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Alice sighed wearily. ‘I think you might do something better with the
time,’ she said, ‘than waste it in asking riddles that have no answers.’

‘If you knew Time as well as I do,’ said the Hatter, ‘you wouldn’t talk
about wasting it. It’s him.’

‘I don’t know what you mean,’ said Alice.

‘Of course you don’t!” the Hatter said, tossing his head contemptuously.
‘I dare say you never even spoke to Time?!’

‘Perhaps not,” Alice cautiously replied: ‘but I know I have to beat time
when I learn music.’

‘Ah! that accounts for it,’ said the Hatter. ‘He won’t stand beating.’

Lewis Carroll, Alice’s Adventures in Wonderland
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Autoregressive

Moving average

(Mixed) autoregressive moving average
Autoregressive integrated moving average
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Fast Fourier transform
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Strict white noise
Uncorrelated white noise
Martingale difference
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A normal distribution with mean p and variance o”
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The backward shift operator such that BX, = X,

Expected value or expectation

The k-steps-ahead forecast of xy.x made at time N
Independent and identically distributed

A purely random process — a sequence of i.1.d. random variables,
usually with mean zero



Preface to fifth edition

The analysis of time series can be a rather difficult topic, and my aim in writing
this book has been to provide a comprehensible introduction which considers
both theory and practice. Enough theory is given to introduce the concepts of
time-series analysis and make the book mathematically interesting. In
addition various practical examples are considered so as to help the reader
tackle the analysis of real data.

The book can be used as a text for an undergraduate or postgraduate course
in time series, or it can be used for self-tuition by research workers. The book
assumes a knowledge of basic probability theory and elementary statistical
inference. In order to keep the level of mathematics required as low as possible,
some mathematical difficulties have been glossed over, particularly in
Sections 3.4.8 and 3.5 which the reader is advised to omit at a first reading.
Nevertheless a fair level of mathematical sophistication is required in places, as
for example in the need to handie Fourier transforms, although I have helped
the reader here by providing a special appendix on this topic.

Although the book is primarily an introductory text, I have nevertheless
added appropriate references to further reading and to more advanced topics
so that the interested reader can pursue his studies if he wishes. These
references are mainly to comprehensible and readily accessible sources rather
than to the original attributive references.

One difficulty in writing an introductory textbook is that many practical
problems contain at least one feature which is ‘non-standard’, and these
cannot all be envisaged in a book of reasonable length. Thus the reader who
has grasped the basic concepts of time-series analysis should always be
prepared to use his common sense in tackling a problem. Example 5.1 is a
typical situation where common sense has to be applied and also stresses the
fact that the first step in any time-series analysis should be to plot the data. The
worked examples in Appendix D also include candid comments on practical
difficulties to complement the main text.

The first ten chapters of the fifth edition have the same structure as in the
fourth edition. Then three new chapters have been written to replace the old
Chapter 11. The new Chapter 11 introduces a variety of non-linear models
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including threshold autoregressive models, ARCH models, neural networks
and chaos, while Chapter 12 gives a brief introduction to multivariate models
including the idea of co-integration. Chapter 13 gives an even briefer
introduction to various other topics and is primarily intended to point the
reader in the right direction for further reading. It includes revised material
from the old Chapter 11 as well as incorporating some new topics such as
model uncertainty, wavelets and fractional differencing. The references have
been updated throughout the book, especially in Section 1.5 and Chapter 13,
in order to take account of recent research developments. Further examples
and additional practical advice have been added to Appendix D.

I am indebted to many people, too numerous to mention, for assistance in
the preparation of the current and earlier editions of the book. Of course any
errors, omissions or obscurities which remain are my responsibility and I will
be glad to hear from any reader who wishes to make constructive comments.

Chris Chatfield

School of Mathematical Sciences
University of Bath

Bath, Avon, BA2 7AY, UK
e-mail: cc@maths.bath.ac.uk
September 1995



1
Introduction

A time series is a collection of observations made sequentially in time.
Examples occur in a variety of fields, ranging from economics to engineering,
and methods of analysing time series constitute an important area of statistics.

1.1 SOME REPRESENTATIVE TIME SERIES

We begin with some examples of the sort of time series which arise in practice.

(@) Economic time series

Many time series arise in economics. Examples include share prices on
successive days, export totals in successive months, average incomes in
successive months, company profits in successive years, and so on.

Figure 1.1 shows part of the classic Beveridge wheat price index series which
consists of the average wheat price in nearly 50 places in various countries
measured in successive years from 1500 to 1869. This series is of particular
interest to economic historians. The complete series is tabulated by Anderson
(1971).
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Figure 1.1 Part of the Beveridge wheat price index series.



2 Introduction

(b) Physical time series

Many types of time series occur in the physical sciences, particularly in
meteorology, marine science and geophysics. Examples are rainfall on
successive days, and air temperature measured in successive hours, days or
months. Figure 1.2 shows the air temperature at Recife, in Brazil, averaged
over successive months. These data are tabulated and analysed in Ex-
ample D.1.
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Figure 1.2 Average air temperature at Recife, Brazil, in successive months.

Some mechanical recorders take measurements continuously and produce a
continuous trace rather than observations at discrete intervals of time. For
example in some laboratories it is important to keep temperature and
humidity as constant as possible and so devices are installed to measure these
variables continuously. Some examples of continuous traces are given in
Figure 7.4. In order to analyse such series, it may be helpful to sample or
digitize them at equal intervals of time.

(c) Marketing time series

The analysis of sales figures in successive weeks or months is an important
problem in commerce. Figure 1.3, taken from Chatfield and Prothero (1973),
shows the sales of an engineering product by a certain company in successive
months over a seven-year period. Marketing data have much in common with
economic data. It is often important to forecast future sales so as to plan
production. It may also be of interest to examine the relationship between
sales and other time series such as advertising expenditure.

(d) Demographic time series

Time series occur in the study of population. An example is the population of
England and Wales measured annually. Demographers want to predict
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Figure 1.3 Sales of a certain engineering company in successive months.

changes in population for as long as ten or twenty years into the future (¢.g.
Brass, 1974).

(e) Process control

In process control, the problem is to detect changes in the performance of a
manufacturing process by measuring a variable which shows the quality of the
process. These measurements can be plotted against time as in Figure 1.4.
When the measurements stray too far from some target value, appropriate
corrective action should be taken to control the process. Special techniques

o N\ \va > AVA V/ Target value

Process Variable
4

<

Time

Figure 1.4 A process control chart.
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have been developed for this type of time-series problem, and the reader is
referred to a book onstatistical quality control (e.g. Wetherilland Brown, | 991).

(f) Binary processes

A special type of time series arises when observations can take one of only two
values, usually denoted by 0 and 1 (see Figure 1.5). Time series of this type,
called binary processes, occur particularly in communication theory. For
example the position of a switch, either ‘on’ or ‘off’, could be recorded as one or
zero respectively.

0 L | |

Time —®

Figure 1.5 A realization of a binary process.

(g) Point processes

A different type of time series occurs when we consider a series of events
occurring ‘randomly’ in time. For example we could record the dates of major
railway disasters. A series of events of this type is often called a point process
(see Figure 1.6). For observations of this type, we are interested in the
distribution of the number of events occurring in a given time period and also
in the distribution of time intervals between events. Methods of analysing data
of this type will not be specifically discussed in this book (see for example Cox
and Lewis, 1966; Cox and Isham, 1980).
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Figure 1.6 A realization of a point process { x denotes an event).

1.2 TERMINOLOGY

A time series is said to be continuous when observations are made continuously
in time as in Figures 1.5 and 7.4. The term ‘continuous’ is used for series of this
type even when the measured variable can only take a discrete set of values, as
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in Figure 1.5. A time series is said to be discrete when observations are taken
only at specific times, usually equally spaced. The term ‘discrete’ is used for
series of this type even when the measured variable is a continuous variable.

In this book we are mainly concerned with discrete time series, where the
observations are taken at equal intervals. We also consider continuous time
series more briefly, and in Section 13.5.4 we give some references regarding
the analysis of discrete time series taken at unequal intervals of time.

Discrete time series can arise in several ways. Given a continuous time
series, we could read off (or digitize) the values at equal intervals of time to give
a discrete series called a sampled series. Another type of discrete series occurs
when a variable does not have an instantaneous value but we can aggregate (or
accumulate) the values over equal intervals of time. Examples of this type are
exports measured monthly and rainfall measured daily. Finally, some time
series are inherently discrete, an example being the dividend paid by a
company to shareholders in successive years.

Much statistical theory is concerned with random samples of independent
observations. The special feature of time-series analysis is the fact that
successive observations are usually not independent and that the analysis must
take into account the time order of the observations. When successive
observations are dependent, future values may be predicted from past
observations. If a time series can be predicted exactly, it is said to be
deterministic. But most time series are stochastic in that the future is only
partly determined by past values, so that exact predictions are impossible and
must be replaced by the idea that future values have a probability distribution
which is conditioned by a knowledge of past values.

1.3 OBJECTIVES OF TIME-SERIES ANALYSIS

There are several possible objectives in analysing a time series. These
objectives may be classified as description, explanation, prediction and
control, and will be considered in turn.

(a) Description

When presented with a time series, the first step in the analysisis usually to plot
the data and to obtain simple descriptive measures of the main properties of
the series as described in Chapter 2. For example, looking at Figure 1.3 it can
be seen that there is a regular seasonal effect, with sales ‘high’ in winter and
‘low’ in summer. It also looks as though annual sales are increasing (i.€. show
an upward trend). For some series, the variation is dominated by such
‘obvious’ features, and a fairly simple model, which only attempts to describe
trend and seasonal variation, may be perfectly adequate to describe the
variation in the time series. For other series, more sophisticated techniques
will be required to provide an adequate analysis. Then a more complex model
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will be constructed, such as the various types of stochastic process described in
Chapter 3.

This book devotes a greater amount of space to the more advanced
techniques, but this does not mean that elementary descriptive techniques are
unimportant. Anyone who tries to analyse a time series without plotting it first
is asking for trouble. Not only will a graph show up trend and seasonal
variation, but it also enables one to look for ‘wild’ observations or outliers
which do not appear to be consistent with the rest of the data. The treatment of
outliers is a complex subject in which common sense is as important as theory.
The ‘outlier’ may be a perfectly valid but extreme observation which may for
example indicate that the data are not normally distributed. Alternatively, the
outlier may be a freak observation arising, for example, when a recording
device goes wrong or when a strike severely affects sales. In the latter case, the
outlier needs to be adjusted in some way before further analysis of the data.
Robust methods (e.g. Martin, 1983) are designed to be insensitive to outliers.

Another feature to look for in the graph of the time series is the possible
presence of turning points, where, for example, an upward trend has suddenly
changed to a downward trend. If there is a turning point, different models may
have to be fitted to the two parts of the series.

(b) Explanation

When observations are taken on two or more variables, it may be possible to
use the variation in one time series to explain the variation in another series.
This may lead to a deeper understanding of the mechanism which generated a
given time series.

Multiple regression models may be helpful here. In Chapter 9 we also
consider the analysis of what are called linear systems. A linecar system
converts an input series to an output series by a linear operation. Given
observations on the input and output to a linear system (see Figure 1.7), one
wants to assess the properties of the linear system. For example it is of interest
to see how sea level is affected by temperature and pressure, and to se¢ how
sales are affected by price and economic conditions.

(c) Prediction

Given an observed time series, one may want to predict the future values of
the series. This is an important task in sales forecasting, and in the analysis of
economic and industrial time series. Many writers, including myself, use the

INPUT ouTPUT
- LINEAR SYSTEM .

Figure 1.7 Schematic representation of a linear system.



Approaches to time-series analysis T

terms ‘prediction’ and ‘forecasting’ interchangeably, but some authors do not.
For example Brown (1963) uses ‘prediction’ to describe subjective methods
and ‘forecasting’ to describe objective methods, whereas Brass (1974) uses
“forecast’ to mean any kind of looking into the future, and ‘prediction’ to
denote a systematic procedure for doing so.

Prediction is closely related to control problems in many situations. For
example if one can predict that a manufacturing process is going to move off
target, then appropriate corrective action can be taken.

(d) Control

When a time series is generated which measures the ‘quality’ of a
manufacturing process, the aim of the analysis may be to control the process.
Control procedures are of several different kinds. In statistical quality control,
the observations are plotted on control charts and the controller takes action
as a result of studying the charts. A more sophisticated control strategy has
been described by Box et al. (1994). A stochastic model is fitted to the series,
future values of the series are predicted, and then the input process variables
are adjusted so as to keep the process on target. Many other contributions to
control theory have been made by control engineers and mathematicians
rather than statisticians. This topic is rather outside the scope of this book
but is briefly introduced in Section 13.4.

1.4 APPROACHES TO TIME-SERIES ANALYSIS

This book will describe various approaches to time-series analysis. In
Chapter 2 we will describe simple descriptive techniques, which consist of
plotting the data and looking for trends, seasonal fluctuations, and so on.
Chapter 3 introduces a variety of probability models for time series, while
Chapter 4 discusses ways of fitting these models to time series. The major
diagnostic tool which is used in Chapter4 is a function called the
autocorrelation function which helps to describe the evolution of a process
through time. Inference based on this function is often called an analysis in the
time domain.

Chapter 5 discusses a variety of forecasting procedures. This chapter isnot a
prerequisite for the rest of the book and the reader may, if he wishes, proceed
from Chapter 4 to Chapter 6.

Chapter 6 introduces a function called the spectral density function which
describes how the variation in a time series may be accounted for by cyclic
components at different frequencies. Chapter 7 shows how to estimate this
function, a procedure which is called spectral analysis. Inference based on the
spectral density function is often called an analysis in the frequency domain.

Chapter 8 discusses the analysis of two time series, while Chapter 9 extends
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this work by considering linear systems in which one series is regarded as the
input, while the other series is regarded as the output.

Chapter 10 introduces an important class of models, called state-space
models. It also introduces the Kalman filter, which is a general method of
updating the best estimate of the ‘signal’ in a time series in the presence of
noise.

Chapters 11 and 12 give brief introductions to non-linear and multivariate
time-series models while Chapter 13 surveys several other topics, with
appropriate references, to give a flavour of recent research developments.

1.5 REVIEW OF BOOKS ON TIME SERIES

This section gives a brief review of some other relevant books on time series.
The literature has expanded considerably in recent years and a selective
approach is necessary.

Alternative general introductory texts include Harvey (1993), Kendall and
Ord (1990), and Wei (1990), while Diggle (1990) is aimed primarily at
biostatisticians, Gottman (1981) at social scientists, and Mills (1990) at
economists.

There are many more advanced texts including Hannan (1970), Anderson
(1971), Fuller (1976), Brillinger (1981), Brockwell and Davis (1991) and
Priestley (1981). The latter is particularly strong on spectral analysis and
multivariate time series modelling. Kendall, Stuart and Ord (1983), now in
its fourth edition, is also a valuable reference source, but note that earlier
editions are somewhat dated.

The classic book by Box and Jenkins (1970) describes an approach to time-
series analysis, forecasting and control which is based on a particular class of
models, usually called ARIMA models. This important book is not really
suitable for the beginner, who is recommended to read Chapters 3-5 in this
book, Vandaele (1983) or Wei (1990). The 1976 revised edition of Box and
Jenkins (1970) was virtually unchanged, but the new third edition (Box et
al., 1994), with G. Reinsel as third author, has Chapters 12 and 13 completely
rewritten and so we refer to the 1994 edition in regard to this new material on
intervention analysis, outlier detection and process control. However, the
first eleven chapters have a very similar structure, though there are some
additions such as new material on ARMA model estimation and testing for
unit roots. For historical precedence and reader convenience we continue to
refer to the 1970 edition for the material on ARIMA models, identification,
estimation and forecasting.

Additional books are referenced as appropriate in later chapters.
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Simple descriptive
techniques

Statistical techniques for analysing time series range from relatively straight-
forward descriptive methods to sophisticated inferential techniques. This
chapter introduces the former, which will often clarify the main properties of a
given series and should generally be tried anyway before attempting more
complicated procedures.

2.1 TYPES OF VARIATION

Traditional methods of time-series analysis are mainly concerned with
decomposing the variation in a series into trend, seasonal variation, other
cyclic changes, and the remaining ‘irregular’ fluctuations. This approach is not
always the best but is particularly valuable when the variation is dominated by
trend and/or seasonality. However, it is worth noting that the decomposition
is generally not unique unless certain assumptions are made. Thus some sort of
modelling, either explicit or implicit, may be involved in these descriptive
techniques, and this demonstrates the blurred borderline between descriptive
and inferential techniques.
The different sources of variation will now be described in more detail.

(@) Seasonal effect

Many time series, such as sales figures and temperature readings, exhibit
variation which is annual in period. For example, unemployment is typically
‘high’ in winter but lower in summer. This yearly variation is easy to
understand, and we shall see that it can be measured explicitly and/or removed
from the data to give deseasonalized data.

(b) Other cyclic changes

Apart from seasonal effects, some time series exhibit variation at a fixed period
due to some other physical cause. An example is daily variation in
temperature. In addition some time series exhibit oscillations which do not
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have a fixed period but which are predictable to some extent. For example
economic data are sometimes thought to be affected by business cycles with a
period varying between about 5 and 7 years, although the existence of such
business cycles is the subject of some controversy.

(c) Trend

This may be loosely defined as ‘long-term change in the mean level’. A
difficulty with this definition is deciding what is meant by ‘long term’. For
example, climatic variables sometimes exhibit cyclic variation over a very long
time period such as 50 years. If one just had 20 years’ data, this long-term
oscillation would appear to be a trend, but if several hundred years’ data were
available, the long-term oscillation would be visible. Nevertheless in the short
term it may still be more meaningful to think of such a long-term oscillation as
a trend. Thus in speaking of a ‘trend’, we must take into account the number of
observations available and make a subjective assessment of whatis ‘long term’.
Granger (1966) defines ‘trend in mean’ as comprising all cyclic components
whose wavelength exceeds the length of the observed time series.

(d) Other irregular fluctuations

After trend and cyclic variations have been removed from a set of data, we are
left with a series of residuals, which may or may not be ‘random’. We shall
examine various techniques for analysing series of this type to see if some of the
apparently irregular variation may be explained in terms of probability
models, such as moving average Or autoregressive models which will be
introduced in Chapter 3. Alternatively we can see if any cyclic variation is still
left in the residuals.

2.2 STATIONARY TIME SERIES

A mathematical definition of a stationary time series will be given later on.
However, it is now convenient to introduce the idea of stationarity from an
intuitive point of view. Broadly speaking a time series is said to be stationary if
there is no systematic change in mean (no trend), if there is no systematic
change in variance, and if strictly periodic variations have been removed.

Most of the probability theory of time series is concerned with stationary
time series, and for this reason time-series analysis often requires one to turna
non-stationary series into a stationary one so as to use this theory. For
example it may be of interest to remove the trend and seasonal variation from
a set of data and then try to model the variation in the residuals by means of a
stationary stochastic process. However, it is also worth stressing that the non-
stationary components, such as the trend, may sometimes be of more interest
than the stationary residuals.
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2.3 THE TIME PLOT

After getting background information and carefully defining objectives, the
first, and most important, step in any time-series analysis is to plot the
observations against time. This graph should show up important features of
the series such as trend, seasonality, outliers and discontinuities. The plot is
vital, both to describe the data and to help in formulating a sensible model,
and a variety of examples are given throughout this book.

Plotting a time series is not as easy as it sounds. The choice of scales, the size
of the intercept, and the way that the points are plotted (e.g. as a continuous
line or as separate dots) may substantially affect the way the plot ‘looks’, and
so the analyst must exercise care and judgement. In addition, the usual rules
for drawing ‘good’ graphs should be followed: a clear title must be given, units
of measurement should be stated, and axes should be clearly labelled.

Nowadays, graphs are often produced by computers. Some are well done
but other packages may produce rather poor graphs and the reader must be
prepared to modify them if necessary. For example, one package plotted the
data in Figure 5.1(a) with a vertical scale labelled unhelpfully from
*.4000E + 03’ to “.2240E + 04’! The hideous E notation was naturally changed
before publication. Further advice and examples are given in Appendix D.

2.4 TRANSFORMATIONS

Plotting the data may suggest that it is sensible to consider transforming them,
for example by taking logarithms or square roots. The three main reasons for
making a transformation are as follows.

(@) To stabilize the variance

If there is a trend in the series and the variance appears to increase with the
mean then it may be advisable to transform the data. In particular if the
standard deviation is directly proportional to the mean, a logarithmic
transformation is indicated.

(b} To make the seasonal effect additive

If there is a trend in the series and the size of the seasonal effect appears to
increase with the mean then it may be advisable to transform the data so as to
make the seasonal effect constant from year to year. The seasonal effect is then
said to be additive. In particular if the size of the seasonal effect is directly
proportional to the mean, then the seasonal effect is said to be multiplicative
and a logarithmic transformation is appropriate to make the effect additive.
However, this transformation will only stabilize the variance if the error term
is also thought to be multiplicative (see Section 2.6), a point which is
sometimes overlooked.
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(c) To make the data normally distributed

Model building and forecasting are usually carried out on the assumption that
the data are normally distributed. In practice this is not necessarily the case;
there may for example be evidence of skewness in that there tend to be ‘spikes’
in the time plot which are all in the same direction (up or down). This effect can
be difficult to eliminate and it may be necessary to assume a different ‘error’
distribution.

The logarithmic and square-root transformations are special cases of the
class of transformations called the Box-Cox transformation. Given an
observed time series {x,} and a transformation parameter A, the transformed
series is given by

t

_[(x}=1)4 A#0
 log x, A=0

This is effectively just a power transformation when A #0, as the constants are
introduced to make y, a continuous function of 4 at the value A=0. The ‘best’
value of 1 can be guesstimated, or alternatively estimated by a proper
inferential procedure, such as maximum likelihood.

It is instructive to note that Nelson and Granger (1979) found little
improvement in forecast performance when a general Box-Cox transforma-
tion was tried on a number of series. There are problems in practice with
transformations in that a transformation which, say, makes the seasonal effect
additive may fail to stabilize the variance and it may be impossible to achieve
all requirements at the same time. In any case a model constructed for the
transformed data may be less than helpful. For example, forecasts produced
by the transformed model may have to be ‘transformed back’ in order to be of
use and this can introduce biasing effects. My personal preference nowadays is
to avoid transformations wherever possible except where the transformed
variable has a direct physical interpretation. For example, when percentage
increases are of interest, then taking logarithms makes sense (see Ex-
ample D.3). Further general remarks on transformations are given by
Granger and Newbold (1986, Section 10.5).

2.5 ANALYSING SERIES WHICH CONTAIN A TREND

In Section 2.1 we loosely defined trend as a ‘long-term change in the mean
level’. It is much more difficult to give a precise definition and different authors
may use the term in different ways. The simplest trend is the familiar ‘linear
trend + noise’, for which the observation at time ¢ is a random variable X, given
by

X,=a+ft+e, (2.1)

where a, f are constants and ¢, denotes a random error term with zero mean.
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The mean level at time ¢ is given by m,= (ax + ft); this is sometimes called ‘the
trend term’. Other writers prefer to describe the slope f as the trend; the trend
is then the change in the mean level per unit time. It is usually clear from the
context which meaning is intended.

The trend in equation (2.1) is a deterministic function of time and is
sometimes called a global linear trend. This is generally unrealistic, and there is
now more emphasis on local linear trends where the parameters « and f in
equation (2.1) are allowed to evolve through time. Alternatively, the trend
may be of non-linear form such as quadratic growth. Exponential growth can
be particularly difficult to handle, even if logarithms are taken to transform the
trend to a linear form.

The analysis of a time series which exhibits trend depends on whether one
wants to (a) measure the trend and/or (b) remove the trend in order to analyse
local fluctuations. It also depends on whether the data exhibit seasonality (see
Section 2.6). With seasonal data, it is a good idea to start by calculating
successive yearly averages as these will provide a simple description of the
underlying trend. An approach of this type is sometimes perfectly adequate,
particularly if the trend is fairly small, but sometimes a more sophisticated
approach is desired and then the following techniques can be considered.

