted from Proposition 14.4 with z; = (y;, ;). In order to get
a limiting distribution free of nuisance parameters, we assume that Ax;, and & are
uncorrelated at arbitrary points in time:

E(Axie) =0 (16.15)
see also the proof in Problem 16.6.
Proposition 16.5 (BDM) Let the I(1) processes {x;} and {y;} be not cointegrated,

and let the exogeneity assumption (16.15) be fulfilled. Then, it holds for the LS
estimator from the regression (16.14) that

1 1 1 1
) [ W2 (s)ds [ Wy (s)dW, (s) — [ W (s) Wa (s)ds [ Wa (s) dW, (s)
0 0 0 0

ny —

2
fl sz(s)ds fl le(s)ds - ( fl Wi (s)Wz(s)ds)
0 0 0

asn — Q.
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Obviously, this limiting distribution can be reshaped into the following form (which
lends itself for a multivariate generalization with vectors {x;}):

1 1 1 -1y
[ Wi(S)dWi(s) — [ Wi (s)Wa(s)ds (f w3 (s)ds) [ Wa(s)dWi (s)
0 0 0 0

. d
n)/—>

—1
fl W3 (s)ds — fl Wi (s)Wa(s)ds ( fl w3 (s)ds) fl Wi (s)Wa(s)ds
0 0 0 0

In fact, Banerjee et al. (1998) suggest the computation of the #-statistic relating to
71 1,(2). As limiting distribution under H, one obtains:

t,(2) > BDM(Wy, Wy) (16.16)

1 1 1 -1y
[ Wi(S)dWi(s) — [ Wi(s)Wa(s)ds (f w3 (s)ds) [ Wa(s)dWi (s)
0 0 0 0

—1
fl Wi (s)ds — fl Wi (s)Wa(s)ds ( fl w3 (s)ds) fl W1 (s)Wa(s)ds
0 0 0 0

Again, in most practical situations an intercept will be included in (16.14). If the
corresponding test statistic is called 7, (2), then it holds under the null hypothesis that

7,(2) = BDM(W,. Wy) . (16.17)

This limit has the same functional shape as BDM (W, W;), only that W; have to be
replaced by the demeaned analogs W, i = 1,2.

Simulated critical values for conducting the tests can be found in Banerjee et al.
(1998). One rejects for small values. From Ericsson and MacKinnon (2002) p-values
are available, too.

Linear Time Trends

It has been mentioned in this and the previous chapter that in practice one would
run regressions with an intercept to account for non-zero means of the series. But
how should one proceed if the mean function follows a linear time trend, i.e. if the
series are I(1) with drift? This is a quite realistic assumption for many economic and
financial time series where positive growth rates are plausible. One might consider
the analysis of detrended data, see Sect. 15.2. Note that the regression of detrended
series is equivalent to including a linear time trend in the regression (see Frisch &
Waugh, 1933):

ye=&+8t+ Bx +ii.
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This is why we call such regressions also detrended regressions. Similarly, one
may augment the error-correction regression (16.14) by a linear time trend (and a
constant). Many economists, however, do not run detrended regression or detrend
the series even if the data display a linear time trend by eyeball inspection.
Economically, it is often more meaningful to “explain” one trend by another instead
of regressing deviations from linear trends on each other. Also statistically the
regression of detrended data may not seem advisable since power losses are to be
expected (see Hamilton, 1994, Sect. 19.2).

Running regressions with intercept only, i.e. without detrending, in the presence
of linear time trends in the regressors has some subtle implications, however. Gener-
ally, the presence of a linear time trend in the data not accounted for in the regression
will affect the limiting distributions. Just remember that a simple (or bivariate)
cointegration regression in the presence of a linear time trend (Proposition 16.3)
resembles more the detrending of a trend stationary process (Proposition 15.1) than
a cointegration regression without linear trend (Proposition 16.2). More precisely, a
linear time trend in {x,} will dominate the stochastic unit root in the following sense:
If {x,} is I(1) with drift, E(Ax,) = n 4+ e, 4 # 0, or

t
x,:x0+ut+Zej, t=1,...n,
Jj=1

then this process grows with rate n (and not n, see Proposition 14.1):

xm
Al 04 ur+0, w#£0.