2.5.1 Curve fitting

A traditional method of dealing with non-seasonal data which contain a trend,
particularly yearly data, is to fit a simple function such as a polynomial curve
(linear, quadratic etc.), a Gompertz curve or a logistic curve (e.g. see
Levenbach and Reuter, 1976; Meade, 1984). The Gompertz curve is given
by

logx, = a + b
where a, b, r are parameters with 0 <r < 1, while the logistic curve is given by
x,=a/(l+be™ )

Both these curves are S-shaped and approach an asymptotic value as t— co.
Fitting the curves to data may lead to non-linear simultaneous equations.

For all curves of this type, the fitted function provides a measure of the
trend, and the residuals provide an estimate of local fluctuations, where the
residuals are the differences between the observations and the corresponding
values of the fitted curve,

25.2 Filtering

A second procedure for dealing with a trend is to use a linear filter which
converts one time series, {x,}, into another, {y,}, by the linear operation
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+5
yt = Z arxr +r
r=-4q
where {a,} is a set of weights. In order to smooth out local fluctuations and
estimate the local mean, we should clearly choose the weights so that Za, =1,
and then the operation is often referred to as a moving average. Moving
averages are discussed in detail by Kendall, Stuart and Ord (1983,
Chapter 46), and we will only provide a brief introduction. Moving averages
are often symmetric with s=¢q and a;=a_; The simplest example of a
symmetric smoothing filter is the simple moving average, for which

a,=1/(2q+1)forr=—gq,..., +4, and the smoothed value of x, is given by
Smi(x,) Ly
m(x,)=—— X4y
t 2q+1r=_q t+

The simple moving average is not generally recommended by itself for
measuring trend, although it can be useful for removing seasonal variation.
Another example is provided by the case where the {a,} are successive terms in
the expansion of (4+1)?%. Thus when g=1, the weights are a_, =a,, =1,
a,= 3. As g gets large, the weights approximate to a normal curve.

A third example is Spencer’s {5-point moving average, which is used for
smoothing mortality statistics to get life tables (Tetley, 1946). This covers 15

consecutive points with ¢ =7, and the symmetric weights are
|

55 —3 =6 —5.3,21.46,67,74,.. ]

A fourth example, called the Henderson moving average, is described by
Kenny and Durbin (1982) and is finding increased use. This average aims to
follow a cubic polynomial trend without distortion, and the choice of ¢
depends on the degree of irregularity. The symmetric 9-term moving average,

for example, is given by
[—-0.041, —0.010, 0.119, 0.267, 0.330, . . .]

The general idea is to fit a polynomial curve, not to the whole series, but to
different parts. For example a polynomial fitted to the first (2 + 1) data points
can be used to determine the interpolated value at the middle of the range
where t = (g + 1), and the procedure can then be repeated using the data from
t=2to t=(29+2), and so on. A related idea is to use the class of piecewise
polynomials called splines (e.g. Wegman and Wright, 1983).

Whenever a symmetric filter is chosen, there is likely to be an end-effects
problem (e.g. Kendall, Stuart and Ord, 1983, Section 46.11), since Sm(x,) is
calculated for t = (g + 1) to t = N—gq. In some situations this is not important,
but in other situations it is particularly important to get smoothed values up to
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t = N. The analyst can project the smoothed values by eye, or by some further
smoothing procedure, or, alternatively, use an asymmetric filter which only
involves present and past values of x,. For example, the popular technique
known as exponential smoothing (see Section 5.2.2) effectively assumes that

Smie) = 3, all—a)x,.,
j=0

where o is a constant such that O<a<1. Here we note that the weights
a;=a(1—a)’ decrease geometrically with j.

Having estimated the trend, we can look at the local fluctuations by
examining

Res(x,)=residual from smoothed value

=x,—Sm(x,)

r=—q

This is also a linear filter, and if Za, =1, then £b,=0,b,=1—a,.and b,= —a
for r#0.

How do we choose the appropriate filter? The answer to this question really
requires considerable experience plus a knowledge of the frequency aspects of
time-series analysis which will be discussed in later chapters. As the name
implies, filters are usually designed to produce an output with emphasis on
variation at particular frequencies. For example, to get smoothed values we
want to remove the local fluctuations which constitute what is called the high-
frequency variation. In other words we want what is called a low-pass filter. To
get Res(x,), we want to remove the long-term fluctuations or the low-
frequency variation. In other words we want what is called a high-pass filter.
The Slutsky (or Slutsky-Yule) effect is related to this problem. Slutsky showed
that by operating on a completely random series with both averaging and
differencing procedures one could induce sinusoidal variation in the data, and
he went on to suggest that apparently periodic behaviour in some economic
time series might be accounted for by the smoothing procedures used to form
the data. We will return to this question later.

r

Filters in series

Very often a smoothing procedure is carried out in two or more stages — so
that one has in effect several linear filters in series. For example two filters in
series may be represented as follows:

xI yt ZI
—>~’ I —— II (—
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Filter I with weights {a;,} acts on {x,} to produce {y,}. Filter IT with weights
{a;,} acts on {y,} to produce {z,}. Now

ZI=Zaj2y!+j
J
:Z a;y Z A Xivj+r
j r

=Z CiXys;
j

where
Cj = Z arla(j-—r)Z

r

are the weights for the overall filter. The weights {c;} are obtained by a
procedure called convolution, and we write

{Cj} = {arl} * {arz}
where x represents convolution. For example, the filter (3, 3, ) may be written
as

B
B
w|—

@Gra=G*37)
Given a series x,, ..., Xy, this smoothing procedure is best done in three

stages by adding successive pairs of observations twice and then dividing by 4,
as follows:

=

>

Observations Stage [ Stage 11 Stage 111
X1
Xy +X,
X2 X +2x,+x3 (X +2x,+x5)/4
X+ X, :
X5 Xy+2x3+Xx,
X3+ X,
X4 X3+ 2%, + X5
X4+ Xsg :
Xs
X5+ Xe

The Spencer 15-point moving average is actually a convolution of four filters,
namely

(%’ %’ %7 %) * (%’ %’ %’ %) * (’_}?’ %’ %’! é’a %) * (_%s %a 1, %’ "%)
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2.5.3 Differencing

A special type of filtering, which is particularly useful for removing a trend, is
simply to difference a given time series until it becomes stationary. This
method is an integral part of the procedures advocated by Box and Jenkins
(1970). For non-seasonal data, first-order differencing i1s usually sufficient to
attain apparent stationarity, so that the new series {y,, ..., yy_,} is formed
from the original series {x,, ..., xy} by

V=X —X,=VXx,

First-order differencing is widely used. Occasionally second-order differencing
is required using the operator V2, where

2 —_ —
VX 2=Vx = Vx =X, 2%, +x,

2.6 ANALYSING SERIES WHICH CONTAIN SEASONAL
VARIATION

In Section 2.1 we introduced seasonal variation which is generally annual in
period, while Section 2.4 distinguished between additive seasonality, which is
constant from year to year, and multiplicative seasonality. Three seasonal
models in common use are

A Xl=mt+S!+8!
B X,=m,S,+¢,
C X,=mS,

where m, is the deseasonalized mean level at time t, S, is the seasonal effect at
time ¢, and ¢, is the random error.

Model A describes the additive case, while models B and C both involve
multiplicative seasonality. In model C the error term is also multiplicative, and
alogarithmic transformation will turn this into a (linear) additive model which
may be easier to handle. The time plot should be examined to see which model
is likely to give the better description. The seasonal indices {S,} are usually
assumed to change slowly through time so that S, ~ S, _, where s is the number
of observations per year. The indices are usually normalized so that they sum
to zero in the additive case, or average to one in the multiplicative case.
Difficulties arise in practice if the seasonal and/or error terms are not exactly
multiplicative or additive. For example the seasonal effect may increase with
the mean level but not at such a fast rate so that it is somewhere ‘in between’
being multiplicative or additive. A mixed additive-multiplicative seasonal
model is described by Durbin and Murphy (1975).

The analysis of time series which exhibit seasonal variation depends on
whether one wants to (a) measure the seasonal effect and/or (b) eliminate
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seasonality. For series showing little trend, it is usually adequate to estimate
the seasonal effect for a particular period (e.g. J anuary) by finding the average
of each January observation minus the corresponding yearly average in the
additive case, or the January observation divided by the yearly average in the
multiplicative case.

For series which do contain a substantial trend, a more sophisticated
approach may be required. With monthly data, the commonest way of
eliminating the seasonal effect is to calculate

1 1
_§X,,6+x,_5+)€,_4+ +xt+5+§x2+6

12

Sm(x,)

Note that the sum of the coefficients is 1. A simple moving average cannot be
used as this would span 12 months and would not be centred on an integer
value of t. A simple moving average over 13 months cannot be used, as this
would give twice as much weight to the month appearing at both ends. For
quarterly data, the seasonal effect can be eliminated by calculating

1 1
_ 7xr—2+xr—1+xt+xt+1+§xr+2

Sm(x,) 2

For 4-weekly data, one can us¢ a simple moving average over 13 successive
observations. The seasonal effect can be estimated by calculating x, - Sm(x,)
or x,/Sm(x,) depending on whether the seasonal effect is thought to be additive
or multiplicative. A check should be made that the seasonals are reasonably
stable, and then the average monthly (or quarterly etc.) effects can be
calculated.

A seasonal effect can also be eliminated by differencing (see Sections 4.6,
5.2.4: Box and Jenkins, 1970). For example with monthly data one can employ
the operator V,, where

VX, =X, —X,_12

Alternative methods of seasonal adjustment are reviewed by Butter and Fase
(1991) and Hylleberg (1992). These include the widely used X-11 method
which employs a series of linear filters (e.g. see Wallis, 1982; Kendall, Stuart
and Ord, 1983, Section 46.41). The possible presence of calendar effects
should also be considered (Cleveland and Devlin, 1982; Cleveland, 1983).
For example if Easter falls in March one year, rather than April, then this
may alter the seasonal effect on sales for both months.

27 AUTOCORRELATION

An important guide to the properties of a time series is provided by a series of
quantities called sample autocorrelation coefficients, which measure the
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correlation between observations at different distances apart. These coeffi-
cients often provide insight into the probability model which generated the
data. We assume that the reader is familiar with the ordinary correlation
coefficient, namely that given N pairs of observations on two variables x and y,
the correlation coefficient is given by

o ZE5=H (i)
VIEx =% Z(y;~7)°]
A similar 1dea can applied to time series to see if successive observations are
correlated.

Given N observations x,, ..., Xy, on a discrete time series we can form
N—1 pairs of observations, namely (x,, x,), (x5, X3),..., (Xy_1, Xn)-
Regarding the first observation in each pair as one variable, and the second
observation as a second variable, the correlation coefficient between x, and
X,4+, IS given by

(2.2)

N-1
Z (¢ — X)) (X4 1 — X2))
t=1

N—-1 N-1
\/[_X (xr—f(l))2 Z (x:+1—f(2))2:|

t=1

r, =

(2.3)

by analogy with equation (2.2), where

N-1

f(l) = Z x,/(N—1)

t=1

is the mean of the first N— 1 observations and

N
X2y = Z x,/(N—1)

=2

is the mean of the last N—1 observations. As the coefficient given by
equation (2.3) measures correlation between successive observations it is
called an autocorrelation coefficient or serial correlation coefficient.

Equa.tion (2.3) is rather complicated, and so, as x;,~x,,, it is usually
approximated by

N-1
Z (xt-'x-) (xt+1—x_)
1=

¥, =

N (2.4)
(N=1) Y (x,—%)*N

t=1

where x=) | x,/N is the overall mean. Some authors also drop the factor
N/(N —1), which is close to one for large N, to give the even simpler formula
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N-1
Z (x,—X) (X, 41— X)

2.5)

Fy

i (xz_i)z
t=1

and this is the form that will be used in this book.
In a similar way we can find the correlation between observations a distance
k apart, which is given by

Z_: (xt_g) (xr+k_i)

r,=

(2.6)

(x:_i)z

M=

=1

This is called the autocorrelation coefficient at lag k.

In practice the autocorrelation coefficients are usually calculated by
computing the series of autocovariance coefficients, {c,}, which we define by
analogy with the usual covariance formula as

1 N—k
A=y L =D (=) @7

This is the autocovariance coefficient at lag k.
We then compute
re==¢C/Co (2.8)

fork=1,2,...,m where m<N. There is often little point in calculating r, for
values of k greater than about N/4.
Note that some authors prefer to use

=31 (x,—i)(x,”—i)

rather than equation 2.7, but there is little difference for large N (see
Section 4.1).

2.7.1 The correlogram

A useful aid in interpreting a set of autocorrelation coefficients is a graph called
a correlogram in which 7, is plotted against the lag k. Examples are given in
Figures 2.1-2.3. A visual inspection of the correlogram is often very helpful.

2.7.2 Interpreting the correlogram

Interpreting the meaning of a set of autocorrelation coefficients is not always
easy. Here we offer some general advice.
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(@) A random series

If a time series is completely random, then for large N, r, ~0 for all non-zero
values of k. In fact we will see later that for a random time series r, is
approximately N(O, 1/N), so that, if a time series is random, 19 out of 20 of the
values of r, can be expected to lie between +2/,/N. However if one plots say
the first 20 values of r, then one can expect to find one ‘significant’ value on
average even when the time series really is random. This spotlights one of the
difficulties in interpreting the correlogram, in that a large number of
coefficients is quite likely to contain one (or more) ‘unusual’ results, even when
no real effects are present. (See also Section 4.1.)

(b) Short-term correlation

Stationary series often exhibit short-term correlation characterized by a fairly
large value of r, followed by a few further coefficients which, while greater than
zero, tend to get successively smaller. Values of r, for longer lags tend to be
approximately zero. An example of such a correlogram is shown in Figure 2.1.
A time series which gives rise to such a correlogram is one for which an
observation above the mean tends to be followed by one or more further
observations above the mean, and similarly for observations below the mean.

Xy

t
Time
+1
rk[
L SN et >
™% P 8~ 12 Lag (k)

_1—-

Figure 2.1 A time series showing short-term correlation together with its correlo-
gram.
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(c) Alternating series

If a time series has a tendency to alternate, with successive observations on
different sides of the overall mean, then the correlogram also tends to
alternate. The value of r, will be negative. However the value of r, will be
positive, as observations at lag 2 will tend to be on the same side of the mean. A
typical alternating time series together with its correlogram is shown in
Figure 2.2.

(d) Non-stationary series

If a time series contains a trend, then the values of r, will not come down to
zero except for very large values of the lag. This is because an observation on
one side of the overall mean tends to be followed by a large number of further
observations on the same side of the mean because of the trend. A typical non-
stationary time series together with its correlogram is shown in Figure 2.3.
Little can be inferred from a correlogram of this type as the trend dominates all
other features. In fact the sample autocorrelation function, {r,}, is only
meaningful for stationary time series (see Chapters 3 and 4) and so any trend
should be removed before calculating {r,}.

(e) Seasonal fluctuations

If a time series contains a seasonal fluctuation, then the correlogram will also
exhibit an oscillation at the same frequency. For example with monthly
observations, r, will be ‘large’ and negative, while r,, will be ‘large’ and

o A

Time
W /\
° 1 v/i\v/\\/f\*” ~

12 ag tk)

-1 L

Figure 2.2 An alternating time series together with its correlogram.
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Figure 2.3 A non-stationary time series together with its correlogram.

positive. In particular if x, follows a sinusoidal pattern, then so does r,. For
example, if

X, =a cos tw

where a is a constant and the frequency w is such that 0 <w < =, then it can be
shown (see Exercise 2.3) that

r,~cos kw for large N

Figure 2.4(a) shows the correlogram of the monthly air temperature data
shown in Figure 1.2. The sinusoidal pattern of the correlogram is clearly
evident, but for seasonal data of this type the correlogram provides little extra
information as the seasonal pattern is clearly evident in the time plot of the
data.

If the seasonal variation is removed from seasonal data, then the
correlogram may provide useful information. The seasonal variation was
removed from the air temperature data by the simple procedure of calculating
the 12 monthly averages and subtracting the appropriate one from each
individual observation. The correlogram of the resulting series (Figure 2.4(b})
shows that the first three coefficients are significantly different from zero. This
indicates short-term correlation in that a month which is say colder than the
average for that month will tend to be followed by one or two further months
which are colder than average.
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(a)
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Figure 2.4 The correlogram of monthly observations on air temperature at Recife: @)
for the raw data; (b) for the seasonally adjusted data. The dotted lines in (b) are at
+2/,/N. Values outside these lines are significantly different from zero.

(f) Outliers

If a time series contains one or more outliers, the correlogram may be seriously
affected and it may be advisable to adjust outliers in some way before starting
the formal analysis. For example, if there is one outlier in the time series and it
is not adjusted, then the plot of x, against x, , , will contain two ‘extreme’ points
which will tend to depress the sample correlation coefficients towards zero. If
there are two outliers this effect is even more noticeable, except when the lag
equals the distance between the outliers when a spuriously large correlation
may occur.

(8) General remarks

Clearly considerable experience is required in interpreting autocorrelation
coefficients. In addition we need to study the probability theory of stationary
series and discuss the classes of model which may be appropriate. We must
also discuss the sampling properties of r,. These topics will be covered in the
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next two chapters and we shail then be in a better position to interpret the
correlogram of a given time series.

2.8 OTHER TESTS OF RANDOMNESS

In most cases, a visual examination of the graph of a time series is enough to
see that it is mot random. However it is occasionally desirable to test a
stationary time series for ‘randomness’. In other words one wants to test if
X, ..., Xy could have arisen in that order by chance by taking a simple
random sample size N from a population with unknown characteristics. A
variety of tests exist for this purpose and they are described by Kendall, Stuart
and Ord (1983, Section 45.15). For example one can examine the number of
times there is a local maximum or minimum in the time series. A local
maximum is defined to be any observation x, such that x, >x,_, and x,>Xx, , ;.
A converse definition applies to local minima. If the series really is random one
can work out the expected number of turning points and compare it with the
observed value. Tests of this type will not be described here, as I have always
found it more convenient to simply examine the correlogram (and possibly the
spectral density function) of a given time series to see if it is random.

Having fitted a model to a non-random series, one often wants to see if the
residuals are random. Testing residuals for randomness is a somewhat
different problem and will be discussed in Section 4.7.

EXERCISES

2.1 The following data show the sales of company X in successive 4-week
periods over 1967-1970.

1 I m 1 v vi Vvl vl IX X XI XII X

1967 153 189 221 215 302 223 201 173 121 106 86 87 108
1968 133 177 241 228 283 255 238 164 128 108 87 74 95
1969 145 200 187 201 292 220 233 172 119 81 65 76 74
1970 111 170 243 178 248 202 163 139 120 96 95 53 94

(a) Plot the data.
(b) Assess the trend and seasonal effects.

2.2 Sixteen successive observations on a stationary time series are as follows:
1.6,08,1.2,05,09,1.1,1.1,0.6,1.5,08,09,1.2,05,1.3,0.8,1.2

(a) Plot the observations.

(b) Looking at the graph, guess an approximate value for the
autocorrelation coefficient at lag 1.

(c) Plot x, against x,, ,, and again try to guess the value of r,.

(d) Calculate r,.
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If x,=a cos tw where a is a constant and w is a constant in (0, z), show
that r,—cos kw as N—o0.

(Hint: You will need to use the trigonometrical resuits listed in
Section 7.2. Using equation (7.2) it can be shown that x—»0as N—o0, s0
that r,—ZX cos wt cos w(t+k)/Z cos? wt. Now use the result that
2 cos A cos B=cos(A+ B)+cos(A— B) together with the result that
Z cos? wt = N/2 for a suitably chosen N.)

The first ten sample autocorrelation coefficients of 400 ‘random’ numbers
are r; =002, r,=0.05, r,=-009, r,=0.08, r;=-0.02, r,=0.00,
r;=0.12, rg=0.06, ry=0.02, r,,=—0.08. Is there any evidence of
non-randomness?

Given a seasonal series of monthly observations {X,}, assume that the
seasonal factors {S,} are constant so that S,=S,_,, for all t, and also that
{&} is a stationary series of random deviations.

(a) With a global linear trend and additive seasonality, we have
X,=a+bt+ S, +¢,. Show that the operator V,, acting on X, reduces
the series to stationarity.

(b) With a global linear trend and multiplicative seasonality, we have
X;= (a+bt)S,+¢,. Does the operator V, , reduce X, to stationarity? If
not, find a differencing operator which does.

(Note: As stationarity is not formally defined until Chapter 3, you should
use heuristic arguments. A stationary process may involve a non-zero,
but constant, mean value and any linear combination of the {¢,}, but not
terms such as S,.)
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Probability models for
time series

3.1 STOCHASTIC PROCESSES

This chapter describes various probability models for time series, which are
collectively called stochastic processes. Most physical processes in the real
world involve a random element in their structure, and a stochastic process can
be described as “a statistical phenomenon that evolves in time according to
probabilistic laws’. Well-known examples are the length of a queue, the size of
a bacterial colony, and the air temperature on successive days at a particular
site. The word ‘stochastic’, which is of Greek origin, is used to mean ‘pertaining
to chance’, and many writers nse ‘random process’ as a synonym for stochastic
process.

Mathematically, a stochastic process may be defined as a collection of
random variables which are ordered in time and defined at a set of time points
which may be continuous or discrete. We will denote the random variable at
time t by X(¢) if time is continuous (usually — oo <t< ), and by X, if time is
discrete (usually =0, +1, £2,...).

The theory of stochastic processes has been extensively developed and is
discussed in many books including Papoulis (1984), written primarily for
engineers, Parzen (1962), Cox and Miller (1968, especially Chapter 7),
Yaglom (1962) and Grimmett and Stirzaker (1992). In this chapter we
concentrate on those aspects particularly relevant to time-series analysis.

Most statistical problems are concerned with estimating the properties of a
population from a sample. In time-series analysis there is a rather different
situation in that, although it may be possible to vary the length of the observed
time series — the sample — it is usually impossible to make more than one
observation at any given time. Thus we only have a single outcome of the
process and a single observation on the random variable at time t.
Nevertheless we may regard the observed time series as just one example of the
infinite set of time series which might have been observed. This infinite set of
time series is sometimes called the ensemble. Every member of the ensemble is
a possible realization of the stochastic process. The observed time series can be
thought of as one particular realization, and will be denoted by x(t) for
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(0<t<T) if observations are continuous, and by x, for t=1,..., N if
observations are discrete.

Because there is only a notional population, time-series analysis is
essentially concerned with evaluating the properties of the probability model
which generated the observed time series.

One way of describing a stochastic process is to specify the joint probability
distribution of X{(¢,), . . ., X{(t,) for any set of times ¢, . . ., t, and any value of
n. But this is rather complicated and is not usually attempted in practice. A
simpler, more useful way of describing a stochastic process is to give the
moments of the process, particularly the first and second moments, which are
called the mean, variance and autocovariance functions. These will now be
defined for continuous time, with similar definitions applying in discrete time.

Mean The mean function u(t) is defined by
u(t)= ELX(1)]
Variance The variance function ¢2(t) is defined by

o(t)= Var[ X(t)]

Autocovariance The variance function alone is not enough to specify the
second moments of a sequence of random variables. In addition, we must
define the autocovariance function y(t,, t,), which is the covariance of X(t,)
with X{(t,), namely

¥(ty, t2)= E{LX (e, ) —p(t, )] [X(25) — u(t,)]}

(Readers who are unfamiliar with the term ‘covariance’ should read
Appendix C. When applied to a sequence of random variables, it is called an
autocovariance.) Note that the variance function is a special case of the
autocovariance function when t, =¢,.

Higher moments of a stochastic process may be defined in an obvious way, but
are rarely used in practice, since a knowledge of the two functions u(t) and
y(ty, t;) is usually adequate.

3.2 STATIONARY PROCESSES

An important class of stochastic processes are those which are stationary. A
heuristic idea of stationarity was introduced in Section 2.2.

A time series is said to be strictly stationary if the joint distribution of
X(t), . . ., X(z,)is the same as the joint distribution of X(¢, +71), . . ., X(¢,+1)
foralle,, ..., t,, 7. In other words, shifting the time origin by an amount t has
no effect on the joint distributions, which must therefore depend only on the
intervals between ¢,, t,, . . ., t,. The above definition holds for any value of n.
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In particular, if n = 1, strict stationarity implies that the distribution of X (¢)
is the same for all ¢, so that, provided the first two moments are finite, we have

ue)=p
o2(t)=0?

are both constants which do not depend on the value of ¢.

Furthermore, if n=2 the joint distribution of X(¢,) and X(t,) depends only
on (t, —t,), which is called the lag. Thus the autocovariance function y(t,, t,)
also depends only on (¢, —t,) and may be written as y(t), where

y(0)=E{[X(t)— p] [X(t+7)— ]}
=Cov[X(r), X(t+1)]

is called the autocovariance coefficient at lag r. In future, ‘autocovariance
function’ will be abbreviated to acv.f.

The size of an autocovariance coefficient depends on the units in which X{(t)
is measured. Thus, for interpretative purposes, it is useful to standardize the
acv f. to produce a function called the autocorrelation function, which is given
by

p(t)=7(t)/7(0)

and which measures the correlation between X(t) and X(t+ 7). Its empirical
counterpart was introduced in Section 2.7. In future, ‘autocorrelation
function’ will be abbreviated to ac.f. Note that the argument t of y(t) and p(t)is
discrete if the time series is discrete and continuous if the time series is
continuous.

At first sight it may seem surprising to suggest that there are processes for
which the distribution of X(¢) should be the same for all t. However, readers
with some knowledge of stochastic processes will know that there are many
processes {X(t)} which have what is called an equilibrium distribution as
t— o0, in which the probability distribution of X(¢) tends to a limit which does
not depend on the initial conditions. Thus once such a process has been
running for some time, the distribution of X(¢) will change very little. Indeed if
the initial conditions are specified to be identical to the equilibrium
distribution, the process is stationary in time and the equilibrium distribution
is then the stationary distribution of the process. Of course the conditional
distribution of X{t,) given that X(z,) has taken a particular value, say x(t,),
may be quite different from the stationary distribution, but this is perfectly
consistent with the process being stationary.,

3.2.1 Second-order stationarity

In practice it is often useful to define stationarity in a less restricted way than
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that described above. A process is called second-order stationary (or weakly
stationary)ifits mean is constant and its acv f. depends only on the lag, so that

E[X(t)]=u
and
Cov[X(t), X(t +1)]=7(1)

No assumptions are made about higher moments than those of second order.
By letting t=0, we note that the above assumption about the acv.f. implies
that the variance, as well as the mean, is constant. Also note that both the
variance and the mean must be finite.

This weaker definition of stationarity will generally be used from now on, as
many of the properties of stationary processes depend only on the structure of
the process as specified by its first and second moments. One important class
of processes where this is particularly true is the class of normal processes
where the joint distribution of X(t,), . . . , X(t,) 1s multivariate normal for all
ti,...,t, The multivariate normal distribution is completely characterized
by its first and second moments, and hence by u(t) and y(t,, ¢,), and so it
follows that second-order stationarity implies strict stationarity for normal
processes. However, u and y(r) may not adequately describe processes which
are very ‘non-normai’.

3.3 THE AUTOCORRELATION FUNCTION

We have already noted in Section 2.7 that the sample autocorrelation
coefficients of an observed time series are an important set of statistics for
describing the time series. Similarly the (theoretical) autocorrelation function
(ac.f.) of a stationary stochastic process is an important tool for assessing its
properties. This section investigates the general properties of the ac.f.

Suppose a stationary stochastic process X{t) has mean g, variance o2, acv f.
y(t), and ac.f. p(t). Then

p(t)=(t)/y(0)=7(r)/a*
Note that p(0)=1.
Property 1
The ac.f. is an even function of the lag in that

p(t)=p(-1)

This property simply says that the correlation between X(¢t) and X(¢ + 1) is the
same as that between X(t) and X(t—rt). The result is easily proved using

(t)=p(t)o? by
y(t)=Cov[X(t), X(t+1)]
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=Cov[X(t—r1), X(t)] since X(t) stationary
=7(—1)

Property 2

lo(z)|< 1. This is the ‘usual’ property of a correlation. It is proved by noting
that

Var[ A, X (1) + A, X(t+1)]=0

for any constants 4,, A,,since a variance is always non-negative. This variance
is equal to

A2 Var{ X(0)] + 43 Var[X(t+1)]+ 24,4, Cov[X(t), X(t+1)]
=(A2+42)a? + 24, 4,7(7)
When 4, =4,=1, we find

y(t)= —o?

so that p(t)> —1. When 4, =1, 4, = —1, we find
62 =y(1)

so that p(1)< +1.

Property 3

Lack of uniqueness. Although a given stochastic process has a unique
covariance structure, the converse is not in general true. It is usually possible
to find many normal and non-normal processes with the same ac.f. and this
creates further difficulty in interpreting sample ac.f.s. Jenkins and Watts (1968,
p. 170) give an example of two different stochastic processes which have the
same ac.f. Even for stationary normal processes, which are completely
determined by the mean, variance and ac.f., the invertibility condition
introduced in Section 3.4.3 is required to ensure uniqueness.

3.4 SOME USEFUL STOCHASTIC PROCESSES

This section describes several different types of stochastic process which are
sometimes useful in setting up a model for a time series.

34.1 A purely random process

A discrete-time process is called a purely random process if it consists of a
sequence of random variables {Z} which are mutually independent and
identically distributed. From the definition it follows that the process has
constant mean and variance and that
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y(k)=Cov(Z, Z,,,)
=0 fork=+1, 2,...

As the mean and acv.f. do not depend on time, the process is second-order
stationary. In fact it is clear that the process is also strictly stationary. The ac.f.

is given by
1 k=
mm=% X

A purely random process is sometimes called white noise, particularly by
engineers. Processes of this type are useful in many situations, particularly as
building blocks for more complicated processes such as moving average
processes (Section 3.4.3).

The possibility of defining a continuous-time purely random process is
discussed in Section 3.4.8.

3.4.2 Random walk

Suppose that {Z} is a discrete, purely random process with mean yu and
variance o7. A process {X} is said to be a random walk if

X=X_1+4 (3.1)

The process 1s customarily started at zero when t=0, so that

X\ =2,
and
t
X = Z Z;
i=1

Then we find that E(X;) =ty and that Var(X,)=to2. As the mean and variance
change with ¢, the process is non-stationary.

However, it 1s interesting to note that the first differences of a random walk,
given by

VX=X-X_,=Z
form a purely random process, which is therefore stationary.
The best-known examples of time series which behave like random walks

are share prices on successive days. A model which often gives a good
approximation to such data is

share price on day t=share price on day (t— 1)+ random error
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3.43 Moving average processes

Suppose that {Z,} is a purely random process with mean zero and variance o3.
Then a process {X;} is said to be a moving average process of order ¢
(abbreviated to an MA(g) process) if

XlzﬁOZI+ﬁth—1+.” +qut—q (32)

where {B,} are constants. The Zs are usually scaled so that f,=1.
We find immediately that

E(X)=0
q
Var(X,)=o} Y. B}
i=0
since the Zs are independent. We also have
yk) = Cov(X, X, ;)
= COV(ﬁoZ*‘"""ﬁth—q, ﬁOZI+k+'.' +Bqu+k—q)
0 k>q

q—k
0‘% Z Biﬁi+k k=0’ 1:--',41
i=0

y(—k) k<0

since
o2 s=t
0 S#t
As y(k) does not depend on ¢, and the mean is constant, the process is second-
order stationary for all values of the {8,}. Furthermore, if the Zs are normally
distributed, then so are the Xs, and we have a strictly stationary normal
process.

The ac.f. of the MA(q) process is given by

( 1 k=0

plk) = 3 Zoﬁﬁ/Zoﬁ k=1,....q

Cov(Z, z,)={

0 k>q
L p(—k) k<0

Note that the ac.f. ‘cuts off” at lag q, which is a special feature of MA processes.
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In particular the MA(1) process with B, =1 has an ac.f. given by

1 k=0
plk) = Bi/(1+83) k=1
0 otherwise

No other restrictions on the {;} are required for a (finite-order) MA process
to be stationary, but it is generally desirable to impose restrictions on the {8;}
to ensure that the process satisfies a condition called invertibility (e.g. Box
and Jenkins, 1970, p. 50). This condition may be explained in the following
way. Consider the following first-order MA processes:

A X=2+07,_,
1
B X;=Zt+ézt-l

It can easily be shown that these two different processes have exactly the same
ac.f. (Are you surprised? Then check p(k) for models A and B.) Thus we cannot
identify an MA process uniquely from a given ac.f. Now, if we express models
A and B by putting Z, in terms of X, X,_,,..., we find by successive
substitution that

A Z=X—0X,_,+0°X,_,— -

1 1
B Z=X—pXtgmX—

If [§| < 1, the series for A converges whereas that for B does not. Thus an
estimation procedure which involves estimating the residuals (see Sec-
tion 4.3.1) will lead naturally to model A. Thus if |8| <1, model A is said to be
invertible whereas model B is not. The imposition of the invertibility
condition ensures that there is a unique MA process for a given ac.f.

The invertibility ccndition for the general-order MA process is best
expressed by using the backward shift operator, denoted by B, which is defined
by

BX,=X_, forallj
Then equation (3.2) may be written as
X,=(Bo+ BB+ +B,BYZ,
=6(B)Z,

where 8(B) 1s a polynomial of order ¢ in B. An MA process of order q is
invertible if the roots of the equation (regarding B as a complex variable and
not an operator)
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0(B)=PB,+ B, B+ +B,B=0

all lie outside the unit circle (Box and Jenkins, 1970, p. 50). For example, in the
first-order case we have 8(B)= 1+ 0B, which has root B= — 1/8. Thus the root
is outside the unit circle provided that |8] <1.

MA processes have been used in many areas, particularly econometrics. For
example economic indicators are affected by a variety of ‘random’ events such
as strikes, government decisions, shortages of key materials and so on. Such
events will not only have an immediate effect but may also affect economic
indicators to a lesser extent in several subsequent periods, and so it is at least
plausible that an MA process may be appropriate.

Note that an arbitrary constant, u say, may be added to the right-hand side
of equation (3.2) to give a process with mean u. This does not affect the ac.f.
and has been omitted for simplicity.

3.4.4 Autoregressive processes

Suppose that {Z,} is a purely random process with mean zero and variance a3.
Then a process {X,} is said to be an autoregressive process of order p if

‘X/tzalx—l+".+apx;—p+zr (33)

This is rather like a multiple regression model, but X, is regressed not on
independent variables but on past values of X,; hence the prefix ‘auto’. An
autoregressive process of order p will be abbreviated to an AR(p) process.

{(a) First-order process
For simplicity, we begin by examining the first-order case, where p=1. Then
X=aX,_+2 (3.4)

The AR(1) process is sometimes called the Markov process, after the Russian
A. A. Markov. By successive substitution in (3.4) we may write

X,=a(aX;_2+Z,_1)+Z,
—a X,y +Z, ) +aZ, 47,

and eventually we find that X, may be expressed as an infinite-order MA
process in the form (provided —1 <a< +1)

X=Z+aZ,_,+o*Z,_,+ -

This duality between AR and MA processes is useful for a variety of purposes.
Rather than use successive substitution, it is simpler to use the backward shift
operator B. Then equation (3.4) may be written

(1-aB)X,=Z
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so that
X,=Z/(1—aB)

=(1+aB+a’B*+ - -)Z,
=Z,+aZ,_,+*Z,_,+ -
When expressed in this form it is clear that
E(X)=0
Var(X,)=o3(1 +a+a*+---)
Thus the variance is finite provided that |«| <1, in which case
Var(X,)=0;=03/(1—a?)
The acv.f. is given by
y(k)= ELXX, ]
= E[(34'Z,_)) (Za'Z, 1 .- )]

=0¢2 Y old**t  fork=0
=0
which converges for |a| <1 to
yk)=ata/(1—a®)
=a*e}

For k <0, we find y(k)=y(— k). Since y(k) does not depend on ¢, an AR process
of order 1 is second-order stationary provided that |oc| < 1. Theac.f. is given by

p(k)=ok k=0,1,2,...
To get an even function defined for all integer k we can write
p(k)=o® k=0, +1,+2,...

The ac.f. may also be obtained more simply by assuming a priori that the
process is stationary, in which case E(X,) must be zero. Multiply through
equation (3.4) by X,_, (not X,,,!) and take expectations. Then we find, for
k>0, that

y(—k)=op(—k+1)

assuming that E(ZX,_,)=0 for k>0. Since y(k) is an even function, we must
also have

y(k)=ay(k—1) for k>0

Now y(0)=0%, and so y(k) = a*a? for k >0. Thus p(k)=a* for k >0. Now since
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|o(k)| <1, we must have |o < 1. Butif |a|= 1, then |p(k)| = I for all k, which is a
degenerate case. Thus |¢| <1 for a proper stationary process.
The above method of obtaining the acf. is often used, even though it
involves ‘cheating’ a little by making an initial assumption of stationarity.
Three examples of the acf. of a first-order AR process are shown in
Figure 3.1 for «a=0.8, 0.3, —0.8. Note how quickly the ac.f. decays when
«=0.3, and note how the ac.f. alternates when « is negative.

(b) General-order case
As in the first-order case, we can express an AR process of finite order as an

MA process of infinite order. This may be done by successive substitution, or
by using the backward shift operator. Then equation (3.3) may be written as

(1—o,B— - —a,B")X,=Z,
or
X,=Zf(1—0,B— - —a,B)
=f(B)Z,
+1
Mk)I (a}) =038 +1
plk)
0 1 1 i 1 L
2 4 6 8

+1
MH[ {b} =03

o
-
-
-

Lag (k)
Figure 3.1 Three examples of the autocorrelation function of a first-order auto-
regressive process with, (a) x=0.8; (b) a=0.3; (¢) a= —0.8.
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where
f(B)=(1—a,B— - —a,B) "
=(1+B,B+B,B*+ ")

The relationship between the as and the fs may then be found. Having
expressed X, as an MA process, it follows that E(X,)=0. The variance is finite
provided that £? converges, and this is a necessary condition for stationarity.
The acv f. is given by

Y(k):"% Z BiBivi where f,=1
i=0

A sufficient condition for this to converge, and hence for stationarity, is that
X|B,| converges.

We can in principle find the ac.f. of the general-order AR process using the
above procedure, but the {f;} may be algebraically hard to find. The
alternative simpler way is to assume the process is stationary, multiply
through equation (3.3) by X,_,, take expectations, and divide by 6%, assuming
that the variance of X, is finite. Then, using the fact that p(k)=p(— k) for all k,
we find

pk)y=o,ptk—1)+ - +a,plk—p) for alt k>0

This set of equations is called the Yule-Walker equations after G. U. Yuleand
Sir Gilbert Walker. It is a set of difference equations and has the general
solution

p(k)=A, 78+ + 4,7
where {m,} are the roots of the so-called auxiliary equation
yp__alyp~1 c _ap=0

The constants {4, are chosen to satisfy the initial conditions depending on
p(0)=1, which means that £4,=1. The first (p— 1) Yule-Walker equations
provide (p — 1) further restrictions on the {4, using p(0)= 1 and p(k)=p(— k).

From the general form of p(k), it is clear that p(k) tends to zero as k increases
provided that |n,.| < 1foralli, and this is a necessary and sufficient condition for
the process to be stationary.

An equivalent way of expressing the stationarity condition is to say that the
roots of the equation

¢(B)=1—o,B— - —a,B*=0 (3.5)
must lie outside the unit circle (Box and Jenkins, 1970, Section 3.2).

Of particular interest is the AR(2) process, when 7, 7, are the roots of the
quadratic equation
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yi—ay—a,=0
Thus |z, <1 if

oy £/ (o] +4a,)|

5 I<1

from which it can be shown (Exercise 3.6) that the stationarity region is the
triangular region satisfying

o +a, <1

The roots are real if af + 4o, > 0, in which case the ac f. decreases exponentially
with k, but the roots are complex if a? + 4, <0, in which case we find that the
acf. is a damped cosine wave. (See Example 3.1 at the end of this section.)

When the roots are real, the constants 4,, 4, are found as follows. Since
p(0)=1, we have

A +A,=1
From the first of the Yule-Walker equations, we have
pl)=0,p(0)+a,p(—1)
=oy +ayp(l)
Thus

p(l)=a /(1 —ay)
=Am,+A4,m,
=A,n, +(1—-A))n,
Hence we find
Ay =[ay /(1 —ay)— 1,1/ () — ;)
A, =1—4,

AR processes have been applied to many situations in which it is reasonable to
assume that the present value of a time series depends on the immediate past
values together with a random error. For simplicity we have only considered
processes with mean zero, but non-zero means may be dealt with by rewriting
equation (3.3) in the form

X—pu=a, (X, —m)+ +‘1p(Xz»p‘#)+Zz

This does not affect the ac.f.
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Example 3.1 Consider the AR(2) process given by
X=X_,-1X_,+Z

Is this process stationary? If so, what 1s its ac.f.?
In order to answer the first question we find the roots of equation (3.5),
which in this case 1s

¢(B)=1—B+31B*=0

The roots of this equation (regarding B as a variable) are 1 +1. As the modulus
of both roots exceeds one, the roots are both outside the unit circle and so the
process is stationary.

In order to find the ac.f. of the process, we use the first Yule-Walker
equation to give

p(L)=p(0)—zp(—1)
=1—3p(1)
giving p(1)=2/3.
For k=2, the Yule-Walker equations are
plk)y=pk—1)—3p(k—-2)

We could find p(2), then p(3), and so on by successive substitution, but it is
easier to find the general solution by solving as a difference equation, which
has the auxihary equation

yi—y+3=0

with roots y=(1+1)/2=[cos(n/4)+ i sin(n/4)]//2=e*"*/./2. Since af+
4o, = (1 —2)1s less than zero, the ac.f. is a damped cosine wave. Using p(0)=1
and p(1)=2/3, some messy trigonometry and algebra gives

_ 1\* osnk+lsinnk
P\ \ e T3y

fork=0,1,2,....

3.4.5 Mixed ARMA models

A useful class of models for time series is formed by combining MA and AR
processes. A mixed autoregressive/moving-average process containing p AR
terms and ¢ MA termsis said to be an ARMA process of order (p, q). Itis given
by

X=a, X + - +o,X_,+Z+p,Z_,
4+ +ﬂqzt—q (3.6)
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Using the backward shift operator B, equation (3.6) may be written in the
form
¢(B)X,=0(B)Z, (3.6a)

where ¢(B), 0(B) are polynomials of order p, g respectively, such that
¢B)=1—a,B~ "+ —a B?

and
6(B)=1+pB,B+ - +B,B*

As for an AR process, the values of {,;} which make the process stationary are
such that the roots of

¢(B)=0

lie outside the unit circle. As for an MA process, the values of {§;} which make
the process invertible are such that the roots of

0(B)=0

lie outside the unit circle.

It is straightforward in principle, though algebraically rather tedious, to
calculate the ac.f. of an ARMA process, but this will not be discussed here. (See
Exercise 3.11; and see Box and Jenkins, 1970, Section 3.4).

The importance of ARMA processes lies in the fact that a stationary time
series may often be described by an ARMA model involving fewer parameters
than a pure MA or AR process by itself.

It is sometimes helpful to express an ARMA model as a pure MA process in
the form

X,=¥(B)Z, (3.6b)

where /(B)=Zy,B" is the MA operator which may be of infinite order. The i
weights, {;}, can be useful in calculating forecasts (see Chapter 5) and in
assessing the properties of a model (e.g. see Exercise 3.11). By comparison
with equation (3.6a), we see that y(B)=0(B)/¢(B). Alternatively, it can be
helpful to express an ARMA model as a pure AR process in the form

n(B)X,=Z, (3.6¢)
where n(B)= ¢(B)/f(B). By convention we write n(B)=1— ) =B, since the
natural way to write an AR model is in the form i>1

0

X=3 nX_+Z
i=1

By comparing (3.6b) and (3.6¢c), we see that
(B (B)=1
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The y weights or 7 weights may be obtained directly by division or by equating
powers of B in an equation such as

Y(B)¢(B)=0(B)
Example 3.2 Find the Y weights and = weights for the ARMAC(1, 1) process
given by
X,=0.5X,_,+2,-034,_,

Here ¢(B)= (1 —0.5B) and (B)=(1 —0.3B), so the process is stationary and
invertible. Then

¥(B)=0(B)/¢(B)=(1—0.3B)(1-0.58)""
=(1-0.3B)(1+0.5B+0.5°B*+ - -)
=1+0.2B+0.1B>+0.005B>+ - -
Hence
Y, =02x05""  fori=1,2,...
Similarly we find
n,=02x0.3"1 fori=1,2,...

Note that both the y weights and n weights die away quickly, and this also
indicates a stationary, invertible process.

3.4.6 Integrated ARIMA models

In practice most time series are non-stationary. In order to fit a stationary
model, such as those discussed in Sections 3.4.3-3.4.5, it is necessary to
remove non-stationary sources of variation. If the observed time series is non-
stationary in the mean then we can difference the series, as suggested in
Section 2.5.3, and this approach is widely used in econometrics. If X, is
replaced by V%X, in equation (3.6) then we have a model capable of describing
certain types of non-stationary series. Such a model is called an ‘integrated’
model because the stationary model which is fitted to the differenced data has
to be summed or ‘integrated’ to provide a model for the non-stationary data.
Writing

W,=V'X =(1— B)X,

the general autoregressive integrated moving average process (abbreviated
ARIMA process) is of the form

mzalufr—l_}’“'+apth—p+Zt+'”+ﬁq‘Zt—q (37)
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By analogy with equation (3.6a), we may write equation (3.7) in the form

¢(B)W,=0(B)Z, (3.7a)
or

$(B)(1-B)'X,=0(B)Z, (3.7b)

Thus we have an ARMA(p, q) model for W,, while the model in equa-
tion (3.7b), describing the dth differences of X, is said to be an ARIMA process
of order (p,d, q). The model for X, is clearly non-stationary, as the AR
operator ¢(B) (1 - B)? has d roots on the unit circle. In practice the value of d is
often taken to be one. Note that the random walk can be regarded as an
ARIMA(O, 1, 0) process.

ARIMA models can be generalized to include seasonal terms, as discussed
in Section 4.6.

13.4.7 The generallinear process

The MA process, of possibly infinite order, is given by

X =Y yz. (3.8)

i=0

in the notation of equation (3.6b), where {Z;} denotes a purely random
process. A sufficient condition for the sum to converge and for the process to
be stationary is that 3 2, l,(/,.2 < o0o. The process described by equation (3.8) is
sometimes called a general linear process. Stationary AR, MA, and ARMA
processes are special cases of this model and the duality between AR and MA
processes is easily demonstrated using equations (3.6b) and (3.6c¢).

13.4.8 Continuous process

So far, we have only considered stochastic processes in discrete time, because
these are the main type of process the statistician uses in practice. Continuous-
time processes have been used in some applications, notably in the study of
control theory by electrical engineers. Here we shall only indicate some of the
problems connected with their use.

By analogy with a discrete-time purely random process, we might expect to
define a continuous-time purely random process as having an ac.f. given by

(t) = 1 =0
PRU=% %0

However, this is a discontinuous function, and it can be shown that such a
process would have an infinite variance and hence be a physically unrealizable

{These sections should be omitted at first reading.
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phenomenon. Nevertheless, some processes which arise in practice do appear
to have the properties of continuous-time white noise even when sampled at
quite small discrete intervals. We may approximate continuous-time white
noise by considering a purely random process in discrete time at intervals At,
and letting At—0, or by considering a process in continuous time with
ac.f. p(r)=e~*" and letting A— oo so that the ac.f. decays very quickly.