This provides an intuition for the following finding by Hansen (1992, Theorem 7):
If {x,} is I(1) with drift and {y,} and {x,} are not cointegrated, and if a regression-
based DF test for no cointegration is computed from a regression with intercept
but without detrending, then the limiting distribution of the t-type DF statistic is
not given by DF(W;, W,) from (16.11), but rather by the detrended univariate
distribution DF given in (15.10). A corresponding result was established for the
error-correction test by Hassler (2000a): If {x;} and {y,} are I(1) but not cointegrated,
and if {x,} is integrated with drift and the error-correction test for no cointegration is
computed from a regression with intercept but without detrending, then the limiting
distribution of the #-statistic is not given by BDM (W, W,) from (16.17), but by
the detrended Dickey-Fuller distribution DF. And similarly: If {x,} is I(1) with drift
and cointegrated with {y,}, and if a regression-based KPSS test for cointegration
is computed from a regression with intercept only, then the limiting distribution
of the KPSS statistic is not given by CM(W,, W,) from (16.12), but rather by the
detrended univariate distribution CM givenin (15.11); see Hassler (2000b). Hence,
we have the following proposition.

Proposition 16.6 (Hansen & Hassler) Consider the test statistics 1,(2), 1,(2)
or 17 (2) computed without detrending to test for the null hypothesis of (no)
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cointegration of the I(1) processes {x;} and {y,}. With ﬁJFfrom (15.10) and CM
from (15.11) it holds under the respective null hypotheses that

DF (Wi, Wa), if E(Ax;) = 0
DF.  ifE(Ax) #0

BDM (W, W), if E(Ax;) =0
DF. ifE(Ax) #0

CM(W1. Wa), if E(Ax) =0
CM.  ifE(Ax)#0°

(@) 7,(2) -5
b) 7,2) -

(© 7)) -5

asn — Q.

Proposition 16.6 is not restricted to bivariate regressions, but carries over to the
general multiple regression case as follows:

Consider single-equation regressions estimated by LS (or efficient variants
thereof); regressions with intercept only on k I(1) regressors, of which at least one
has a drift, result under the null hypothesis (of cointegration or no cointegration,
respectively) in a limit as if one runs a detrended regression on k— 1 I(1) regressors.

For k = 1 this reproduces Proposition 16.6. For a proof for the residual-based DF
test with k£ > 1 see again Hansen (1992), and also the lucid discussion by Hamilton
(1994, p. 596, 597); for a proof for the error-correction test see Hassler (2000a), and
for the residual-based KPSS test see Hassler (2001) for k > 1.

In view of Proposition 16.6 one may identify two strategies when testing
cointegration from regressions with intercept only; we restrict the discussion to
the case of a scalar regressor x;. First, one might ignore the possibility of linear
trends and always work with critical values from DF(W,, W), BDM(W;, W>) or
CM(W,, W) provided for the case of regressions with intercept only under no drift;
we call this strategy S; (I for “ignoring”), and of course it is not correct if {x;}
displays a linear trend in mean. Second, one may always account for the possibility
of linear time trends and work with critical values from 237—' or éTM; let us call
this strategy Sy (A for “account”), and note that it is only appropriate if {x,} is
indeed dominated by a linear time trend. In a numerical example we discuss the
consequences of S; and Sy.

Example 16.5 (Testing under the Suspicion of Time Trends) We consider tests at a
nominal significance level of 5%. Let ¢; and ¢, denote critical values from DF
or CM and DF (Wi, W), BDM(W;, W,) or CM(W;, Ws), respectively. For the
residual-based DF test by Phillips and Ouliaris (1990) we take asymptotic critical
values from MacKinnon (1991): ¢; = —3.41 and ¢, = —3.34. Coincidently, these
critical values are not very distant. Strategy S; results in a slightly too liberal test
(rejecting more often than with 5 % probability) in the presence of a drift, while Sy
is mildly conservative (rejecting less often than in 5 % of all cases) in the absence of
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a linear trend in the regressor. So, for the residual-based DF test, Proposition 16.6 is
not so relevant, since the distributions happen to differ not that much, and ¢; = ¢;.
For the error-correction test by Banerjee et al. (1998), however, matters are not
quite so harmless, since stronger size distortions are caused by a larger difference
of the asymptotic critical values: ¢; = —3.41 and ¢; = —3.19. With the residual-
based KPSS test, things change qualitatively and quantitatively. Critical values from
Kwiatkowski, Phillips, Schmidt, and Shin (1992) and Shin (1994) are ¢; = 0.146
and ¢, = 0.314, and thus differ dramatically. Since one rejects for too large values,
strategy S; implies in the presence of a linear time trend a very conservative test; it
will hardly reject the null hypothesis, which comes at a price of power of course.
The other way round, without linear time trends strategy S4 will reject the true null
hypothesis much too often resulting in an intolerably liberal test. W