As an example of the difficulties involved with continuous-time processes,
we briefly consider a first-order continuous AR process. A first-order discrete
AR process may be written in terms of X, VX, and Z,. As differencing in
discrete time corresponds to differentiation in continuous time, a natural way
of trying to define a continuous first-order AR process is by

d—X@+ aX(t)=Z(t) (3.9)
de
where ais a constant, and Z(t) denotes continuous white noise. In the theory of
Brownian motion, this is called Langevin’s equation. However, as Z(t) does
not physically exist, it is more legitimate to write equation (3.9) in a form
involving infinitesimal small changes as

dX(t)+aX(t) dt=dU(t) (3.10)

where {U(t)} is a process with orthogonal increments such that the random
variables [U(t,)— U(t,)] and [U(t,)— U(t;)] are uncorrelated for any two
non-overlapping intervals (¢,, t,) and (t5, t,). It can then be shown that the
process X(t) defined in equation (3.10) has ac.f.

plr)=e "

which is similar to the ac.f. of a first-order discrete AR process in that both
decay exponentially. However, the rigorous study of continuous processes,
such as that in equation (3.9), requires considerable mathematical machinery,
including a knowledge of stochastic integration, and we will not pursue it here.
The reader is referred for example to Yaglom (1962) and Cox and Miller (1968,
Section 7.4).

+3.5 THE WOLD DECOMPOSITION THEOREM

This section gives a brief introduction to a famous result, called the Wold
decomposition theorem, which is of mainly theoretical interest. The treatment
in this section is a shortened version of that given by Cox and Miller (1968).
The Wold decomposition theorem says that any discrete stationary process
can be expressed as the sum of two uncorrelated processes, one purely
deterministic and one purely indeterministic. The terms ‘deterministic’ and

+This section should be omitted at first reading.
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‘indeterministic’ are defined as follows. We can regress X, on
(X,—g» Xi—g-1- - - .) and denote the residual variance from the resulting linear
regression model by 7. As t; < Var(X)), it is clear that, as g increases, 77 is a
non-decreasing bounded sequence and therefore tends to a limit as g— 0. If
lim,_, 7 =Var(X) then linear regression on the remote past is useless for
prediction purposes, and we say that {X,} is purely indeterministic. But if
lim,_, .72 is zero then the process can be forecast exactly, and we say that {X;}
is purely deterministic.

All the stationary processes we have considered in this chapter, such as AR
and MA processes, are purely indeterministic. The best-known examples of
purely deterministic processes are sinusoidal processes (see Exercise 3.14),

such as
X, =g cos(wt +6) (3.11)

where g is a constant, w is a constant in (0, n) called the frequency of the
process, and 8 is a random vanable called the phase which is uniformly
distributed on (0, 2r) but which is fixed for a single realization. Note that we
must include the term 8 so that

E(X)=0 forallt

otherwise (3.11) would not define a stationary process. As 0 is fixed for a single
realization, once enough values of X, have been observed to evaluate 8, all
subsequent values of X, are completely determined. It is then obvious that
(3.11) defines a purely deterministic process.

The Wold decomposition theorem also says that the purely indeterministic
component can be written as the linear sum of an ‘innovation’ process {Z,},
which is a sequence of uncorrelated random variables. A special class of
processes of particular interest arise when the Zs are independent and not
merely uncorrelated, as we then have a general linear process (Section 3.4.7).
On the other hand when processes are generated in a non-linear way the Wold
decomposition is usually of little interest.

The concept of a purely indeterministic process is a useful one, and most of
the stationary stochastic processes which are considered in the rest of this
book are of this type.

EXERCISES

In all the following questions {Z,} is a discrete, purely random process, such
that E(Z,)=0, Var(Z)=0%, Cov(Z, Z,,,)=0, k#0.
Exercise 3.14 is harder than the others and may be omitted.

3.1 Find the acf. of the second-order MA process given by
X,=2,+072Z_,-022_,
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3.2

33

34

35

3.6

3.7.

Probability models for time series

Show that the ac.f. of the mth-order MA process given by
X=2 Z_/im+1)
k=0

1s
_ f(m+1=k)/(m+1) k=0,1,...,m
plk)= {0 k>m
Show that the infinite-order MA process {X,} defined by
X=2+CZ_+Z,_,+" )

where Cis a constant, is non-stationary. Also show that the series of first
differences {Y,} defined by

Yi=X—-X_,
is a first-order MA process and is stationary. Find the ac.f. of { ¥}.
Find the ac.f. of the first-order AR process defined by
X—pu=07(X_,—+4

Plot p(k) for k=—6, —5,..., —1,0, +1,..., +6.

If X,= u+ Z,+ BZ,_,, where pis a constant, show that the ac.f. does not
depend on pu.

Find the values of A,, 4,,such that the second-order AR process defined
by

X=AX_+4X _,+4

‘ is stationary. If A, =1/3, A,=2/9, show that the ac.f. of X, is given by

16 /2\ I 5 1\
=2} +=(—-= k=0, +1, +£2,...
plk) 21(3) +21( 3) 0, %1, £2.

Explain what is meant by a weakly (or second-order) stationary
process, and define the acf. p(u) for such a process. Show that
p(u)=p(—u) and that |p(u) <1.

Show that the ac.f. of the stationary second-order AR process

1

1
=ﬁXz—1 +=X-:tZ

X 12

is given by

45 (1\K 32/ 1\M
2 Y (-2 k=0, £1,£2,. ..
p(k) 77(3) +77( 4)
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3.10

3.11

3.12

3.13

Exercises 471

The stationary process {X,} has acv.f. yx(k). A new stationary process
{Y,} is defined by ¥Y,=X,— X, _,. Obtain the acv.f. of {¥,} in terms of
7x(k) and find yy(k) when yx(k)= A,

For each of the following models:

(a) X,=03X,_,+2Z
(b) X.=Z,—13Z,_,+04Z_,
() X,=05X,_,+Z,—~13Z,_,+04Z

express the model in B notation and determine whether the model is
stationary and/or invertible. For model (a) find the equivalent MA
representation.

A stationary process { X} can be represented in the form X, = W(B)Z, or
n(B)X,= Z,. The autocovariance generating function is given by

T)= Y yx(k)s*
k=—o

Show that T'(s)= a2y (s)¥(1/s)=0o3z/[n(s)n(1/s)].
(Hint: Equate coefficients of 5*.)
Show that the ac.f. of the ARMA(1, 1) model

X=aX,_ +Z4+BZ
is given by
p(1)=(1+ap) (2+B)/(1 +p* +2aB)
p(k)=ap(k—1) k=2,3,...
For the model (1— B)(1—-0.2B)X,=(1-0.5B)Z:

(a) Classify the model as an ARIMA(p, d, q) process (i.e. find p, d, q).
(b) Determine whether the process is stationary.

(c) Evaluate the first three ¥ weights.

(d) Evaluate the first four 7 weights.

Show that the AR(2) process
‘Xr=)(r—1+C‘Xr—2+Zt

is stationary provided —1<c<0. Find the autocorrelation function
when ¢= —3/16.
Show that the AR(3) process

X=X_ +cX, _,—cX _3+7

is non-stationary for all values of c.
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3.14 For a complex-valued process X(t), with (complex) mean g, the acv f. is
defined by

o) = E{[X(t)—p] [X(z +1)— ]}

where the overbar denotes the complex conjugate. Show that the
process X(t)=1Y e'* is second-order stationary, where Y is a complex
random variable mean zero which does not depend on ¢, and w is a real
constant. One useful form for the random variable Y occurs when it
takes the form g e, where ¢ is a constant and 6 is a uniformly
distributed random variable on (0, 2r). Show that £(Y)=0 in this case
(see Yaglom, 1962, Section 2.8; but note that the autocovariance
function is called the correlation function by Yaglom).



4

Fstimation in the time
domain

In Chapter 3 we introduced several different types of probability model which
may be used to describe time series. In this chapter we discuss the problem of
fitting a suitable model to an observed time series, confining ourselves to the
discrete-time case. The major diagnostic tool in this chapter is the sample
autocorrelation function. Inference based on this function is often called an
analysis in the time domain.

4.1 ESTIMATING THE AUTOCOVARIANCE AND
AUTOCORRELATION FUNCTIONS

We have already noted in Section 3.3 that the theoretical ac f. is an important
tool for describing the properties of a stationary stochastic process. In
Section 2.7 we heuristically introduced the sample ac.f. of an observed time
series, and this is an intuitively reasonable estimate of the theoretical ac.f.,
provided the series is stationary. This section investigates the properties of the
sample ac.f. more closely.

Let us look first at the autocovariance function (acv.f.). The sample
autocovariance coefficient at lag k (see equation (2.7)), given by

N-k
=Y (x,~%) (s~ XN (4.1)
t=1
is the usual estimator for the theoretical autocovariance coefficient y(k) at
lag k. The properties of this estimator are discussed by Jenkins and Watts
(1968, Section 5.3.3) and Priestley (1981, Chapter 5). It can be shown that the
bias in ¢, is of order 1/N. However,
lim E(c,)=7(k)

N—=+w

so that the estimator is asymptotically unbiased.
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It can also be shown that

Covicy cp) > ), (¥l +m—k)+y(r+mpy(r—k)}/N  (4.2)

r=—a

When m=k, formula (4.2) gives us the variance of ¢, and hence the mean
square error of c,. Formula (4.2) also highlights the fact that successive values
of ¢, may be highly correlated and this increases the difficulty of interpreting
the correlogram.

Jenkins and Watts (1968, Chapter 5) compare the estimator (4.1) with the
alternative estimator

G= ¥ (=) (xu RV —K)

This is used by some authors because it has a smaller bias, but Jenkins and
Watts conjecture that it generally has a higher mean square error. In any case
it 1s the biased estimator in equation (4.1) which gives a function having a
useful property called positive semi-definiteness (Priestley, 1981), which leads
to a finite Fourier transform which is non-negative. The latter is useful in
estimating the spectrum (see Chapter 7).

A third method of estimating the acv f. is to use Quenouille’s method of bias
reduction, otherwise known as jackknife estimation. In this procedure the
time series is divided into two halves, and the sample acv.f. is estimated from
each half of the series and also from the whole series. If the three resulting
estimates of y(k) are denoted by ¢, ¢,, and ¢, in an obvious notation, then the
jackknife estimate is given by

Ee=20,—3(cpy +C42) (4.3)

It can be shown that this estimator reduces the bias from order 1/N to
order 1/N? Tt has an extra advantage in that one can see if both halves of the
time series have similar properties and hence see if the time series is stationary.
However, the method has the disadvantage that it requires extra computation.
It is also sensitive to non-stationarity in the mean, and c,,, c,, should be
compared with the overall ¢, as well as with each other.

Having estimated the acv.f., we then take

re=0C/Co (4.4)

as an estimator for p(k). The properties of r, are rather more difficult to find
than those of ¢, because it is the ratio of two random variables. It can be shown
that r, is generally biased. The bias can be reduced by jackknifing as in
equation (4.3). The jackknife estimator is given in an obvious notation by

Fo= 28— 3(Fy +1e2)
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A general formula for the variance of r, is given by Kendall, Stuart and Ord
(1983, Section 48.1) and depends on all the autocorrelation coefficients of the
process. We will only consider the properties of r, when sampling from a
purely random process, when all the theoretical autocorrelation coefficients
are zero except at lag zero. These results help us to decide if the observed values
of r, from a given time series are significantly different from zero.

Suppose that x,,..., Xy are independent and identically distributed
random variables with arbitrary mean. Then it can be shown (Kendall, Stuart
and Ord, 1983, Chapter 48) that

E(r)~-1/N
Var(r,)~1/N

and that r, is asymptotically normally distributed under weak conditions.
Thus having plotted the correlogram, as described in Section 2.7, we can plot
approximate 95% confidence limits at —1/N & 2// N, which are often further
approximated to +2/,/N. Observed values of r, which fall outside these limits
are ‘significantly’ different from zero at the 5% level. However, when
interpreting a correlogram, it must be remembered that the overall probability
of getting a coefficient outside these limits, given that the data really are
random, increases with the number of coefficients plotted. For example if the
first 20 values of r, are plotted then one expects one ‘significant’ value on
average even if the data really are random. Thus, if only one or two coefficients
are ‘significant’, the size and lag of these coefficients must be taken into
account when deciding if a set of data is random. Values well outside the ‘null’
confidence limits indicate non-randomness. So also does a significant
coefficient at a lag which has some physical interpretation, such as lag 1 or a
lag corresponding to seasonal variation.

Figure 4.1 shows the correlogram for 100 observations, generated on a
computer, which are supposed to be independent normally distributed
variables. The confidence limits are approximately +2/,/100= +0.2. We see
that 2 of the first 20 values of r, lie just outside the significance limits. As these
occur at apparently arbitrary lags (namely 12 and 17) we conclude that there is
no firm evidence to reject the hypothesis that the observations are
independently distributed.

4.1.1 Interpreting the correlogram

We have already given some general advice on interpreting correlograms in
Section 2.7.2. The correlogram is also helpful in identifying which type of
ARIMA model gives the best representation of an observed time series. A
correlogram like that in Figure 2.3, where the values of r, do not come down to
zero reasonably quickly, indicates non-stationarity and so the series needs to
be differenced. For stationary series, the correlogram is compared with the
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+1

T

—1 L

Figure 4.1 The correlogram of 100 ‘independent’ normally distributed observations.

theoretical ac.fs of different ARMA processes in order to choose the one
which is most appropriate. The ac.f. of an MA(q) process is easy to recognize
as it ‘cuts off” at lag ¢, whereas the ac.f. of an AR(p) process is a mixture of
damped exponentials and sinusoids and dies out slowly (or attenuates). The
ac.f. of amixed ARMA model will also generally attenuate rather than ‘cut off".
For example, suppose we find that r, 1s significantly different from zero but
that subsequent values of r, are all close to zero. Then an MA(1) model is
indicated since its theoretical ac f. is of this form. Alternatively, ifr,, r,, r5, . ..
appear to be decreasing exponentially, then an AR(1) model may be
appropriate.

The interpretation of correlograms is one of the hardest aspects of time-
series analysis and practical experience is a ‘must’. Inspection of the partial
autocorrelation function (see Section 4.2.2) can provide some help.

14.1.2 Ergodic theorems

The fact that one can obtain consistent estimates of the properties of a
stationary process from a single finite realization is not immediately obvious.
However some theorems, called ergodic theorems, have been proved which
show that, for most stationary processes which are likely to be met in practice,
the sample moments of an observed record of length T converge (in mean

tThis section may be omitted at a first reading.
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square) to the corresponding population moments as 7—co. In other words,
time averages for a single realization converge to ensemble averages. See for
example Yaglom (1962, Section 1.4). We will not pursue the topic here.

42 FITTING AN AUTOREGRESSIVE PROCESS

Having estimated the ac.f. of a given time series, we should have some idea as
to which stochastic process will provide a suitable model. If an AR process is
thought to be appropriate, there are two related questions:

(a) What is the order of the process?
(b) How can we estimate the parameters of the process?

We will consider question (b} first.

42.1 Estimating the parameters of an autoregressive process

Suppose we have an AR process of order p, with mean g, given by
X—p=o, (X —u)+ - FoX_,—u)+Z4 (4.5)

Given N observations x,,....xy, the parameters pu, a,,...,a, may be
estimated by least squares by minimizing

N
S= ¥ Do—palxo —p)— =l ,— )
(=p+1
with respect to u, &, . . . , a,. If the Z, process is normal, then the least squares
estimates are in addition maximum likelihood estimates (Jenkins and Watts,
1968, Section 5.4) conditional on the first p values in the time series being
fixed.
In the first-order case, with p=1, we find (see Exercise 4.1)

= x-———‘z’l‘_“;x‘” (4.6)
1
and
N-1
(x,— ) (%41 1)
&y = (4.7)
Z (xz_;a)z

where X, X,, are the means of the first and last (N — 1) observations. Now
since

X1y =Xy =X
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we have approximately that
A=x (4.8)
This approximate estimator, which is intuitively appealing, is nearly always

used in preference to (4.6). Substituting this value into (4.7) we have
N-1
Z (xt—’f) (xr+ 1 _i)
Gy =" (4.9)
21 (x,—x)*
4=

It is interesting to note that this is exactly the same estimator that would arise if
we were to treat the autoregressive equation

‘Yt'—fzal(xz—l_i)-}_zt

as an ordinary regression with (x,_; — x) as the ‘independent’ variable. In fact
H. B. Mann and A. Wald showed in 1943 that, asymptotically, much of
classical regression theory can be applied to autoregressive situations.

A further approximation which is often used is obtained by noting that the
denominator of (4.9) is approximately

so that
&) ¢y /cq

This approximate estimator for &, is also intuitively appealing since r, is an
estimator for p(1) and p(1)=o, for a first-order AR process. A confidence
interval for a, may be obtained from the fact that the asymptotic standard
error of &, is \/{(1—a})/N}, although the confidence interval will not be
symmetric for &, away from zero. When «, =0, the standard error of &, Is
1/{/N, and so a test for a, =0 is given by seeing if &, =r, lies within the range
+2/,/N. Thisis equivalent to the test for p(1) =0 already noted in Section 4.1.

For a second-order AR process, with p=2, similar approximations may be
made to give

fi~x
&y ~ri(1—=ry)/(1—r}) (4.10)
&y (ry—ri)/(1=rf) @.11)

These results are also intuitively reasonable in that if we fit a second-order
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model to what is really a first-order process, then as a,=0 we have
p(2)=p(1)>=a? and so r,~r?. Thus equations (4.10) and (4.11) become
&, ~r,; and &, ~0. Jenkins and Watts (1968, p. 197) describe &, as the (sample)
partial autocorrelation coefficient of order two which measures the excess
correlation between {X,} and {X,,,} not accounted for by r,.

In addition to point estimates of a, and «, it is also possible to find a
confidence region in the (a,, ,) plane (Jenkins and Watts, 1968, p. 192).

Higher-order AR processes may also be fitted by least squares in a
straightforward way. Two alternative approximate methods are commonly
used. Both methods involve taking = x. The first method fits the data to the
model

X— Ry (¥, — D)t (%= %)+ 2

treating it as if it were an ordinary regression model. A standard multiple
regression computer program may be used with appropriate modification.

The second method involves substituting the sample autocorrelation
coefficients into the first p Yule-Walker equations (see Section 3.4.4) and
solving for (&,,...,d,) (e.g. Pagano, 1972). In matrix form these equations
are

Ra=r (4.12)
where
1 ry r To—1
ry 1 ry Tp-2
R =
r, ry 1 To-3
ro-1 tp-2 1

is a (p x p) matrix,

a'=(d,...,&,)
and

r'=(ry,...,r,)

For Nreasonably large, both methods will give estimated values ‘very close’ to
the true least squares estimates for which /i is close to but not necessarily equal
to x.

4.2.2 Determining the order of an autoregressive process

It is usually difficult to assess the order of an AR process from the sample ac.f.
alone. For a first-order process the theoretical ac.f. decreases exponentially
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and the sample function should have a similar shape. But for higher-order
processes the ac.f. may be a mixture of damped exponential or sinusoidal
functions and is difficult to identify. One approach is to fit AR processes of
progressively higher order, to calculate the residual sum of squares for each
value of p, and to plot this against p. [t may then be possible to see the value of
p where the curve ‘flattens out’ and the addition of extra parameters gives little
improvement in fit.

Another aid to determining the order of an AR process is the partial
autocorrelation function (see Box and Jenkins, 1970, p. 64) which is defined as
follows. When fitting an AR (p) model, the last coefficient o, will be denoted by
7, and measures the excess correlation at lag p which is not accounted for by
an AR(p— 1) model. It is called the pth partial autocorrelation coefficient and,
when plotted against p, gives the partial ac.f. The first partial autocorrelation
coefficient =, is simply equal to p(1), and this is equal to «, for an AR(1)
process. It can be shown (see Exercise 4.3) that the second partial correlation
coefficient is [p(2)— p(1)*]/[1—p(1)*], and we note that this is zero for an
AR(1) process where p(2)=p(1).

The sample partial ac.f. is estimated by fitting AR processes of successively
higher order and taking 7, =&, when an AR(1) process is fitted, taking 7, = &,
when an AR(2) process is fitted, and so on. Values of 7, which are outside the
range +2/,/N are significantly different from zero at the 5% level. It can be
shown that the partial ac f. of an AR(p) process ‘cuts off” at lag p so that the
‘correct’ order 1s assessed as that value of p beyond which the sample values of
{n;} are not significantly different from zero. In contrast the partial ac.f. of an
MA process will generally attenuate, and so the partial ac.f. has ‘opposite’
properties to the ac.f.

Some additional tools to help in model identification are discussed in
Section 13.1.

4.3 FITTING A MOVING AVERAGE PROCESS

Suppose now that an MA process is thought to be an appropriate model for a
given time series. As for an AR process, we have two problems:

(a) Finding the order of the process
(b) Estimating the parameters of the process.

We consider problem (b) first,

4.3.1 Estimating the parameters of a moving average process

Estimation problems are more difficult for an MA process than an AR process,
because efficient explicit estimators cannot be found. Instead some form of
numerical iteration must be performed.
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Let us begin by considering the first-order MA process
X,=pu+ 74P, 7., (4.13)

where u, §, are constants and Z, denotes a purely random process. We would
like to write the residual sum of squares, £Z, solely in terms of the observed
xs and the parameters , §,, as we did for the AR process, to differentiate with
respect to u and f,, and hence to find the least squares estimates.
Unfortunately the residual sum of squares is not a quadratic function of the
parameters and so explicit least squares estimates cannot be found. Nor can
we simply equate sample and theoretical first-order autocorrelation coeffi-
cients by

ry=RB,/(1+p]) (4.14)

and choose the solution f3, such that |3,/ <1, because it can be shown that this
gives rise to an ineflicieat estimator.

The approach suggested by Box and Jenkins (1970, Chapter 7)is as follows.
Select suitable starting values for p and 8, such as y=x and §, given by the
solution of equation (4.14) (see Table A in Box and Jenkins, 1970). Then the
corresponding residual sum of squares may be calculated using (4.13)
recursively in the form

ZIZ‘X;_H_ﬁIZt~1 (415)
With z, =0, we have

Iy =X T H zy=X3—p—pzy, .,
Iy=Xy—h—PiZx_y

Then Y ¥z} may be calculated.

This procedure could then be repeated for other values of u and 8, and the
sum of squares £z2 computed for a grid of points in the (i, §,) plane. We may
then determine by inspection the least squares estimates of 4 and §, which
minimize £z2. These least squares estimates are also maximum likelihood
estimates conditional on the fixed zero value for z, provided that Z is
normally distributed. The procedure can be further refined by back forecasting
the value of z,, (see Box and Jenkins, 1970), but this is unnecessary except when
Nis small or when 3, is ‘close’ to plus or minus one. Nowadays the values of 4
and B which minimize £z2 would normally be found by some iterative
optimization procedure, such as hill-climbing, although a grid search can still
sometimes be useful to see what the sum of squares surface looks like.

An alternative estimation procedure due to J. Durbin is to fit a high-order
AR process to the data and use the duality between AR and MA processes (see
for example Kendall, Stuart and Ord, 1983, Section 50.16). This procedure
has the advantage of requiring less computation, but the widespread
availability of high-speed computers has resulted in the procedure becoming
obsolete.
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For higher-order processes a similar type of iterative procedure to that
described above may be used. For example, with a second-order MA process
one would guess starting values for i, ,, f,,compute the residuals recursively
using

Zr=x:_#_ﬁ1zr—1_ﬁzzt—z

and compute Xz?. Then other values of i, 8,, B, could be tried, perhaps over a
grid of points, until the minimum value of £z/ is found. Clearly a computer is
essential for performing such a large number of arithmetic operations, and a
numerically efficient optimization procedure is often used to minimize the
residual sum of squares. Box and Jenkins (1970, Section 7.2) describe such a
procedure, which they call ‘non-linear estimation’. This description arises
from the fact that the residuals are non-linear functions of the parameters,
but the description may give rise to confusion.

For a completely new set of data, it may be a good idea to use the method
based on evaluating the residual sum of squares at a grid of points. A visual
examination of the sum of squares surface will sometimes provide useful
information. In particular it is interesting to see how ‘flat’ the surface is; if the
surface 1s approximately quadratic; and if the parameter estimates are
approximately uncorrelated.

In addition to point estimates, an approximate confidence region for the
model parameters may be found as described by Box and Jenkins (1970,
p. 228) by assuming that the Z, are normally distributed. But there is some
doubt as to whether the asymptotic normality of maximum likelihood
estimators will apply even for moderately large sample sizes (e.g. N =200).

It should now be clear that it is much harder to estimate the parameters of
an MA model than those of an AR model, as the ‘errors’ in an MA model are
non-linear functions of the parameters and iterative methods are required to
minimize the residual sum of squares. Because of this, many analysts prefer to
fit an AR model to a given time series even though the resulting model may
contain more parameters than the ‘best’ MA model. Indeed the relative
simplicity of AR modelling is the main reason for its use in the stepwise
autoregression forecasting technique (see Section 5.2.5) and in autoregressive
spectrum estimation (see Section 13.5.1).

4.3.2 Determining the order of a moving average process

If an M A process is thought to be appropriate for a given set of data, the order
of the process is usually evident from the sample ac.f. The theoretical ac.f. of an
MA(q) process has a very simple form in that it ‘cuts off’ at lag q (see
Section 3.4.3), and so the analyst should look for the lag beyond which the
values of r, are close to zero. The partial ac.f. is generally of little help in
identifying MA models because of its attenuated form.
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4.4 ESTIMATING THE PARAMETERS OF AN ARMA
MODEL

Suppose now that a mixed autoregressive/moving-average (ARMA) model is
thought to be appropriate for a given time series. The estimation problems for
an ARMA model are similar to those for an MA model in that an iterative
procedure has to be used. The residual sum of squares can be calculated at
every point on a suitable grid of the parameter values, and the values which
give the minimum sum of squares may then be assessed. Alternatively some
sort of optimization procedure may be used.

As an example, consider the ARMA(l, 1) process whose ac.f. decreases
exponentially after lag 1 (see Exercise 3.11). This model may be recogmized as
appropriate if the sample ac.f. has a similar form. The model is given by

X—p=o,(X,_ —w)+Z,+ 8,7,

Given N observations x, . . . , Xy, we guess values for y, «,, f,,set z,=0and
Xo= u, and then calculate the residuals recursively by

L1=X—H

............

In=Xy—H—0 (Xy_1—p)—Bi1zy_;

The residual sum of squares ) -, z2 may then be calculated. Then other
values of y, a,, B; may be tried until the minimum residual sum of squares is
found. Further details may be found in Box and Jenkins (1970).

Many variants of the above estimation procedure have been studied — see
the reviews by Priestley (1981, Chapter 5) and Kendall, Stuart and Ord (1983,
Chapter 50). Nowadays exact maximum likelihood estimates are often
preferred, despite the extra computation involved. The conditional least
squares estimates introduced above are conceptually easier to understand and
can also be used as starting values for exact maximum likelihood. The
Hannan-Rissanen recursive regression procedure (e.g. see Granger and
Newbold, 1986) is primarily intended for model identification but can
alternatively be used to provide starting values as well. The Kalman filter (see
Section 10.1.4) may be used to calculate exact maximum likelihood estimates
to any desired degree of approximation. We will say no more about this
important, but rather advanced, topic here. Many computer packages now
incorporate sound estimation routines.

4.5 ESTIMATING THE PARAMETERS OF AN ARIMA
MODEL

In practice most time series are non-stationary, and the stationary models we
have so far considered are not immediately appropriate. We can difference an
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observed time series until it is stationary, as described in Section 3.4.6. An AR,
MA -or ARMA model may then be fitted to the differenced series as described
in Sections 4.2-4.4. The resulting model for the undifferenced series is the
fitted ARIMA model, and two examples are given in Appendix D.

4.6 THE BOX-JENKINS SEASONAL (SARIMA) MODEL

In practice, many time series contain a seasonal periodic component which
repeats every s observations. For example, with monthly observations, where
s=12, we may typically expect X, to depend on terms such as X, ,,, and
perhaps X,_,,, as well as terms such as X,_,, X,_,, .. .. Box and Jenkins
(1970) have generalized the ARIMA model to deal with seasonality, and define
a general multiplicative secasonal ARIMA model (abbreviated SARIMA

model) as
¢, (B)DR(B* )W, =0,(B)Oy(B%)Z, (4.16)

where B denotes the backward shift operator, ¢ ,, ®;, 8,, ®, are polynomials
of order p, P, g, Q respectively, Z, denotes a purely random process, and

W,=VIV2X, (4.17)

This model looks rather complicated at first sight. However, if say P=1, then
the term @,(B°) will be (1 —constant x B*), which simply means that W, will
depend on W, __, since B*W,= W,_,. The variables { W,} are formed from the
original series {X,} not only by simple differencing (to remove trend) but also
by seasonal differencing, V,, to remove seasonality. For example if d=D =1
and s=12, then

W=VVX =V, X -V,X
=(X,—X_)—(X-1—X_13)
The model in equations (4.16) and (4.17) is said to be a SARIMA model of

order (p,d, q) x (P, D, Q),. The values of d and D do not usually need to

exceed one.
As an example, consider a SARIMA model of order (1,0, 0)x (0, 1, 1),,,
where we note s=12. Then equations (4.16) and (4.17) can be written

(1—-aB)W,=(1+0B'%)Z,
where W, =V, ,X,. Then we find

X=XI~12+01(X,_1——X,b13)+ZI+BZ,_12

t

so that X, depends on X,_,, X,_,, and X, _; as well as the innovation at time
(t—12).
When fitting a seasonal model to data, the first task is to assess values of d
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and D which reduce the series to stationarity and remove most of the
seasonality. Then the values of p, P, g and Q need to be assessed by looking at
the ac.f. and partial ac.f. of the differenced series and choosing a SARIMA
model whose ac.f. and partial ac.f. are of similar form (see Section 5.2.4 and
Example D.3). Finally, the model parameters may be estimated by some
suitable iterative procedure. Full details are given by Box and Jenkins (1970,
Chapter 9), but the many computer programs now available means that the
average analyst need not worry too much about the practical details of
estimation routines.

4.7 RESIDUAL ANALYSIS

When a model has been fitted to a time series, it is advisable to check that the
model really does provide an adequate description of the data. As with most

statistical models, this is usually done by looking at the residuals, which are
defined by

residual = observation — fitted vatue

For a univariate time-series model, the fitted value is the one-step-ahead
forecast so that the residual is the one-step-ahead forecast error. For example,
with an AR(1) model (equation (3.4)) where « is estimated by least squares, the
fitted value at time t is dx,_, so that the residual corresponding to x, is

=X AX,

Of course if « were known exactly then the exact error z,= x, — ax, _, could be
calculated, but this situation rarely arises in practice.

If we have a ‘good’ model then we expect the residuals to be ‘random’ and
‘close to zero’, and model validation usually consists of plotting residuals in
various ways. With time-series models we have the added feature that the
residuals are ordered in time and it is natural to treat them as a time series.

The two obvious steps are to plot the residuals as a time plot, and to
calculate the correlogram of the residuals. The time plot will reveal any
outliers and any obvious autocorrelation or cyclic effects. The residual
correlogram will enable autocorrelation effects to be examined more closely.
Letr, denote the autocorrelation coefficient at lag k of the {Z,}. If we have fitted
the true model, then the true errors form a purely random process and, from
Section 4.1, their correlogram is such that each autocorrelation coefficient is
approximately normally distributed, mean 0, variance 1/N for reasonably
large values of N. However, the correlogram of the residuals has somewhat
different properties. For example for an AR(1) process with a=0.7, the 95%
confidence limits are at +1.3/\/N for r,, +1.7/\/N for r,, and +2/./N for
values of r, at higher lags. Thus for lags greater than 2, the confidence limits are
the same as for the correlogram of the true errors.
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The analysis of residuals from ARMA processes is discussed by Box and
Pierce (1970) and Box and Jenkins (1970, Chapter 8). It turns out that 1/\/N
supplies an upper bound for the standard error of the residual r,s, so that
values which lie outside the range +2/,/N are significantly different from zero
at the 5% level and give evidence that the wrong model has been fitted.

Instead of looking at the r,s one at a time, Box and Jenkins (1970,
Section 8.2.2) describe what they call a portmanteau lack-of-fit test which
looks at the first M values of the correlogram all at once. The test statistic is

Q=N i‘l r (4.18)
k=1

where N is the number of terms in the differenced series and M is typically
chosen in the range 15 to 30. If the fitted model is appropriate, then @ should
be approximately distributed as y? with (M — p— g} degrees of freedom, where
p, q are the number of AR and MA terms respectively in the model.
Unfortunately the y? approximation can be rather poor for N <100, and
various alternative statistics have been proposed (e.g. Ljung and Box, 1978
suggest N(N+2)Zr2/(N—k)). However, the tests have rather poor power
properties (e.g. Davies and Newbold, 1979) and in my experience rarely give
significant results. A variety of other procedures have also been proposed for
looking at residuals (e.g. Newbold, 1988, Section 4), but my own preference is
usually just to ‘look’ at the few values of r,, particularly at lags 1, 2 and the first
seasonal lag (if any), and see if any are significantly different from zero using
the crude limits of +2/,/N. If they are, then I would modify the model in an
appropriate way by putting in extra terms to account for the significant
coefficient(s). However, if only one (or two) values of r, are just significant at
lags which have no obvious physical meaning (e.g. k = 5), then there would not
be enough evidence to reject the model.

Another statistic which is used for testing residuals is the Durbin-Watson
statistic (see Granger and Newbold, 1986, Section 6.2). This often appears in
computer output and in my experience few people know what it means. The
statistic is defined by

d=

N
1=

N
(Gimye)? / y 22 4.19)
2 t=1

Now since

we find d~2(1—r,), where r,=X33,_,/E3} is the first autocorrelation
coefficient of the residuals (since the mean residual should be virtually zero).
Thus the Durbin-Watson statistic is simply the residual r, in a different guise.
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If the true model has been fitted, then we expect r, ~0 and d~2, so that a
‘typical’ value for d is around two and not zero. Furthermore, a test on d is
asymptotically equivalent to a test on the residual r,.

The Durbin-Watson statistic was originally proposed for use with multiple
regression models as applied to time-series data. Suppos¢ we have N
observations on a dependent variable y, and k explanatory variables
Xy, .- X, and we fit the model

K=B1x1t+"'+ﬂkxkr+zr t=1""’N

Having estimated the parameters {f,} by least squares, we want to see if the
error terms are really independent. The residuals are therefore calculated by

ftzyt—ﬁlxlt_"'—ﬁkxk; t=1,...,N

The statistic d may now be calculated, and the distribution of 4 under the null
hypothesis that the z, are independent has been investigated. Tables of critical
values are available (e.g. Kendall, Stuart and Ord, 1983) and they depend on
the number of explanatory variables. Since d corresponds to the residual r,
this test implies that we are only considering an AR(l) process as an
alternative to a purely random process for z,. Although it may be possible to
modify the use of the Durbin-Watson statistic for models other than multiple
regression models, it is usually better to look at the correlogram of the
residuals as described earlier.

If the residual analysis indicates that the fitted model is inadequate in some
way then alternative models may need to be tried, and there are various
tools for comparing the fit of several competing models (see Section 13.1). An
iterative strategy for building time-series models, which is an integral part of
the Box-Jenkins approach, is discussed more fully in Section 4.8 and 5.2 4.

4.8 GENERAL REMARKS ON MODEL BUILDING

How do we set about finding a suitable model for a given time series? The
answer depends on a number of factors, including the properties of the series as
assessed by a visual examination of the data, the number of observations
available, and the way the model is to be used.

First it is important to understand the three main stages in model building,
which can be described as:

(a) Model formulation (or model specification)
(b} Model estimation (or model fitting)
(c) Model checking (or model verification).

Textbooks often concentrate on estimation, but say little about formulation.
This is unfortunate because computer packages now make estimation
straightforward for many types of model, so that the real problem is knowing
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which model to fit in the first place. The use of residual analysis in model
checking is receiving increasing attention, and may resuit in several cycles of
model fitting as a model is modified and improved in response to these checks
or in response to additional data. Thus model building is an iterative,
interactive process (see Section 13.3 and Chatfield, 1995a, Chapter 5).

This section concentrates on model formulation. The analyst should consuit
appropriate ‘experts’ about the given problem, ask questions to get relevant
background knowledge, look at a time plot of the data to assess their more
important features, and make sure that a proposed model is consistent with
empirical and/or theoretical knowedge and with the objectives of the
investigation.

There are many classes of time-series model to choose from. Chapter 3
introduced a general class of (univariate) models called ARIMA models,
which includes AR, MA and ARMA models as special cases. This useful class
of processes provides a good fit to many different types of time series and
should generally be considered when more than about 50 observations are
available. Another general class of models is the trend and seasonal type of
model introduced in Chapter 2. Later in this book several more classes of
model will be introduced, including multivariate models of various types, and
structural models.

In areas such as oceanography and electrical engineering, long stationary
series often occur. If a parametric model is required, an ARMA model should
be considered and can be fitted as outlined earlier in the chapter. The observed
correlogram and the partial ac.f. are examined, the appropriate ARM A model
identified, and the model parameters estimated by least squares. However, as
we shall see in Chapters 6 and 7, we may be more interested in the frequency
properties of the time series, in which case an ARMA model may not be very
helpful.

In many other areas, such as economics and marketing, non-stationary
series often occur and in addition may be fairly short. If more than 50
observations are available, Box and Jenkins (1970) advocate the fitting of
ARIMA models by differencing the observed time series until it becomes
stationary and then fitting an ARMA model to the differenced series. For
seasonal series, the seasonal ARIMA model may be used. However, it should
be clearly recognized that when the variation of the systematic part of the time
series (i.e. the trend and seasonality) is dominant, the eflectiveness of the
ARIMA modei is mainly determined by the initial differencing operations and
not by the subsequent fitting of an ARMA model to the differenced series, even
though the latter operation is much more time-consuming. Thus the simple
models discussed in Chapter 2 may be preferable for time series with a
pronounced trend and/or large seasonal effect. Models of this type have the
advantage of being simple, easy to interpret and fairly robust. In addition they
can be used for short series where it is impossible to fit an ARIMA model.
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EXERCISES

4.1

4.2

43

44

4.5

4.6

Derive the least squares estimates for an AR(1) process having mean u
(i.e. derive equations (4.6) and (4.7), and check the approximations in
equations (4.8) and (4.9)).

Derive the least squares normal equations for an AR(p) process, taking
f=x, and compare with the Yule-Walker equations (equation (4.12)).

Show that the (theoretical) partial autocorretation coefficient of
order 2, m,, is given by

[p(2)—p(1)*1/(1 - p(1)*]
Compare with equation (4.11).
Find the partial ac.f. of the AR(2) process given by

2
X .+ 2

1
_‘Xf‘"l+9

X=3

(see Exercise 3.6).

Suppose that the correlogram of a time series consisting of 100
observations has r, =0.31, r,=0.37, r;= —0.05, r,=0.06, ry= —0.21,
re=0.11,r,=0.08,rg=0.05,ry=0.12,r,,= —0.01. Suggest an ARMA
model which may be appropriate.

The first eight values of the ac.f. and partial ac.f. of 60 observations on a
quarterly economic index, and of the first differences, are shown below:

Lag 1 2 3 4 5 6 7 8
x4 T 095 091 087 082 079 074 070 067
17, 095 004 —005 007 000 0.07 —-0.04 —-0.02

vy d Tk 002 008 0.12 005 -0.02 -005 -0.01 0.03
17 002 008 006 003 -0.05-006 —0.04 —0.02

Identify a model for the series. What else would you like to know about
the data in order to make a better job of formulating a ‘good’ model?
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Forecasting is the art of saying what will happen, and then explaining why it didn’t!
Anonymous

5.1 INTRODUCTION

Forecasting the future values of an observed time series is an important
problem in many areas, including economics, production planning, sales
forecasting and stock control.

Suppose we have an observed time series X1, X3, ...,Xy. Then the basic

Jproblem is to estimate future values such as x ~+x> Where the integer k is called

the lead time. The forecast of x,,, made at time N for k steps ahead witl be
denoted by X(N, k).

A wide variety of different forecasting procedures are available and it s
important to realize that no single method is universally applicable. Rather the
analyst must choose the procedure which is most appropriate for a given set of
conditions. It is also worth bearing in mind that forecasting is a form of
extrapolation, with all the dangers that entails. Forecasts are conditional
statements about the future based on specific assumptions. Thus forecasts are
not sacred and the analyst should always be prepared to modify them as
necessary in the light of any external information. For long-term forecasting, it
can be helpful to produce several different forecasts based on alternative sets of
assumptions so that alternative ‘scenarios’ can be explored.

Forecasting methods may be broadly classified into three groups as follows.

(@) Subjective

Forecasts can be made on a subjective basis using judgement, intuition,
commercial knowledge and any other relevant information. Methods range
widely from bold freehand extrapolation to the Delphi technique, in which a
group of forecasters try to obtain a consensus forecast with controlled
feedback of other analysts’ preliminary predictions. These methods will not be
described here (see ¢.g. Armstrong, 1985; Wright and Ayton, 1987) as most
statisticians will want their forecasts to be at least partly objective. However,
note that some subjective judgement is often used in a more statistical
approach, for example to choose an appropriate model and perhaps make
adjustments to the resulting forecasts.



Introduction 67

(b) Univariate

Forecasts of a given variable are based on a model fitted only to past
observations of the given time series, so that X(N, k) depends only on
Xy, Xyn_1, - - - . FOr example, forecasts of future sales of a given product would
be based entirely on past sales. Methods of this type are sometimes called naive
or projection methods.

(c) Multivariate

Forecasts of a given variable depend at least partly on values of one or more
other series, called predictor or explanatory variables. For example, sales
forecasts may depend on stocks and/or on economic indices. Methods of this
type are sometimes calied causal models.

In practice, a forecasting procedure may involve a combination of the above
approaches. In particular, marketing forecasts are often made by combining
statistical predictions with the subjective knowledge and insight of people
involved in the market. A more formal type of combination is to compute a
weighted average of two or more objective forecasts, as this often proves
superior on average to the individual forecasts. However, an informative
model does not result.

An alternative way of classifying forecasting methods is between an
automatic approach requiring no human intervention, and a non-automatic
approach requiring some subjective input from the forecaster. The latter
applies to subjective methods and most multivariate methods. Most
univariate methods can be made fully automatic but can also be used in a non-
automatic form, and there can be a surprising difference between the results.

The choice of method depends on a variety of considerations, including:

(a) How the forecast is to be used.

(b) The type of time series and its properties, such as presence/absence of
trend and/or seasonality. Some series are very regular and hence ‘very
predictable’, but others are not. As always, a time plot of the data is very
helpful.

{c) How many past observations are available.

(d) The length of the forecasting horizon. This book is mainly concerned with
short-term forecasting. For example, in stock control the lead time for
which forecasts are required is the time between ordering an item and its
delivery.

(¢) The number of series to be forecast and the cost allowed per series.

(f) The skill and experience of the analyst and the computer programs
available. The analyst should select a method he feels ‘happy’ with, and
also consider the possibility of trying more than one method.

It is particularly important to clarify the objectives (as in any statistical
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investigation). This means finding out how a forecast will actually be used, and
whether it may even influence the future. Some forecasts are self-fulfilling. In a
commercial environment, forecasting should be an integral part of the
management process leading to what is sometimes called a systems approach.
Although point forecasts are sometimes adequate, a prediction interval is
often helpful to indicate future uncertainty. The latter can be calculated
assuming that the fitted model holds true in the future or can be calculated on
anempirical basisfrom thefitted errors (e.g. Chatfield, 1993a). Theytend to be
too narrow in practice, mainly because the underlying model may change.
Whatever forecasting method is used, some sort of forecast monitoring
scheme is often advisable, particularly with large numbers of series. A variety
of tracking signals for detecting ‘trouble’ are described by Gardner (1983).

5.2 UNIVARIATE PROCEDURES

This section introduces the many projection methods which are now available.
Further details may be found in Granger and Newbold (1986), Montgomery
et al. (1990), Abraham and Ledolter (1983) and Gilchrist (1976).

3.2.1 Extrapolation of trend curves

For long-term forecasting it is often useful to fit a trend curve (or growth
curve) to successive yearly totals and extrapolate. This approach is reviewed
by Harrison and Pearce (1972) and Meade (1984). A variety of curves may be
tried including polynomial, exponential, logistic and Gompertz curves (see
also Section 2.5.1). At least seven to ten years of historical data are required,
and Harrison and Pearce suggest that ‘one should not make forecasts for
a longer period ahead than about half the number of past years for which
data are available.” The method is worth considering for long-term
foreasting, where it is unlikely to be worthwhile to fit a complicated model
to past data.

A drawback to the use of trend curves is that there is no logical basis for
choosing among the different curves except by goodness-of-fit. Unfortunately
it is often the case that one can find several curves which fit a given set of data
almost equally well but which, when projected forward, give widely different
forecasts.

5.2.2 Exponential smoothing

This forecasting procedure, first suggested by C.C. Holt in about 1958,
should only be used in its basic form for non-seasonal time series showing no
systematic trend. Of course many time series which arise in practice do contain
a trend or seasonal pattern, but these effects can be measured and removed to
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produce a stationary series. Thus it turns out that adaptations of exponential
smoothing are useful for many types of time series. Gardner (1985) gives a
general review.

Given a non-seasonal time series with no systematic trend, x,, x5, .. ., Xy,
it 1s natural to take as an estimate of xy,, a weighted sum of the past
observations:

X(N, )=coxy+exy_ +exy_p+ (5.1)

where the {c;} are weights. It seems sensible to give more weight to recent
observations and less weight to observations further in the past. An intuitively
appealing set of weights are geometric weights, which decrease by a constant
ratio. In order that the weights sum to one, we take

c;=a(l—a)'  i=0,1,...
where « is a constant such that 0 <a < 1. Then (5.1) becomes
X(N, D=axy+a(l—o)xy_, +o(l —a)ixy_,+ - (5.2)

Strictly speaking, equation (5.2) implies an infinite number of past observa-
tions, but in practice there will only be a finite number. So equation (5.2) is
customarily rewritten in the recurrence form as

X(N, N=axy+ (1 —a)[axy_; +a(l—a)xy_,+ ]
=X+ (1—a)X(N—-1,1) (5.3)

If we set (1, 1)=x,, then equation (5.3) can be used recursively to compute
forecasts. Equation (5.3) also reduces the amount of arithmetic involved since
forecasts can easily be updated using only the latest observation and the
previous forecast.

The procedure defined by equation (5.3) is called exponential smoothing.
The adjective ‘exponential’ arises from the fact that the geometric weights lie
on an exponential curve, but the procedure could equally well be called
geometric smoothing.

Equation (5.3} is sometimes rewritten in the error-correction form

(N, y=a[xy—%(N—1, )]+ %(N—1, 1)
=aey+ S(N—1,1) (5.4)

where ey =xy— X(N—1, 1} is the prediction error at time N.
It can be shown that exponential smoothing is optimal if the underlying
model for the time series is given by

X=p+ay Z+2 (5.5)

j<t

This infinite moving average process is non-stationary, but the first differences
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(X,.,—X,) form a first-order moving average process, so that X, is an
ARIMA(Q, 1, 1) process (sce Exercise 5.6).