Clearly, none of the strategies S; or S4 is generally acceptable when testing under
the possibility of linear time trends. Fortunately, one often has strong a priori beliefs
regarding the absence or presence of a linear time trend in the regressor. If one is
convinced that a linear time trend is present in {x,}, then one would apply e.g. 7,(2)
or 1,(2) with critical values from 2/37-"; if one believes that there is no linear time
trend behind {x,}, then critical values from DF (W, W,) or BDM(W;, W,) must be
recommended.

If one is not sure about the absence or presence of a linear time trend in the data,
then there are (at least) two more strategies beyond S; or S4 one may employ. As
a third strategy, one may always test from detrended data. This clearly circumvents
size distortions, but comes at a price of power losses as has been acknowledged
for instance by Hansen (1992) or Hamilton (1994, p. 598). Fourth, one may rely
on a pretest whether the regressor follows a linear trend or not. If a linear time
trend in {x;} is significant, then one would apply e.g. 7" (2) with critical values
from 57(4; if not, then critical values from W(Wl, W,) should be applied. Such
a pretesting strategy, however, will be troubled in small samples by the problem of
controlling the significance level when carrying out a sequence of conditional tests
(multiple testing). A recommendation whether the strategy of generally detrending
or the strategy of pretesting is to be preferred, when the presence or absence of a
linear time trend is debatable, will require future research.

16.5 Problems and Solutions

Problems

16.1 Show the equivalence of (16.1) and the ARDL(2,2) parameterization from
Example 16.1.

16.2 Prove statements (b), (c) and (d) from Proposition 16.2.

16.3 Prove statement (e) from Proposition 16.2.
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16.4 Prove Corollary 16.1.
16.5 Prove Proposition 16.3.

16.6 Prove Proposition 16.5 for the special case that no lagged differences are
required to obtain white noise errors {&,}:

A)’t =Yy-1+ Ox—1 + & .

16.7 Prove Proposition 16.4.

Solutions
16.1 Using y and b, one obtains with A = 1 — L from (16.1):
ye = Yi—1 — (L —a1 — a2)y—1 + (co + 1 + 2)x1—1

_az(Yt—l _Yt—z) + CO(xt - xt—l) — 2 (X—1 — Xx—2) + &

= a1y—1 + axy;—2 + coX; + C1x—1 + C2X—2 + & .

Hence, the claim is already proved.

16.2 We proceed in the same way as in the proof of Proposition 15.5, only that we
work under (16.6) when appealing to Proposition 14.4. We start with

n(1-R) = -

The numerator on the right-hand side is just

" .~ N2
s> =n"" Z (y, —bxr)
=1
1 - 7 2
=n Z (b.xt _b.xt + Ut)
=1

=1
Zxrz > X > Ur2
=n(b—b)> —’jz +2(b-b) ’=1n + ’=;
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The first of the three remaining terms tends to zero as Y x> is of order n* and
b - I;) is of order n~!; correspondingly, the second expression tends to zero as
> x, v, grows with n; finally, the third term converges to Var(v;) as a law of large
numbers holds for {v2}. This proves Proposition 16.2(c). By the same arguments,
one establishes:

n n 1
n2 X:ytzzn_2 Z(bzxtz+2bxtvt+vt2) ibz/() B%(s)ds+0+0.
=1

=1

Hence, Proposition 16.2(b) is proved as well.
Finally, the behavior of the r-statistic with s7 = 52/ x? is clear again by
Proposition 14.4:

S =
M=
=

1 o0
x ) [ Ba(s)dBi(s) + Y E (Ax; vi4s)
0 h=0

X7 \/ V1) le%(S)dS
i 0

16.3 In order to analyze the behavior of the Durbin-Watson statistic, we only need
to study the numerator,

S

|
S
[

p,
3=
NE

t

n n R 2
w7 (0= B =07 ((b —h)Ax+ A v,)
=2 =2

3 (Ax)? Y AxAv, Y (Av)?
= b—b* 2 42— b)= + =
n n

n

As (b — b) tends to zero, there remains asymptotically

n' Y (Ab)? > Var(Av,) = 2 Var(v,) — 2 Cov(v,, V1) -
=2

Hence, it holds as claimed:
nt Y (A%
dw = —"—S—— 5 2(1-p,(1),
s
as s> approaches Var(v,) with n growing.

16.4 The result will follow from Proposition 16.2. By (16.7), we have w;; = 0.
Due to the resulting diagonality of 2, £2°° is diagonal as well, cf. £2, from
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Example 14.6. Hence it holds:

(Bl(s)) _ (wlwl(s))

B (s) Wa(s) )’

and w, cancels from the limiting distribution of Proposition 16.2(d) (using the
second assumption A, = 0):

1
a)zf Wz(s)dWl (s)a)1 o f Wz(s)dWl (S)
1

(0)
\/71 (0)0)2 f Wz (s)ds \/V \/f Wz(s)ds

According to Proposition 10.4, the stochastic quotient on the right-hand side follows
a standard normal distribution. Hence, it holds that

VO 4o,

w1

which proves the corollary.

16.5 By assumption, it holds:

2

t t
n_32n:xt2=n_3 uzit2+2u2ﬂ: tZ e +2”: Zej
=1 =1 =1 j =1 \j=1

We know from Proposition 14.2(c) and (e) that the second and the third expression
in square brackets have to be divided by n>> and n?, respectively, such that they
converge. However, in front of the square bracket there is n3, such that it holds
with (15.2):

d
OREES
Hence we have the denominator of the LS estimator under control:

b= Zt 14 U
Zr 1x2

In order to crack the numerator, we consider

[sn]
Xlsn] _ )2 + IU“LSHJ Z =1 ej
n n n n
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and due to Proposition 14.1 it holds

and x, is dominated by a linear trend, i.e. x;, behaves just as ut. Thus, as for the
detrending in the trend stationary case, we obtain with a standard Wiener process V
that (see Sect. 15.2):

n
ntS5 S x,
=1

nl.S(l'; _ b) — -
n3y a2
=1

1
po; [ sdV(s)
d 0

W*/3
1

3
= 29 [ savi(s)
7

3 2
NN(O,A;),
n

where w; V(s) is the Brownian motion corresponding to Zj’=1 v;, and a)12 is the long-
run variance of {v,}. The normality of the integral follows from Example 9.2. Hence,
the claim is proved.

16.6 Because of the simplifying assumption we consider the regression of (16.14)
without differences. As LS estimator for the vector

(1)

one hence obtains for a sample r = 1, ... ,n:

D'y ()yc: ) Ay, (16.18)
=1

v

where D has the form

n n

Z yt2—1 Z Vi—1X—1
=1 =1

D= n n
Y X—y—1 Dx2,
=1 =1
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Plugging in Ay, = &, under Hy, we obtain
= p-! (yr—l)g '
4 ; Xi—1 '

In the case of no cointegration, for using Proposition 14.4 we choose

Then it holds for the matrix D:

1 1
. [Bi(s)ds [ By (s)Bx(s)ds
nD - ! 0 0

| (16.19)
f31 (s) B> (s) ds IB% (s)ds
0 0

For the inverse, this implies

1 le% (s)ds _lel (s) B, (s) ds
n2D~! i) — 10 0 1
—{ By (s) B (s) ds {B§ (s)ds

where “det” stands for the determinant of the limiting matrix from (16.19). Here,
the known inversion formula for (2 x 2)-matrices was applied:

-1

(“b) ! (d _b), det=ad—bc. (16.20)

cd “det\—c a
Note that Proposition 14.4(b) was applied with z,—; instead of z;. This is unproblem-
atic and can be justified by similar arguments like those leading to Corollary 14.1 in

the univariate case.
Next, we analyze with Proposition 14.4(c)

n n
Yy (y ) Ay =07 Y = w)wy
=1 =1 =1

1 o0
L [ BB ) + 3B ) ~E s
0 h=0
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1

= /B (s)dBi (s) + ZE (WeW114n)

o h=1
1
= /B(s)dBl(s)—i-O,
0
where we used that w;, = Ay, = ¢ is free from serial correlation and is

uncorrelated with Ax; at each point in time, see (16.15):
E(WtWLH_h) =0 B h>0.

Thus, under the null hypothesis of no cointegration, we obtain that 7 tends to zero.
For this purpose we consider the first row of the limit of n?D~! multiplied by

fB (s) dBj (s):

| 1 | 1
. [ B3 (s)ds [ By (s)dB (s) — [ Bi (s) B2 (s) ds [ B: (s) dB (s)
0 0 0 0

ny —

det

This is almost the claim as “det” is defined as the determinant of the limit of n=2D.
Finally, note that B; = w;W; holds as Ax, = wy, and Ay, = & = w, are
uncorrelated. Thus, the long-run variances cancel from the limiting distribution and
one obtains the required result.

16.7 Under the null hypothesis of no cointegration we define z; = (y;, x;) with
long-run variance matrix of full rank. The corresponding vector Brownian motion
B’ = (By, By) can be written in terms of independent WPs W' = (W, W,) as
Wi (1) + 22 W, (¢
By =Tw(p = MO+ w0
w Wa(t)

Here, T is the triangular decomposition given in (14.7) with TT' = £2. The limit of
B from Proposition 15.5(a) hence becomes

mhzﬁ&®%@ﬁ=mﬁm®%@“+%ﬁwmﬁ,(mm

[) W2(s)ds ) W2(s)ds

With this result one obtains a FCLT for the residuals &, = y, — th:

100y = Bi(r) — BooBa(r)
= (1,—Boo) T W(r)
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1
h«mm_&ﬁﬁﬁﬂﬂwm)

) W2(s) ds
l‘llU(}") .

Unfortunately, however, Proposition 14.2 does not apply directly since U(r) is not
a WP. Still, with the techniques we used to prove Proposition 14.2(e) and (f) in
Problems 14.3 and 14.5, we can establish (omitting details)

n 1
d
n? E > ﬁl/o U(r)dt,
=1

. .4 L, URD) 1
n 1Zut_1Aut > 73 (0f — 2Bsowiz + B2ow3)

=1

where the last limit arises because { Az} is white noise such that wiz and w;, coincide
with the (co)variances. Further, note by B = TW that

Hiw12 fol W](S)Wz(s)ds Cl)_122
(07) fol WZ2 (s)ds CU%

wnfoo = (16.22)

Remember from (14.7) that
Consequently, for
we get by (16.21) and (16.22) that

, 2
v 14 Jo Wi(s)Wa(s)ds
22 Jy W3 (s)ds

fol U2(t)dt

n@—1) 5

The numerator of this limit may be condensed. Use the product rule from
Example 11.5 to obtain

1 1
Wi (D)W1) = /0 W1 (s)dWa(s) + /O Wa(s)dWi (s)
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It follows that

UN) _ W) fy Wi9)Wals)ds
2 2 fol W3 (s)ds

(o W& Was)ds w21
fol sz(s)ds 2

1 1
( / Wi (5)dWas) + / Wa(s)dW, (s))
0 0

w2 (1)

Once more by Ito’s lemma —— fo Wi(s)dW;(s) + 1 5> such that

Uz(l)

/ Wi (s)dWy(s) + -

_Jy Wi@Wa(s)ds
f 0l sz (s)ds

1 s s)ds 2 !
(L) ([ wnan )
0

) Wa(s)ds

1 1
(/ Wi(s)dW,(s) + / Wa(s)dW, (S))
0 0

S Wi(s) Ws)ds)2

! 1
= d - 11
/0 U(t)dU(r) + 3 +( W2 0)ds

This provides the expression for the limiting distribution given in Proposition 16.4
as required.
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