The value of the smoothing constant o depends on the properties of the
given time series. Values between 0.1 and 0.3 are commonly used and produce
a forecast which depends on a large number of past observations. Values close
to one are used rather less often and give forecasts which depend much more
on recent observations. When a=1, the forecast is equal to the most recent
observation.

The value of @ may be estimated from past data by a similar procedure to
that used for estimating the parameters of a moving average process. The sum
of squared prediction errors is computed for different values of @ and the value
is chosen which minimizes the sum of squares. With a given value of «,
calculate

(1, 1)=x,

22, )=ae,+%(1, 1)

..................

and compute Y ™, e?. Repeat this procedure for other values of o between 0
and 1,sayinsteps 0of 0.1, and select the value which minimizes £e?. Usually the
sum of squares surface is quite flat near the minimum and so the choice of « is
not critical.

5.2.3 The Holt-Winters forecasting procedure

Exponential smoothing may readily be generalized to deal with time series
containing trend and seasonal variation. The resulting procedure is usually
referred to as the Holt-Winters procedure in honour of P.R. Winters’
pioneering work of 1960. Trend and seasonal terms are introduced which are
also updated by exponential smoothing.

Suppose the observations are monthly, and let L,, T,, I, denote the local
level, trend and seasonal index, respectively, at time ¢. Thus 7, is the expected
increase or decrease per month in the current level. Let , y, 6 denote the three
smoothing parameters for updating the level, trend and seasonal index
respectively. The smoothing parameters are usually chosen in the range (0, 1).
Then, when a new observation x, becomes available, the values of L,, 7, and [
are all updated. If the seasonal variation is multiplicative, then the (recurrence

form) updating equations are

L=a(x/l_)+(1—a)(L,_,+7T,_;)
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Li=y(L,—L,_)+0-9T_,
L=0(x,/L)+(1-0)]_y,
and the forecasts from time ¢ are then
X(t, k)= (L + KT - 1244

for k=1,2,...,12. There are analogous formulae for the additive seasonal
case. Unfortunately the literature is confused by many different notations and
by the fact that the updating equations may be presented in the equivalent
error-correction form such as

T,=T,_,+aye/l_,

where it Iooks as though ay is a smoothing parameter.

A graph of the data should be examined to see if an additive or a
multiplicative seasonal effect is the more appropriate. If the seasonal period
does not cover 12 observations, then the updating equations need to be
modified in an obvious way.

In order to impiement the method, the user must

(a) Provide starting values for L,, 7; and [ at the beginning of the series

(b) Estimate values for a, y, by minimizing Ze? over a suitable fitting period
for which historical data are available

(c) Decide whether or not to normalize the seasonal indices at regular
intervals (see Section 2.6)

(d) Choose between an automatic or non-automatic approach.

Full details on these and other practical questions are given by Gardner (1985)
and Chatfield and Yar (1988). The method is straight forward and is widely
used 1n practice.

5.2.4 The Box-Jenkins procedure

This section gives a brief outline of the forecasting procedure based on
autoregressive integrated moving average (ARIMA) models which is usually
known as the Box-Jenkins approach. The beginner may find it easier to read
books such as Vandaele (1983), Granger and Newbold (1986) or Jenkins
(1979) rather than the original book by Box and Jenkins (1970), although the
latter is still an essential reference source.

The main stages in setting up a Box-Jenkins forecasting model are as
follows.

(@) Model identification

Examine the data to see which member of the class of ARIMA processes
appears to be most appropriate.
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(b) Estimation
Estimate the parameters of the chosen model as described in Chapter 4.

(c) Diagnostic checking
Examine the residuals from the fitted model to see if it is adequate.

(d) Consider alternative models if necessary

If the first model appears to be inadequate for some reason, then other
ARIMA modeis may be tried until a satisfactory model is found.

Now AR, MA and ARMA models have been around for many years and are
associated in particular with G. U. Yule and H. O. Wold. The major
contribution of Box and Jenkins has been to provide a general strategy for
time-series forecasting, in which the different stages of model building as listed
above are all given due prominence. In addition, they showed how the use of
differencing can extend the use of ARMA models to deal with non-stationary
series, and also how to incorporate seasonal terms into seasonal ARIMA (or
SARIMA) modeis. Thus ARIMA models are often referred to as Box-Jenkins
models. When a satisfactory ARIMA model has been found, it is relatively
straightforward to calculate forecasts as conditional expectations.

The first step in the Box-Jenkins procedure is to difference the data until
they are stationary. This is achieved by examining the correlograms of various
differenced series until one is found which comes down to zero ‘fairly quickly’
and from which any seasonal cyclic effect has been largely removed, although
there may still be ‘spikes’ at lags, s, 2s, and so on, where s is the number of
observations per year. For non-seasonal data, first-order differencing is
usually sufficient. For seasonal data of period 12, the operator VV,, is often
used if the seasonal effect is additive, while the operator V2, may be used if the
seasonal effect is multiplicative. Sometii®es the operator V,, by itself will be
sufficient. Over-differencing shouid be avoided. For quarterly data the
operator V, may be used, and so on.

The differenced series will be denoted by {w,; t=1,..., N—c}, where ¢
terms are ‘lost’ by differencing. For example, if the operator VV, , is used, then
c=13.

If the data are non-seasonal, an ARMA model can now be fitted to {w,} as
described in Chapter 4. If the data are seasonal, then the SARIMA model
defined in equation (4.16) may be fitted as follows. ‘Reasonable’ values of p, P,
q, Q are selected by examining the correlogram and the partial ac.f. of the
differenced series {w,}. Values of p and g are selected as outlined in Chapter 4
by examining the first few values of . Values of P and Q are selected primarily
byexamining the values of r,at k=12, 24 . . . (where the seasonal period is 12).
If for example r, , is ‘large’ but r,, is ‘small’, this suggests one seasonal moving
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average term, so we would take P=0, @ =1, as this SARIMA model has an
ac.f. of similar form. Box and Jenkins (1970) list the acv.f.s of various SARIMA
models.

Having tentatively identified what appears to be a reasonable SARIMA
model, least squares estimates of the model parameters may be obtained by
minimizing the residual sum of squares in a similar way to that proposed for
ordinary ARMA models. In the case of seasonal series, it 1s advisable to
estimate initial values of a, and w, by backforecasting (or backcasting) rather
than set them equal to zero. This procedure is described by Box and Jenkins
(1970, Section 9.2.4). In fact if the model contains a seasonai moving average
parameter which is close to one, several cycles of forward and backward
iteration may be needed. Nowadays several alternative estimation procedures
are available, based for exampie on the exact likelihood function, on
conditional or unconditional least squares, or on a Kalman filter approach
(see references in Section 4.4).

For both seasonal and non-seasonal data, the adequacy of the fitted modei
shouid be checked by what Box and Jenkins call ‘diagnostic checking’. This
essentially consists of examining the residuals from the fitted model to see if
there is any evidence of non-randomness. The correlogram of the residuals is
calculated and we can then see how many coefficients are significantly different
from zero and whether any further terms are indicated for the ARIMA model.
If the fitted model appears to be inadequate, then alternative ARIMA models
may be tried until a satisfactory one is found. Section 13.1 describes some
additional model identification tools to help in choosing an appropriate
model.

When a satisfactory model is found, forecasts may readily be computed.
Given data up to time N, these forecasts will involve the observations and
the fitted residuals (i.e. the one-step-ahead forecast errors) up to and
including time N. The minimum mean square error forecast of Xy, at time N
is the conditional expectation of Xy, at time N, namely X(N, k)=
E(Xy 41/ Xy+ Xy -1, - - .). Inevaluating this conditional expectation, we use the
fact that the ‘best’ forecast of all future Zs is simply zero (or more formally that
the conditional expectation of Z, ,,, given data up to time N, is zero for all
k>0). Box and Jenkins (1970) describe three general approaches to
computing forecasts.

(a) Using the difference equation form

Forecasts are usually computed most easily directly from the model equation
which Box and Jenkins (1970) call the difference equation form. Assuming that
the model equation is known exactly, then X(N, k) is obtained from the model
equation by replacing (1) future values of Z by zero, (2) future values of X by
their conditional expectation, and (3) past values of X and Z by their observed
values.
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For example, consider the SARIMA(1, 0, 0)(0, 1, 1),, model used as an
example in Section 4.6, where

X=X _nptaX_,—X_3)+Z4+0Z_,,
Then we find
XN, D)=xy_j+alxy—Xy_y5)+0zy_q,
X(N, 2)=xy_ o +a[X(N, )—xy_ ]+ 0zy_ 0

Forecasts further into the future can be calculated recursively in an obvious
way. It 1s also possible to find ways of updating the forecasts as new

observations become available. For example, when x, , ;, becomes known we
have

N+, D=xy_o+alxy,;—Xy_11)+02y_10
=X(N, 2)+afxy ., —%(N, 1)]
=xX(N, 2)+azy,,
(b) Using the y weights

The  weights defined in equation (3.6b)can also be used to compute forecasts
and are particularly helpful in calculating forecast error variances. Since

XN+k=ZN+k+‘/’1ZN+k—1 +

itis clear that X(N, k)isequalto > % ¥, , Zy - ; (i.e. no future zs are included).
Thus the k-steps-ahead forecast error is (Zy,,+V¥,Zy -+ '+
Y.~ 12Zy+,)- Hence the variance of the k-steps-ahead erroris (14+y?4 - +

'/’f —1)0'3-
(c) Using the m weights
The = weights defined in equation (3.6¢) can also be used. Since

Xnvew=T Xyspog+ X+ + 2y 4
it 1s intuitively clear that (N, k) is given by
XN, R)=m X(N, k—1)+ 71, X(N, k—=2)+ "+, Xy + o Xy +

These forecasts can be computed recursively, replacing future values of X with
predicted values.

In practice the model is not known exactly, and we have to estimate the model
parameters (and hence the s and zs if needed); we also have to estimate the
past values of Z by the observed residuals or one-step-ahead errors. Thus for
the SARIMA(1, 0,0)(0, 1, 1),, model given above, we would have, for
exampie, that
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XN, D=xy_ 1 +alxy—Xy_12)+0Zy_y,
Except for short series, this generally makes little difference to forecast error
variances.

Although some packages have been written to provide automatic ARIMA
modelling (with dubious results), the method is primarily intended for a non-
automatic approach where the analyst uses his subjective judgement to select
an appropriate model from the large family of ARIMA models according to
the properties of the individual series being analysed. Thus, aithough the
procedure is more versatile than many competitors, it is also more
complicated and considerable experience 1s required to identify an appro-
priate ARIMA model. Unfortunately, the analyst may find several different
models which fit the data equally well but give rather different forecasts, while
sometimes it is difficuit to find any sensible model. The inexperienced analyst
will sometimes choose a ‘silly’ model. Another drawback is that the method
requires several years data (e.g. at least 50 observations for monthly
seasonal data).

My own view (see also Section 5.4)is that the method should not be used by
analysts with limited statistical experience or for series where the variation is
dominated by trend and seasonal variation (see Example 5.2 and Exam-
ple D.3). However, it can work well for series showing short-term correlation
(see Example D.2). It can also be combined with seasonal adjustment methods
as in the X-11 ARIMA method (e.g. Huot, Chiu and Higginson, 1986) and
generalized to the muitivariate case (see Section 11.9).

5.2.5 Stepwise autoregression

Granger and Newbold (1986, Section 5.4) describe a procedure called
stepwise autoregression, which can be regarded as a subset of the Box-Jenkins
procedure and which has the advantage of being fully automatic. The method
relies on the fact that AR models are much easier to fit than MA or ARMA
models even though an AR model may require extra parameters to get as good
a representation of the data.

First, differences of the data are taken to aliow for non-stationarity in the
mean. Then a maximum possible lag, say p, is chosen. The best autoregressive
model with just one lagged variable is then found:

Wi=pu+oa'W,_ +e  1<k<p

where W,=X — X,_,, and «{" is the autoregression coefficient at lag k when
fitting one lagged variable only. Then the best autoregressive model with
2,3, ... lagged variables is found. The procedure is terminated when the
reduction in the sum of squared residuals at the jth stage is less than some pre-
assigned quantity. Thus an integrated autoregressive model is fitted whichis a
special case of the Box-Jenkins ARIMA class. Granger and Newbold suggest
choosing p= 13 for quarterly data and p=25 for monthly data.
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5.2.6 Other methods

Several other forecasting procedures have been proposed. Brown (1963) has
suggested a technique called general exponential smoothing which consists of
fitting polynomial, sinusoidal or exponential functions to the data and finding
appropriate updating formulae. One special case of this is double exponential
smoothing which is applicable to series containing a linear trend. Note that
Brown suggests fitting by discounted least squares, in which more weight is
given to recent observations.

Harrison (1965) has proposed a modification of seasonal exponential
smoothing which consists essentially of performing a Fourier analysis of the
seasonal factors and replacing them by smoothed factors. Parzen’s
ARARMA approach (Parzen, 1982) relies on fitting an AR model to remove
the trend (rather than just differencing the trend away) before fitting an
ARMA model.

There are two general forecasting methods, called Bayesian forecasting
(West and Harrison, 1989) and structural modelling (Harvey, 1989), which
rely on updating model parameters by a technique called Kalman filtering.
The latter is introduced in Chapter 10, and so we defer consideration of
these methods until then.

5.3 MULTIVARIATE PROCEDURES

This section provides a brief introduction to multivariate forecasting
procedures. Interest in such methods is growing, partly because of improve-
ments in computing power.

5.3.1 Multiple regression

This approach uses the multipie linear regression model, where the variable of
interest (say y) is linearly related to one or more other variables (say
Xy, ..., X,) which are called explanatory variables. In building a regression
model, it is helpfui to distinguish between explanatory variables which can or
cannot be controlled, and predetermined variables such as time itself.
Regression on time alone would normally be regarded as a univariate
procedure. Lagged values of the response and explanatory variables may be
included, but the inclusion of autoregressive terms (past values of y) changes
the character of the model. Note that economists sometimes describe a
regression model as an econometric model.

A description of multiple regression can be found in many statistics
textbooks (e.g. Anderson, 1971) and will not be repeated here. With the
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general availabilty of multiple regression computer programs it i1s computa-
tionally easy (perhaps too easy!) to fit a mulitiple regression model and use it
for planning or forecasting.

Multiple regression models are widely used and sometimes work well,
particularly in a marketing context. But there are several dangers in the
method which need to be appreciated. First, the ready availability of computer
programs has resulted in a tendency to put more and more explanatory
variables into the model. with dubious results. The resulting model may
indeed appear to give a good fit to the available data. For example, by
including as many as 20 explanatory variables it is possible to achieve a
multiple correlation coefficient R? as high as 0.995. However, this good fit may
be spurious and does not necessarily mean that the model will give good
forecasts (Granger and Newbold, 1974). A more sensible number of
explanatory variables is a maximum of six or seven, and it is advisable to fit the
model to part of the available data and then check the model by forecasting the
remainder of the data. When doing this it is important to distinguish between
ex ante forecasts, which replace future values of the explanatory variables by
forecasts (and so are true forecasts), and ex post forecasts, which use the true
values of explanatory variables. The latter can look misleadingly good.

Explanatory variables were often called independent variables in the past,
butin marketing applications the so-called ‘independent’ variabies are usually
not independent at all, and if some of them are highly correlated there may be
singularity problems. It is therefore advisable to look at the correlation matrix
of the ‘independent’ variables before carrying out a multiple regression so that,
if necessary, some variables can be excluded. It is unnecessary for the
explanatory variables to be completely independent, but large correlations
should be avoided.

Another difficulty arising in multiple regression is that some crucial
explanatory variables may have been held more or less constant in the past,
and it is then impossible to assess their effect and include them in the model in a
quantitative way. For example, a company may be considering increasing its
advertising expenditure and would like to construct a model which would
predict the effect on sales. But if advertising has been held relatively constant in
the past, then it will be impossible to estimate the effect of advertising; yet a
model which excludes advertising may be useless if advertising expenditure is
changed.

But perhaps the most important problem in multiple regression forecasting
concerns the structure of the error terms. It is often assumed that these are an
independent white noise sequence, but such an assumption is sometimes not
appropriate (Box and Newbold, 1971). Having fitted a multiple regression
model, one should check the residuals for autocorrelation as described in
Section 4.7. If the residuals are autocorrelated, one can try fitting a multiple
regression model with autocorrelated errors by a method, due to D. Cochrane
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and G. H. Orcutt, which is described by Kendall, Stuart and Ord (1983,
Section 51.2).

In summary, I am inclined to agree with Brown (1963, p. 77) that the use of
muitiple regression models can be very dangerous except in certain special
cases where one has a definite reason why one series should be related to
another. An example of such a situation, involving just one explanatory
variable, is given in Example 5.3. Another example is given by Bhattacharyya

(1974).

5.3.2 Econometric models

Econometric models (e.g. Harvey, 1990) often assume that an economic
system can be described, not by a single equation, but by a set of simultaneous
equations. For example, not only do wage rates depend on prices but also
prices depend on wage rates. Economists distinguish between exogenous
variables, which affect the system but are not themselves affected, and
endogenous variables, which interact with each other. The simultaneous
equation system involving k dependent (endogenous) variables, {Y;}, and g
predetermined (exogenous) variables, {X;}, may be written

Yi=fi(Yy, s Yty Yors o5 Yoo Xy, o, X,)Ferror
i=1,2,...,k

Some of the exogenous variables may be lagged values of the Y,. These
equations, often called the structural form of the system, can be solved to give
what is called the reduced form of the system, namely

Y,=F(X,,...,X,)+error  i=1,2,...,k

The principles and problems involved in constructing econometric models
are too broad to be discussed in detail here (e.g. see Granger and Newbold,
1986, Section 6.3). A key issue is the extent to which the form of the model
should be based on judgement, on economic theory and/or on empirical data.
While some econometricians have been scornful of univariate time-series
models which do not ‘explain’ what is going on, statisticians have been
generally sceptical of traditional econometric model building in which the
structure of the model is determined by economic theory and littie attention is
paid to the ‘error’ structure. However, the uncontrolied nature of much
economic data makes it difficult to construct econometric models solely on an
empirical basis. Fortunately, mutual understanding has improved in recent
years as developments in multivariate time-series modelling have brought
statisticians and econometricians closer together to the benefit of both. It is
now widely recognized that econometric model building should be an iterative
process involving both theory and data.
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5.3.3 Other multivariate models

There are many other types of muitivariate model which may be used to
produce forecasts. The multivariate generalization of ARIMA models is
considered in Chapter 12. One special case is the class of transfer function
models (see Section 9.4.2) which concentrates on describing the relationship
between one ‘output’ variable and one or more ‘input’ or expianatory
variables. It is helpful to understand the interrelationships between all these
classes of multivariate model (e.g. see Granger and Newbold, 1986,
Chapters 6-8; Priestley, 1981, Chapter 9).

Of course, more specialized multivariate models may occasionaily be
required. For example, forecasts of births must take account of the number
and age of women of child-bearing age. Common sense and background
knowledge of the problem should indicate what is required.

54 A COMPARATIVE REVIEW OF FORECASTING
PROCEDURES

We noted in Section 5.1 that there is no ‘best’ forecasting procedure, but rather
that the choice of method depends on a variety of factors such as the objective
in producing forecasts, the degree of accuracy required, and the properties of
the given time series. This section attempts a brief review of recent research but
makes no attempt to be exhaustive. The extensive annotated list of references
given by Armstrong (1985) indicates the growing research activity.

Many forecasts are used for planning purposes, while others act as a ‘norm’
against which the effect of changes in strategy may be assessed. Sometimes
more than one forecast is required 1o assess the effects of different assumptions
or strategies.

Univariate forecasts are particularly suitable when there are large numbers
of series to be forecast (e.g. in stock control) so that a relatively simple method
has to be used. They are also suitabie when the analyst’s skill is limited, when a
‘norm’ is required, or when they are otherwise judged appropriate for the
client’s needs and level of understanding. Multivariate models are appropriate
to assess the effects of explanatory variables, to understand the economy, and
to evaluate aiternative economic policy proposals by constructing ‘what-if’
forecasts.

54.1 Forecasting competitions

In order to clarify the choice between different univariate methods, there have
been several ‘competitions’ to compare the forecasting accuracy of different
methods on a given set of time series. The four major competitions are
described by Reid (1975), Newbold and Granger (1974), Makridakis and
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Hibon (1979) and Makridakis er al. (1984). The last study, commonly known
as the M-competition, was designed to be more wide ranging than earlier
studies, and compared 24 methods on 1001 series. Given different analysts and
data sets, it is perhaps not too surprising that the results from different
competitions have not always been consistent. For example, the two earlier
studies found that Box-Jenkins tended to give more accurate forecasts than
other univariate methods, but this was not the case in the later studies. A
detailed assessment of the strengths and weaknesses of forecasting competi-
tions is given by Chatfield (1988). 1t is essential that results be replicable and
that appropriate criteria are used. Moreover, accuracy is only one aspect of
forecasting, and practitioners think that cost, ease of use and ease of
interpretation are of almost equal importance. Furthermore, competitions
mainly analyse large numbers of series in a completely automatic way. Thus
although they tell us something, competitions only tell part of the story and
are mainly concerned with comparing automatic forecasts.

If an automatic approach is desirable or unavoidable, perhaps because a
large number of series is involved, then my interpretation of the competition
results is as follows. While there could be significant gains in being selective,
most users will want to apply the same method to all series for obvious
practical reasons. Some methods should be discarded, but there are several
automatic methods for which average differences in accuracy are small. Thus
the choice between them may depend on other practical considerations such as
availability of computer programs. The methods include Holt’s exponential
smoothing, Holt-Winters and Bayesian forecasting. My particular favourite,
partly on grounds of familiarity, is the Holt-Winters method, which can be
recommended as a generally reliable, easy to understand, ali-purpose
automatic method.

5.4.2 Choosing a non-automatic method

Suppose instead that a non-automatic approach is indicated because the
number of series is small and/or because external information is available
which cannot be ignored. Then sensible forecasters will use their skill and
knowledge to interact with their clients, incorporate background knowledge,
plot the data and generally use all relevant information to build a model and
compute forecasts. The choice then lies between some form of multivariate
method and a non-automatic univariate procedure. Here forecasting competi-
tions are of limited value and it is easy to cite case studies where subjective
adjustment of automatic forecasts leads to improvements (e.g. Chatfield,
1978). Moreover, the average differences in accuracy for different methods
are relatively small compared with the large differences in accuracy which
can arise when the methods are applied to individual series. The rewards in
being selective indicate that the distinction between an automatic and a
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non-automatic approach may be more fundamental than the differences
between different forecasting methods.

It is also easy to cite case studies (e.g. Jenkins and McLeod, 1982) where
statistician and client collaborate to develop a successful multivariate model.
However, it is difficult to make generat statements about the relative accuracy
of different multivariate methods. Many people expect multivariate forecasts
to be at least as good as univariate forecasts, but this is not true either in theory
or in practice, partly because the computation of multivariate forecasts may
require the prior computation of forecasts of exogenous variables, and the
latter may not be good enough (Ashley, 1988). Chatfield (1988) reviews the
empirical evidence. Regression models do rather better on average than
univariate methods, though not by any means in every case (Fildes, 1985).
Econometric simultaneous equation models have a patchy record and it is
easy to cite cases where univariate forecasts are more accurate (e.g. Naylor,
Seaks and Wichern, 1972; Makridakis and Hibon, 1979, Section 2). There
have been some encouraging case studies using transfer function models (e.g.
Jenkins, 1979; Jenkins and McLeod, 1982) but such models rely on the
absence of feedback which may not apply to much economic data.
Mutltivariate ARIM A models also have a mixed record and are perhaps more
useful for understanding relationships than for forecasting. Of course
multivariate models can usually be made to give a better fit to given data than
univariate models, but this superiority does not necessarily translate into
better forecasts, perhaps because multivariate models are more sensitive to
changes in structure,

It has to be realized that the nature of economic time-series data is such as to
make it difficult to fit reliable multivariate time-series models. Most economic
variables are simply observed, rather than controlled, and there are usually
high autocorrelations within each series. In addition there may be high
correlations beween series, not necessarily because of a real relationship but
simply because of mutual correlations with time (Pierce, 1977). Feedback
between ‘output’ and ‘input’ variables is another problem. There are special
difficulties in fitting regression models to time-series data anyway, as already
noted in Section 5.3.1, and an apparent good fit may be spurious.
Simultaneous equation and multivariate ARIMA models are even more
difficult to construct, and their use seems likely to be limited to the analyst who
is as interested in the modelling process as in forecasting. Thus although the
much greater effort required to construct multivariate models will sometimes
prove fruitful, there are many situations where a univariate method will be
preferred.

With a non-automatic univariate approach, the main choice is between the
Box-Jenkins approach and the non-automatic use of a simple method, such as
Holt-Winters, which is perhaps more often used in automatic mode. The Box-
Jenkins approach has been one of the most influential developments in
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time-series analysis. However, the accuracy of the resulting forecasts has been
rather mixed in practice, particularly when one realizes that forecasting
competitions are biased in favour of Box-Jenkins by implementing other
methods in a completely automatic way. The advantage of being able to choose
from the broad class of ARIMA models is clear, but, as noted in Section 5.2.4,
there are also dangers in that considerable experience is needed to interpret
correlograms and other indicators. Moreover, when the variation in a series is
dominated by trend and seasonality, the effectiveness of the fitted ARIMA
model is mainly determined by the differencing procedure rather than by the
identification of the autocorrelation structure of the differenced (stationary)
series, which is what is emphasized in the Box-Jenkins approach. Nevertheless,
some writers have suggested that all exponential smoothing models should be
regarded as special cases of Box-Jenkins, the implication being that one might as
well use Box-Jenkins. However, this view is now discredited (Chatfield and Yar,
1988) because exponential smoothing methods are actually applied in a
completely different way to Box-Jenkins.

In some situations, a large expenditure of time and effort can be justified and
then Box-Jenkins is worth considering. However, for routine sales forecasting,
simple methods are more likely to be understood by managers and workers
who have to utilize or implement the results. Thus I suggest that Box-Jenkins
is only worth considering when the following conditions are satisfied: (1) the
analyst is competent to implement it; (2) the objectives justify the complexity;
and (3) the variation in the series is not dominated by trend and seasonality.

5.4.3 A strategy for non-automatic univariate forecasting

If circumstances suggest a non-automatic univariate approach, then I suggest
that the following steps will generally provide a sensible strategy.

(a) Get appropriate background information and carefully define the
objectives.

(b) Plot the data and look for trend, seasonal variation, outliers, and changes
in structure such as slow changes in variance or sudden discontinuities.

(c) ‘Clean’ the data if necessary, for example by adjusting any suspect
observations, preferably after taking account of external information.
Consider the possibility of transforming the data.

(d) Decide if the seasonal variation is (i) non-existent, (ii) multiplicative, (iii)
additive or (iv) something else.

(¢) Decide if the trend is (i) non-existent, (ii) global linear, (iii) local linear or
(iv) non-linear.

(f) Fit an appropriate model where possible. It is helpful to distinguish four
types of series:
(i) Discontinuities present. Figure 5.1(a) shows a series containing a
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Figure 5.1 Three types of time series. (a) Discontinuity present: numbers of new
insurance policies issued by a particular life office (monthly in hundreds). (b) Short-
term autocorrelation present: unemployment rate in USA (quarterly). (c) Exponential
growth present: world-wide sales of IBM (yearly).



84

Forecasting

major discontinuity where it is generally unwise to produce any univariate
forecasts. There is further discussion of this series in Section 13.2.

(ii) Trend and seasonality present. Figures 1.3, 5.3 and D.2 show series
whose variation is dominated by trend and seasonality. Here the Holt-
Winters exponential smoothing method is a suitable candidate. The
correct seasonal form must be chosen and the smoothing parameters can
be estimated by optimizing one-step-ahead forecasts over the period of fit.
Full details are given by Chatfield and Yar (1988).

(ili) Short-term correlation present. Figure 5.1(b) shows a non-seasonal
series whose variation is dominated by short-term correlation. Many
economic indicator series are of this form and it is essential to try to
understand the autocorrelation structure. Thus the Box-Jenkins
approach is recommended here. (See Example D.2)

(iv) Exponential growth present. Figure 5.1(c) shows a series dominated
by a steadily increasing trend. Series of this type are difficult to handle
because exponential forecasts are inherently unstable. No one really
believes that economic growth or population size can continue to increase
exponentially indefinitely. Two alternative strategies are to fit a model
which explicitly includes exponential (or perhaps quadratic) growth
terms, or (my preference) to fit a model to the logarithms of the data (or
some other suitable transformation). There is some evidence to suggest
that damping the trend will improve accuracy (Gardner and McKenazie,
1985).

Check the adequacy of the fitted model. In particular, study the one-step-
ahead forecast errors over the period of fit to see if they have any
undesirable properties such as high autocorrelation. Modify the model if
necessary.

Compute forecasts. Decide if the forecasts need to be adjusted subjectively
because of anticipated changes in other variables, or because of any other
reason.

5.44 Summary

It is difficult to summarize the many empirical findings (e.g. see Makridakis,
1986, especially Exhibit 1), but I make the following general observations and
recommendations:

(a)

(b)

Fitting the ‘best’ model to historical data does not necessarily minimize
post-sample forecast errors. In particular, complex models often give
forecasts which are no better than simple models. The more frequent and
the greater number of forecasts required, the more desirable itistousea
simple approach.

Combinations of forecasts from different methods are generally better
than forecasts from individual methods.



©)
(d)
e)
(f)

5.5
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The higher the level of aggregation of a series, the better 1s the forecast
accuracy.

Prediction intervals, calculated on the assumption that the model fitted to
past data will also be true in the future, are generally too narrow.

If an automatic univariate method is required, then the Holt-Winters
method is a suitable candidate, but there are several close competitors.

When a non-automatic approach is appropriate, there is a wide choice
from judgemental and multivariate methods through to (univariate) Box-
Jenkins and the ‘thoughtful’ use of univariate methods which are often
regarded as automatic. A strategy for non-automatic umvariate forecast-
ing has been proposed which may incorporate Box-Jenkins, Holt-Winters
or some form of growth curve model. Whatever approach is used, the
analyst should be prepared to improvise and modify ‘objective’ forecasts
using subjective judgement.

SOME EXAMPLES

In this section we discuss three sets of data, to illustrate some of the problems
which arise in real forecasting situations.

Example 5.1 Figure 5.2 shows the (coded) sales of a certain company in
successive quarters over 6 years. Suppose that a univariate forecast is required

Number of items sold

3000 r
A
2000
1000 %_ 1 1 L i 1 |
4 8 12 16 20 24
Quarter

Figure 5.2 Sales of a certain company in successive three-month periods.
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for the next four quarters. What method is appropriate? This series
demonstrates the importance of plotting a time series and making a visual
examination before deciding on the appropriate forecasting procedure. It is
evident from Figure 5.2 that there is an increasing trend and a pronounced
seasonal effect with observations 1, 5,9, 13, . . . relatively low. The series is too
short to use the Box-Jenkins method. Instead a suitable forecasting procedure
might appear to be that of Holt-Winters. But closer examination of Figure 5.2
reveals that the observation in quarter 22 is unusually low while the following
observation seems somewhat high. If we were to apply Holt-Winters with no
modification, these unusual observations would have a marked effect on the
forecasts. We must therefore find out if they indicate a permanent change in
the seasonal pattern, in which case earlier observations will have little
relevance for forecasting purposes, or if they were caused by some unusual
phenomenon such as a strike, in which case some data adjustment may be
advisable. Asking questions to get background information is most important.

Example 5.2 Figure 5.3 shows some telephone data analysed by Toma-
sek (1972) using the Box-Jenkins method. He developed the model

(1—0.84B) (1 — B'?)(X,— 132)=(1—0.60B) (1+0.37B'?)Z,

which, when fitted to all the data, explained 99.4% of the total variation about
the mean (i.e. the total corrected sum of squares, Z(x,— x)?). On the basis of
this good fit, Tomasek recommended the use of the Box-Jenkins method for
forecasting.

However, it is not at all clear that this is a sensible recommendation.
Looking at Figure 5.3, we see that the series has an unusually high regular
seasonal pattern. In fact 97% of the variation about the mean is explained by a
linear trend and constant seasonal pattern. As we remarked in Section 4.8,
when the variation due to trend and seasonality is dominant, the effectiveness
of the ARIMA model is mainly determined by the initial differencing
operations and not by the time-consuming ARMA model fitting to the
differenced series (Akaike, 1973). For such regular data, nearly any forecasting
method will give good results. For example, the Holt-Winters method
explains 98.9% of the variation, and it is rather doubtful if the extra expense of
the Box-Jenkins method can be justified by increasing the explained variation
from 98.9% to 99.4%.

Example 5.3 Figure 5.4 shows quarterly sales data for company C over 12
successive years. Although there is some evidence of a seasonal pattern, it is
not particularly regular. D. L. Prothero tried two univariate procedures on
these data, namely Holt-Winters and Box-Jenkins. The Box-Jenkins model
fitted was

VV,X,=(1—0.2B)(1—0.8B%Z,
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Prediction theory 89

The mean absolute forecast errors up to four quarters ahead were calculated as
follows:

No. of quarters ahead 1 2 3 4
Holt-Winters 254 28.6 31.7 37.3
Box-Jenkins 245 29.9 342 41.4

Thus although Box-Jenkins is 3% better one step ahead, it is up to 10% worse
four steps ahead.

This result is typical in the sense that Box-Jenkins tends to do less well as the
lead time increases. But the resuit is not typical in that, for series as irregular as
that shown in Figure 5.4, Box-Jenkins will sometimes do considerably better
than other methods. Thus, if sufficient money and expertise are available, the
Box-Jenkins method is worth a try for data of this type.

These data also illustrate the possible advantages of multivanate forecast-
ing. It was found that if detrended, deseasonalized sales are linearly regressed
on detrended, deseasonalized stocks two quarters before, the mean absolute
forecast error one step ahead was 19.0, which is considerably better than either
of the two univariate procedures. In other words stocks are a leading indicator
for sales. This illustrates the general point that if one wants to put in a lot of
effort to get a good forecast, it may well be better to try a multivariate
procedure such as multiple regression rather than a complicated univariate
procedure such as Box-Jenkins, although this is not always the case.

5.6 PREDICTION THEORY

Over the last thirty years or so, a general theory of linear prediction has been
developed by Kolmogorov, Wiener (1949), Yaglom (1962) and Whittle (1963)
among others. All these authors avoid the use of the word ‘forecasting’,
although most of the univariate methods considered in Section 5.2 are in the
general class of linear predictors. The theory of linear prediction has
applications in control and communications engineering and is of consider-
able theoretical interest, but readers who wish to tackle the sort of forecasting
problem we have been considering earlier in this chapter will find this
literature iess accessible than the other references. Here we will only give a brief
introduction.

Two types of problem are often distinguished. In the first type of problem we
have data up to time T, {x, Xx;_,, . . .}, and wish to predict the value of x;, ,,,-
One approach is to use the predictor

Xrom=ZCXr_

which is a linear function of the available data. The weights {c,} are chosen so

tThis section may be omiited at first reading.
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as to minimize the expected mean square prediction error, E(xy, ,— X7 ..)%
This is often called the prediction problem (e.g. Cox and Miller, 1968), while
Yaglom (1962) refers to it as the extrapolation problem and Whittie (1963)
calls it pure prediction. As an example of the sort of result which has been
obtained, Wiener (1949) has considered the problem of evaluating the weights
{¢;}, s0 as to find the best linear predictor, when the ac.f. of the series {x,} is
known and when the entire past sequence {x,} is known. It is interesting to
compare this sort of approach with the forecasting techniques proposed earlier
in this chapter. The Box-Jenkins approach, for example, also employs a linear
predictor which will be optimal for a particular ARIMA process. But whereas
Wiener says little about estimation, Box and Jenkins (1970) show how to find a
linear predictor when the ac.f. has to be estimated.

The second type of problem arises when the process of interest, s(t), called
the signal, is contaminated by noise, n(t), and we actually observe the process

y(e)=s(t)+n(t)

In some situations the noise is simply measurement error; in engineering
applications the noise may be an interference process of some kind. The
problem now is to separate the signal from the noise. Given measurements on
y(t) up to time T we may want to reconstruct the signal up to time T or
alternatively make a prediction of s(T+ t). The problem of reconstructing the
signal is often called smoothing or filtering. The problem of predicting the
signalis also often called filtering (Yaglom, 1962; Cox and Miller, 1968), but is
sometimes called prediction (Astrom, 1970). It is often assumed that the signal
and noise processes are uncorrelated and that s(t) and n(t) have known ac.fs.

It is clear that both the above types of problem are closely related to the
control problem because, if we can predict how a process will behave, then we
can adjust the process so that the achieved values are, in some sense, as close as
possible to the target value. Further remarks on control theory must await a
study of linear systems.

EXERCISES
5.1 For the MA(1) model given by
X=Z+0Z_,

show that £(N, 1)=8z, and that £(N, k})=0for k=2,3, . ...

Show that the variance of the k-steps-ahead forecast error is given by
oifork=1,and by (1 +6%*)oifor k >2, provided the true model is known.
(In practice we would take %(N, 1)=0%,, where 8 is the least squares
estimate of 6 and 7, is the observed residual at time N.)

5.2 For the AR(1) model given by
X=0X_,+7
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show that £(N, k)=o*xyfork=1,2,.... Also show that the variance of
the k-steps-ahead forecast error is given by (1 —a*)el/(1-ao?).
For the AR(1) model given by

X—p=aX_;—W)+2,

show that 2(, k)=p +a*(xy—p)for k=1, 2, .. .. (In practice the least
squares estimate of « would be substituted into the above formulae.)

Consider the SARIMA(1, 0, 0) (0, 1, 1),, model used as an example in
Section 5.2.4. Show that

X(N, 2)zxw—10"’O‘Z(XN‘XN—12)‘*'90“”3:\'—11 +0zy_10

For the SARIMA(0, 0, 1) (1, 1, 0),, model, find forecasts at time N for
up to 12 steps ahead in terms of observations and estimated residuals up
to time N.

For the model (1—B)(1—02B)X,=(1-0.5B)Z in Exercise 3.12, find
forecasts for one and two steps ahead, and show that a recursive
expression for forecasts three or more steps ahead is given by

(N, k)= 1.28(N, k—1)—0.2%(N, k—2)

Find the variance of the one-, two- and three-steps-ahead forecast errors.
If zy=1, xy=4, xy_, =3 and ¢5=2, show that X(V, 2)=3.64 and that
the standard error of the corresponding forecast error is 1.72.

Consider the ARIMA(O, 1, 1) process
(1-B)X,=(1—0B)Z,

Show that (N, 1)= xy—0zy,and X(N, k)=X(N, k—1) for k = 2. Express
£(N, 1) in terms of xy and X(N—1, 1) and show that this is equivalent to
exponential smoothing. By considering the ¥ weights of the process,
show that the variance of the k-steps-ahead prediction error is
[1+(k—1)(1—0)*]63.
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Stationary processes in
the frequency domain

6.1 INTRODUCTION

In Chapter 3 we described several types of stationary stochastic process,
placing emphasis on the autocovariance (or autocorrelation) function which is
the natural tool for considering the evolution of a process through time. In this
chapter we introduce a complementary function called the spectral density
function, which is the natural tool for considering the frequency properties ofa
time series. Inference regarding the spectral density function is called an
analysis in the frequency domain.

Some statisticians initially have difficulty in understanding the frequency
approach, but the advantages of frequency methods are widely appreciated in
such fields as electrical engineering, geophysics and meteorology. These
advantages will become apparent in the next few chapters.

We shall confine ourselves to real-valued processes. Many authors consider
the more general problem of complex-valued processes, and this results in
some gain of mathematical conciseness. But, in my view, the reader is more
likely to understand an approach restricted to real-valued processes. The vast
majority of practical problems are covered by this approach.

6.2 THE SPECTRAL DISTRIBUTION FUNCTION

In order to introduce the idea of a spectral density function, we must first
consider a function called the spectral distribution function. The approach
adopted is heuristic and not mathematically rigorous, but will, hopefully, give
the reader a better understanding of the subject than a more theoretical
approach.

Suppose we suspect that a time series contains a periodic sinusoidal
component with a known wavelength. Then a natural model is

X =Rcos(wt+0)+Z, (6.1)

where  is called the frequency of the sinusoidal variation, R is called the
amplitude of the variation, 0 is calied the phase, and Z, denotes some stationary
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random series. Note that the angle (wt + 0) is usually measured in units called
radians, where 7 radians = 180°. Since @ is the number of radians per unit time
it is sometimes called the angular frequency, but in keeping with most authors
we call w the frequency. However some authors, notably Jenkins and Watts
(1968), refer to frequency as f=w/2x, the number of cycles per unit time, and
this form of frequency is much easier to interpret from a physical point of view.
We usually use the angular frequency  in mathematical formulae for
conciseness, but will often use the frequency f= w/2n for the interpretation of
data. The period of a sinusoidal cycle, called the wavelength, is clearly 1/f or
2n/w. An example of a sinusoidal function is shown in Figure 6.1. There f= 1/6
and the wavelength is 6.

“

+2 /\ /—\ /\

0 i i ‘ L I i } -
/—8 6 \-4 /-2 0 \2 4 6 vw '

__2_

Figure 6.1 A graph of R cos(wt +8) with R=2, w=mn/3 and 0 =n/6.

Model (6.1) is a very simple model, but in practice the variation in a time
series may be caused by variation at several different frequencies. For example,
sales figures may contain weekly, monthly, yearly and other cyclical variation.
In other words the data show variation at high, medium and low frequencies.
It is natural therefore to generalize (6.1) to

k
X,=Y Rcos(wit+8)+Z2 (6.2)
=1

j=

where R; is the amplitude at frequency ;.

The reader will notice that models (6.1) and (6.2) are not stationary if R, 0,
{R;} and {8} are fixed constants because E(X,) will change with time. In order
to apply the theory of stationary processes to models like (6.2), it is customary
to assume that {R,} are (uncorrelated) random variables with mean zero, or
that {0} are random variables with a uniform distribution on (0, 27), which
are fixed for a single realization of the process (see Section 3.5 and
Exercise 3.14). This is something of a ‘mathematical trick’, but it does enable
us to treat time series containing one or more deterministic sinusoidal
components as stationary series.
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Since cos(wt + 8) = cos wt cos 8 —sin wt sin 8, model (6.2) can be expressed
as a sum of sine and cosine terms in the form

k
X,= ) (ajcos wit+b,sinwt)+Z (6.3)
i=1

where a;=R;cos 0, and b;= —R;sin §,.

But we may now ask why there should only be a finite number of frequencies
involved in model (6.2) or (6.3). In fact, letting k— o0, the work of Wiener and
others has shown that any discrete stationary process measured at unit
intervals may be represented in the form

thj cos wt du(w)+J sin wt dv(w) (6.4)
0 0
where u(w), v(w) are uncorrelated continuous processes with orthogonal
increments (see Section 3.4.8) which are defined for all w in the range (0, n).
Equation (6.4) is called the spectral representation of the process; it involves
stochastic integrals, which require considerable mathematical skill to handle
properly. It is intuitively more helpful to ignore these mathematical problems
and simply regard X, as a linear combination of orthogonal sinusoidal terms.
Thus the derivation of the spectral representation will not be considered here
(see for example Cox and Miller, 1968, Chapter 8).

The reader may wonder why the upper limits of the integrals in (6.4) are n
rather than co. For a continuous process the upper limits would indeed be oo,
but for a discrete process measured at unit intervals of time there is no loss of
generality in restricting @ to the range (0, n), since

cos wt k, t integers with k even

cos[(w+kn)] = {

cos(m— w)t k, t integers with k odd

and so varniation at frequencies higher than n cannot be distinguished from
variation at a corresponding frequency in (0, ). The frequency w = = is called
the Nyquist frequency. We will say more about this in Section 7.2.1. For a
discrete process measured at equal intervals of time of length At, the Nyquist
frequency is m/At. In the next two sections we consider discrete processes
measured at unit intervals of time, but the arguments carry over to discrete
processes measured at intervals At if we replace n by n/At.

The main point of introducing the spectral representation (6.4) is to show
that every frequency in the range (0, 7) may contribute to the variation of the
process. However, the processes u(w) and v(w) in (6.4) are of little direct
practical interest. Instead we introduce a function F(w) called the (power)
spectral distribution function, which arises from a theorem (e.g. Bartlett, 1966,
Section 6.1), called the Wiener-Khintchine theorem, named after N. Wiener
and A. Y. Khintchine. As applied to real-valued processes, this theorem says
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that, for any stationary stochastic process with autocovariance function y(k),
there exists a monotonicaily increasing function F(w) such that

y(k):f cos wk dF(w) (6.5)
]

Equation (6.5) is called the spectral representation of the autocovariance
function, and involves a type of integral (called Stieltjes) which may be
unfamiliar to some readers. It can however be shown that the function F(w)
has a direct physical interpretation: it is the contribution to the variance of the
series which is accounted for by frequencies in the range (0, w). It is most
important to understand this physical interpretation of F(w). There is no
variation at negative frequencies, so that

Flw)=0 for w<0

For a discrete process measured at unit intervals of time, the highest possible
frequency is 7 and so all the variation is accounted for by frequencies less than
n. Thus

F(z)=Var(X,)=0}

This last result also comes directly from (6.5) with k=0, when

?(0)=0§=f dF(w)= F(r)
0
In between w=0 and w=n, F(w) is monotonically increasing.

If the process contains a deterministic sinusoidal component at frequency
Wy, $ay R cos(wqyt +0) where R is a constant and 8 is uniformly distributed on
{0, 27), then there will be a step increase in F(w) at w, equal to
E[R? cos*(wyt +8)]=iR>.

As F(w) is monotonic, it can be decomposed into two functions, F; (@) and
F,(w), such that

Flw)=F(w)+ F(0) (6.6)

where F,(w) is a non-decreasing continuous function and F,(w) is a
non-decreasing step function. This decomposition usually corresponds to the
Wold decomposition, with F,(w) relating to the purely indeterministic
component of the process and F,(w) relating to the deterministic component.
We shall be mainity concerned with purely indeterministic processes, where
F,(w)=0, so that F(w) is a continuous function on (0, «).

The adjective ‘power’, which is sometimes prefixed to ‘spectral distribution
function’, derives from the engineer’s use of the word in connection with the
passage of an electric current through a resistance. For a sinusoidal input, the
power is directly proportional to the squared amplitude of the oscillation. For
a more general input, the power spectral distribution function describes how
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the power is distributed with respect to frequency. In the case of a time series,
the vaniance may be regarded as the total power.
Note that some authors use a normalized form of F(w) given by

F*(w)=Flw)/c} (6.7)

Thus F*(w) is the proportion of variance accounted for by frequencies in the
range (0, w). Since F*(n)=1, and F*(w) i1s monotonically increasing, F*(w)
has similar properties to a cumulative distribution function.

6.3 THE SPECTRAL DENSITY FUNCTION

For a purely indeterministic discrete stationary process, the spectral
distribution function is a continuous (monotone bounded) function in (0, #),
and may therefore be differentiated with respect to @ in (0, ). (Strictly
speaking, F(w) may not be differentiable on a set of measure zero, but this is of
no practical importance.) We will denote the derivative by f(w), so that

d
foy =25 (6.8)

dw
This is the (power) spectral density function. The term ‘spectral density
function’ is often shortened to spectrum, and the adjective ‘power’ is sometimes
omitted.
When f(w) exists, equation (6.5) can be expressed in the form

y(k)=J‘ cos wk f(w) dw 6.9)
0
This is an ordinary (Riemann) integral and therefore much easier to handle.
Putting k=0, we have

J0)=a2= f " f(w) do=F(n) (6.10)
0

The physical meaning of the spectrum is that f(w)dw represents the
contribution to variance of components with frequencies in the range
(w, @+ dw). When the spectrum is drawn, equation (6.10) indicates that the
total area underneath the curve is equal to the variance of the process. A peak
in the spectrum indicates an important contribution to variance at frequencies
in the appropriate interval. An example of a spectrum is shown in Figure 6.2,
together with the corresponding normalized spectral distribution function.
It is important to realize that the autocovariance function (acv.f.) and the
power spectral density function are equivalent ways of describing a stationary
stochastic process. From a practical point of view, they are complementary to
each other. Both functions contain the same information but express it in
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1
flw) I F*{w) I

— !

0 w " 0 w 7*

Figure 6.2 An example of a spectrum, together with the corresponding normalized
spectral distribution function.

different ways. In some situations a time-domain approach based on the acv.f.
is more useful, while in other situations a frequency-domain approach is
preferable.

Equation (6.9) expresses y(k) in terms of f(w) as a cosine transform. The

inverse relationship (see Appendix A) is given by

oG

1 —iw
flwy==3% vk ™" (6.11)
n k=—o0
so that the spectrum is the Fourier transform of the autocovariance function.
Since y(k) is an even function, (6.11) is often written in the equivalent form

flw)= % [y(0)+2 i y(k) cos a)k:l (6.12)

k=1

Note that if we try to apply (6.12) to a process containing a deterministic
component at frequency w,, then Xy(k) cos wyk will not converge, since F(w)
is not differentiable at w, and so f(w,) is not defined.

The reader should note that several other definitions of the spectrum are
given in the literature, most of which differ from (6.12) by a constant multiple
and by the range of definition of f(w). The most popular approach is to define
the spectrum in the range (—m, n) by

1 2 ,
f@)=5- Y ke (6.13)

2nk=—oo

whose inverse relationship (see Appendix A) is

y(k)= f " () do (6.14)

Jenkins and Watts (1968) use these equations, except that they take f=w/2x as
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the frequency variable (see equations (A.3) and (A.4)). Equations (6.13) and
(6.14), which form a Fourier transform pair, are the more usual form of the
Wiener-Khintchine relations. The formulation is slightly more general in that
it can be applied to complex-valued time series. But for real time series we find
that f(w) i1s an even function, and then we need only consider f(w) for w >0.In
my experience the introduction of negative frequencies, while having certain
mathematical advantages, serves only to confuse the student. As we are
concerned only with real-valued processes, we prefer (6.11) defined on (0, n).

It is sometimes useful to use a normalized form of the spectral density
function, given by

_ dF*(o)

fre)=feyel == (6.15)

This is the derivative of the normalized spectral distribution function (see
equation (6.7)). Then we find that f*(w) is the Fourier transform of the
autocorrelation function, namely

T k=1

f*(a))zl[1+2 i p(k) cos a)k:l (6.16)

and that f*(w) is the proportion of variance in the interval {w, ® +dw).
Kendall, Stuart and Ord (1983, equation 47.20) define the spectral density
function in the range (0, n) in terms of the autocorrelation function but omit
the constant 1/z from equation (6.16). This makes it more difficult to give the
function a physical interpretation. Instead they introduce an intensity function
which corresponds to our power spectrum.

6.4 THE SPECTRUM OF A CONTINUOUS PROCESS

For a continuous purely indeterministic stationary process X(t), the
autocovariance function y(t) is defined for all T and the (power) spectral
density function f(w) is defined for all positive w. The retationship between
these functions is very similar to that in the discrete case except that there is no
upper bound to the frequency. We have

— a0

=1 | e

zgf 7(t) cos wt dt (6.17)
T Jo

for 0 < < oo, with the inverse relationship

y(t)= Jw flw) cos wt dw {6.18)

0
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6.5 DERIVATION OF SELECTED SPECTRA

In this section we derive the spectral density functions of some simple but
important stationary processes.

(a) Purely random process

A purely random process in discrete time, {Z}, is defined in Section 3.4.1. If
Var(Z,) =02, then the acv f. is given by

2 k=0
v(k)={g

otherwise

so that the power spectral density function is given by

flo)=oj/n (6.19)

using (6.12). In other words the spectrum is constant in the range (0, m).
We have already pointed out that a continuous white noise process is
physically unrealizable. A process is regarded as a practical approximation to
continuous white noise if its spectrum is substantially constant over the
frequency band of interest, even if it then approaches zero at high frequency.

(b) First-order moving average process
The first-order MA process (see Section 3.4.3)

.X,ﬂZ,-FﬁZ,_I
has an ac.f. given by
1 k=0
plky==< B/(1+5%) k=+1
0 otherwise

So, using (6.16), the normalized spectral density function is given by

1
f*(w)= - [1+ (28 cos w)/(1 + f*)] (6.20)

for 0< w < . The power spectral density function is then

flo)=0xf*@)

where 0% = (1 + f*)o3.

The shape of the spectrum depends on the value of 8. When > 0 the power
is concentrated at low frequencies, giving what is called a low-frequency
spectrum; if <0 the power is concentrated at high frequencies, giving a high-
frequency spectrum. Examples are shown in Figure 6.3.
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2/11 e 2/13’ — o~
(a) =1 l (b) f=-1
f*(w) f*{w)

o — H

0 g 0 —
0] w 7 0 w 7r

Figure 6.3 Two examples of spectra of first-order moving average processes with, (a)

B=1:(b) f=—1.

(c) First-order autoregressive process
The first-order AR process (see Section 3.4.4)

X=oX_,+7 (6.21)
has an acv.f. given by
yky=et o k=0, +1, £2,...

The power spectral density function is then, using (6.11),

which after some algebra gives
fw)=02(1 —a?)/[n(l — 2« cos w+a?)] (6.22)
=o2/n(l — 20 cos w +a?) (6.23)

since 62=0%(1—a?).

The shape of the spectrum depends on the value of «. When a >0 the power
is concentrated at low frequencies, while if « <0 the power is concentrated at
high frequencies. Examples are shown in Figure 6.4.

It is hoped that the reader finds the shapes of the spectra in Figure 6.4
intuitively reasonable. For example if a is negative then it is clear from (6.21)
that values of X, will tend to oscillate, and rapid oscillations correspond to
high-frequency variation.
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57/% 57/m i
fH{w) *\ (a) a=0.7 f*(,_,,)? (b) a=—0.7

0 b : 0 —

0 w m 0 w m

Figure 6.4 Two examples of spectra of first-order autoregressive processes with, (a)

a0 T flY n"
X=V.i, {DJU= —V./.

(d) Higher-order autoregressive processes

It can be shown (e.g. Jenkins and Watts, 1968) that the spectrum of a second-
order AR process with parameters «,, o, is given by

flwy=03/n[1+0?+0a3—20,(1—a,)cos w— 20, cos 2w]
<

for 0 <w <. The shape of the spectrum depends on the values of o, and . It

1s possible to get a high-frequency spectrum, a low-frequency spectrum, a

spectrum with a peak between 0 and 7, or a spectrum with a minimum between
0 and =.

For higher-order AR processes, one can get spectra with several peaks or
troughs.

(¢) A deterministic sinusoidal perturbation

Suppose that
X, =cos(wyt +6) (6.24)

where w,, is a constant in (0, 7) and 8 is a random variable which is uniformly
distributed on (0, 2m). As explained in Section 3.5, 6 is fixed for a single

afinag viealy AT iad oo s~ A AL

realizatinn af the nracece and (& 24) fines a pul.!;l

A
AWwQIILALVIN/LLI VL LW PIUUUOO ali\l \U.L"’} Uw

The acv.f. of the process is given by
y(k) =3 cos wyk

which we note does not tend to zero as k increases. This is a feature of most
deterministic processes.

From (6.24)i1t 1s obvious that all the ‘power’ of the process is concentrated at
the frequency w,. Now Var(X))=E(X?)=3, so that the power spectral
distribution function is given by

0 W <w,
1
3 W 2wy

F(w)z{
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Since this is a step function, it has no derivative at w, and so the spectrum is
not defined at w,,. If we nevertheless try to use equation (6.12) to obtain the
spectrum as the Fourier transform of the acv.f. then we find that

fw)=0 WF# Wy

but that Zy(k) cos wk does not converge at w =wy,.

(f) A mixture
Our final example contains a mixture of deterministic and stochastic
components, namely

X, =cos{wot +0)+ Z,

where w,,, 0 are as defined in example (e) above, and {Z,} is a purely random
process with mean zero and variance 6. Then we find that the acv f. is given by

determinmistic component.
We can obtain the power spectral distribution function by using (6.6), since
the deterministic component cos{w,t + &) has a distribution function

0 W<,
Fl(w)= {1 £y T ey
(z W =Wy

while the stochastic component Z, has a distribution function
Fy(w)=0ciw/n O<w<nr

on integrating (6.19). Thus the overall spectral distribution function is given

“\‘l
vy

2
F(w)z{azw/n D<w<w,

I+oso/n wg<o<n

L0 o~
o™=

L

As in example (e), the power spectrum is not defined at w =w,.

"EXERCISES

lor 4 o o e wm  mem o rm o e

T T T i 1 s toc a mwiirely Fo
In the following questions {Z,} denotes a purely random process, mean zero
and variance ¢3.

6.1 Find (a) the power spectral density function, (b) the normalized spectral

vl apjitial Uvilol

density function of the first-order AR process

X=iX, +2
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(Note: (a) is covered in the text, but see if you can do it without looking it

up.)
Find the power spectral density functions of the following MA processes:

A v

(a) AI=ZI+ZI_1+ZI_2
(b) X,=Z+05Z_,-037_,
Show that the second-order MA process

X,=u+Z+082_,+05Z_,

1 der stationary, where x4 denotes a constant. Find the acv.f.
and ac f. of {X;} and show that its normalized spectral density function is
given by
f*w)=(14+1.27 cos 0 +0.53 cos 2w)/n O<w<n
A stationary time series (X;t=...,—-1,0, +1,.. .} has normalized
spectral density function
S*(@)=2(r—w)/n? O<w<m

Show that its ac.f. is given by

( 1 k=0
p(k)= (2/mk)? k odd
0 k even (#0)

A two-state Markov process may be set up as follows. Alpha particles
from a radioactive source are used to trigger a flip-flop device which
takes the states +1 and — 1 alternately. The times t; at which changes
occur constitute a Poisson process, with mean event rate 4. Let X(t)
denote the state variable at time ¢. If the process is started at t =0 with
PLX(0)=1]=P[X(0)= —1]=14, show that the process is second-order
stationary, with autocorrelation function

plu)=e 2 — 0 <U< WO
and spectral density function
flw)=44[r(42*+0*)] O<w<ow

Show that if {X} and {Y,} are independent, stationary processes with
power spectral density functions f,(w) and f (o), then {¥} ={X,+ ¥} is
also stationary with power spectral density function f(w)=f,(w) + 1 ().
If M

Vi=X+7,

where
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6.7

Stationary processes 1n the frequency domain
X=0X,_,+W, —l<a<+1

and {¥,}, { W,} are independent purely random processes with zero mean
and common variance ¢, show that the power spectral density function
of {¥;} is given by

filw)=0%(2—2x cos w+a?)/n(l —2xcos w+a?) O<w<n

Show that the normalized spectral density function of the ARMA(I, 1)
process

X=oX, | +Z+BZ _,
is given by
1
f*w)==[1+2p(1)(cos w—a)/(1—2x cos w+a?)] O<w<m
'
(Hint: Use the results in Exercise 3.11. Note that an easier way of finding

the power spectral density function of ARMA processes is given in
Chapter 9: see Exercise 9.5)



1

Spectral analysis

Spectral analysis is the name given to methods of estimating the spectral
density function, or spectrum, of a given time series.

In the last century, research workers such as A. Schuster were essentially
concerned with looking for ‘hidden periodicities’ in data, but spectral analysis
as we know it today is mainly concerned with estimating the spectrum over the
whole range of frequencies. The techniques are now widely used by many
scientists, particularly in electrical engineering, physics, meteorology and
marine science.

We are mainly concerned with purely indeterministic processes, which have
a continuous spectrum, but the techniques can also be used for deterministic
processes to pick out periodic components in the presence of noise.

7.1 FOURIER ANALYSIS

Spectral analysis is essentially a modification of Fourier analysis so as to make
it suitable for stochastic rather than deterministic functions of time. Fourier
analysis (e.g. Priestley, 1981) is basically concerned with approximating a
function by a sum of sine and cosine terms, called the Fourier series
representation. Suppose that a function f{t) is defined on (~—m, n] and satisfies
the so-calied Dirichlet conditions. These conditions ensure that fit) 1s
reasonably ‘well behaved’, ie. that over the range (—m, m], f(t) is absolutely
integrable, has a finite number of discontinuities, and has a finite number of
maxima and minima. Then f{t) may be approximated by the Fourier series

k
@4— N (g cocrt L h cin »\
2 li L‘ \Mp WSO T LY U’.olll lL’
r=1
where *
1 fre
Ay =— Sfit) di
) .
1"
a,=-— flt) cos rt dt r=1,2,...
) .
|
b, =~ Sty sin rt dt r=1,2,...
) .
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It can be shown that this Fourier series converges to f(t) as k— oo except at
points of discontinuity, where it converges to half-way up the step change.
Mathematicians say that this is the average of the limit from below and the
limit from above, and write it as 1|_f(t—0\-£-f(r-i-0n

iimiiin 2aiFaaa QNS K282 LS L 2

In order to apply Fourier analy51s to discrete time series, we need to
consider the Fourier series representation of f(t) when f(t) is defined only on

PP Al Dathharth
theintegers 1, 2, . . ., N. Rather than write down the formula, we demonstrate

that the requlred Fourier series emerges naturally by considering a simple
sinusoidal model.

7.2 A SIMPLE SINUSOIDAL MODEL

Suppose we suspect that a given time series, with observations made at unit
time intervals, contains a deterministic sinusoidal component at frequency @
together with a random error term. So we will consider the model

X, =p+acos wt+fsin wt+2Z, (7.1)

notes a pure ydom process, and 4, o, § are parameters to be

estlmated from the data.
The observations will be denoted by (x,, x,, . . ., xy). The algebra in the

PP a0 1.
next few sections is somewhat simplified if we csnﬁne ourselves to the case

where N is even. There is no real difficuity in extending the results to the case
where N is odd (e.g. Anderson, 1971) and indeed many of the later estimation
formuiae apply for both odd and even N, but some resuiis TEQulrc one to
consider odd N and even N separately. Thus, if N happens to be odd and a
spectral analysis is required, it can make things simpler to remove the first
observation so as to make N even. If Nis reasonably large, littie information is
lost.

Model (7.1) can be represented in matrix notation by

E(X)= A0
where
XT=(X1, s XN)
"=, o, B)
/1 cos @ sin w \
L J
1 . :"i 2 .

=11 cos2w sinZw
\1’ "‘cos N sin No }
As this model is linear in the parameters u, x and f, 1t is an example of a general

linear model. In that case the least squares estimate of 8, which minimizes
SN | (x,—pu—ocos wt— B sin we)?, is ‘well known’ to be
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0=(4T4)"14x

where

Now the highest frequency we can fit to the data is the Nyquist frequency,
given by w ==, while the lowest frequency we can reascnably fit completes one
cycle in the whole length of the time series (see Section 7.2.1). By equating the
cycle length 2n/w to N, we find that this lowest frequency is given by 2n/N. The
least squares estimates are particularly simple if w is restricted to one of the
values

w,=2np/N p=1,..., N2

as (ATA) then turns out to be a diagonal matrix in view of the following
‘well-known’ trigonometric results (all summations are for t=1 to N):

Zcoswt=Zsinw,t=0 (7.2)
(0 p#4q

Z Cos w, COs W = N p=q=N/2 (7.3)
N/2 p=q#N/2
2

[N

T~ R~ |
Il

BN

Mol

N2 (7.4)

AT/
N/

» O O
LR~

T/

¥ sin Wt sin wt= {
LAY/

Z cos w,t sin w,t=0 forall p, g (7.5)

P,
)

With (AT 4) diagonal we can easily find . For w, such that p # N/2, we find
(Exercise 7.2)
f=Zx/N=x
a=2Xx, cos(w,t)/N (7.6)
B=2%x, sin(w,t)/N

If p=N/2 we ignore the term in f sin wt, which is zero for all ¢, and find

v (7.7)
g=Zx(—1)/N

Model (7.1) is essentially the one used in the last century to search for hidden
periodicities, but this model has now gone out of fashion. However it can still
be useful if we have reason to suspect that a time series does contain a
deterministic periodic component at a known frequency and we wish to isolate

this component (e.g. Bloomfield, 1976, Chapter 2; Pocock, 1974).
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Readers who are familhiar with the analysis of variance technique will see
that the total corrected sum of squared deviations, namely

N
Y (x,—x)*

=1

can be partitioned into two components which are the residual sum of squares
and the sum of squares ‘explained’ by the periodic component at frequency w,,.
This latter component is given by

N
~ a5 2
Y (3 cos @, t+fsin )

=1

(7.8)

N

@2+ pAN/2 p#N)2
using (7.2)-(7.5).

The Nyquist frequency

R
In Chapter 6 we pointed out that for a discrete process measured at unit
intervals there is no loss of generality in restricting the spectral distribution

function to the range (0, m). We now demonstrate that the upper bound =,

called the Nyquist frequency, is indeed the highest frequency about which we

can get meaningful information from a set of data.

First we will give a more general form for the Nyquist frequency If
observations are taken at equal intervals of length At, then the Nyquist
(angular) frequency is wy = 7/At. The equivalent frequency expressed in cycles
per unit time is fy =wy/2n=1/2At.

Consider the following example. Suppose that temperature readings are
taken every day in a certain town at noon. It is clear that these observations
will tell us nothing about temperature variation within a day. In particular
they will not tell us if nights are hotter or cooler than days. With only one
observation per day, the Nyquist frequency is wy=m radians per day or
f=1% cycle per day (1 cycle per two days). This is lower than the frequencies
which correspond to variation within a day. For example variation with a

wavelength of one day has (angular) frequency w=2n radians per day or
f—1 cvcle ner dav. In order to eet information about variation Wlﬂ"ﬂﬂ a dﬂ\l at

— 1 wywiw wi uQ Rix VLUV WV BV HDVLILG UL QU iV Wwitazlll a4 L2a
J J I J

these higher frequencies, we must increase the sampling pate and take two or
more observations per day.

A similar example is provided by yearly sales figures.
give no information about any seasonal effects, whereas monthly or quarterly

observations will give information about seasonality.

£
<
C
§
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Finally, we make a comment about the lowest frequency we can fit to a set of
data. If we had just six months of temperature readings from winter to summer
it would not be clear if there was an upward trend in the observations or if

. , .
winters are colder than summers. However. with one year’s data it would

A AN WA AEALR oA Rl LLANAA LT, LY S EERNS ¥l UL 1L Yruulu

become clear that winters are colder than summers. Thus if we are interested in
variation at the low frequency of 1 cycle per year, then we must have at least
one year s data. Thus the lower the 1requenCy we are interested in, the longer
the time period over which we need to take measurements, whereas the higher
the frequency we are interested in, the more frequently must we take

observations.

7-3 PE IOD AN L iVh llNlAlL

CT

YVCIC
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Early attempts at discovering hidden periodicities in a given time series
basically consisted of repeating the analysis of Section 7.2 at all the frequencies
2n/N, 4n/N, .. ., n. In view of (7.3)-(7.5) the different terms are orthogonal
and we end up with the finite Fourier series representation of the {x,}, namely

(N/2)—1
x,=ag+ ), [a,cos2npt/N)+ b, sin(2rpt/N)]+ay,, cos nt
p=1
(=1,2,....N (19)

where the coefficients {a,,, b | are of the same form as equations (7.6)and (7.7),
namely

do=X
vo=x(—1)Y x,/N
aﬁfl - =7 xI/“ (7.10)
a,=2[Zx, cos(2npt/N)]/N
SN T RRRYE
&p=2{2x, S‘ii‘i(zﬁpi/}\v’)}//}\vf)

An analysis along these lines is sometimes called a Fourier analysis or a
harmonic analysis. The Fourier series representation (7.9) has N parameters to
describe NV observations and so can be made to fit the data exactly (just as a

polynomial of degree N— 1 involving N parameters can be found which goes
Psm(‘flv thrmmh N observations in polynomial regression). This pvnla1ns mhu

¥ 9

thereis no error termin (7.9) iftcontrast to (7.1). Also note that there is no term
in sin 7t in (7.9) as sin nt is zero for all integer 1.

It 1s worth aLi‘GSSii‘i5 that the Fourier series coefficients
frequency w are exactly the same as the least squares estimates f or model (7.1).

The overall effect of the Fourier analysis of the data is to partition the
variability of the series into components at frequencies 2n/N, 4n/N, . .. 7.
The component at frequency w, = 2np/N is often called the pth harmonic. For
p#N/2, it is often useful to write the pth harmonic in the equivalent form

/-\
CD
S
p
o
.,
<
a
=
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a,cos w,t+b, sin w =R, cos(w,t+¢,) (7.11)
where
R,=./(al+b}) (7.12)
is the amplitude of the pth harmonic, and

ton_lf_‘-u /
O

(29}

)]
J

—
~J
—
L

S

Fs s
“

bp= p/%p
is the phase of the pth harmonic.

We have already noted in Section 7.2 that, for p # N/2, the contribution of
the pth harmonic to the total sum of squares is given by N(a? +b?)/2. Using
(7.12), this is equal to NR?/2. Extending this result using (7.2)-(7.5) and (7.9),

we have, after some algebra, that (Exercise 7.3)

N (N/2)—-1
Y (x,—X)*=N Y Rl/2+Naj, (7.14)
Dividing through by N we have
S(x,—~%)YN= Y R2+al, (7.15)
rp=1

which is known as Parseval’s theorem. The ieft-hand side of {(7.15) 1s effectively
the variance of the observations, although the divisor is N rather than the
more usual (N—1). Thus R?/2 is the contribution of the pth harmonic to the
variance, and (7.15) shows how the total variance is partitioned.

If we plot R?/2 against w,=2np/N we obtain a line spectrum. A different
type of line spectrum occurs in the physical sciences when light from molecules
in a gas discharge tube is viewed through a spectroscope. The light has energy
at discrete frequencies and this energy can be seen as bright lines. But most
time series have continuous spectra, and then it is inappropriate to plot a line

spectrum. If we regard R2/2 as the contribution to variance in the range

w,+m/N, we can plot a histogram whose height in the range o, + /N 1s such

that
Litdt 4

R§/2 =area of histogram rectangle

Thus the height of the histogram is given by
I(w,)=NR./4n (7.16)
As usual, (7.16) does not apply for p=N/2; we may regard az, as the
contribution to variance in the range [z(N—1)/N, ] so that
I(n)=Naj,,/n

The plot of J(w) against w is usually called the periodogram even though /(w)is
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a function of frequency rather than period. Other authors define the
periodogram in a slightly different way, as some other multiple of R}. Hannan
(1970, equation (3.8)) defines the periodogram in terms of complex numbers

as
1 2
2aN

N .
Z Xte"w

=1

which is 4 x expression (7.16). Anderson (1971, Section 4.3.2) describes the
graph of Rj against the period N/p as the periodogram, and suggests the term
spectrogram to describe the graph of R? against frequency. An advantage of
definition (7.16) is that the total area under the periodogram is equal to the
variance of the time series. Expression (7.16) may readily be calculated
directly from the data by

I(w,)=[(Ex, cos 2npt/N)* + (Lx, sin 2npt/N)*)/Nn (7.17)

Equation (7.17) also applies for p=N/2. Jenkins and Watts (1968) define a
similar expression in terms of the variable f=w/2m, but call it the ‘sample
spectrum’.
The periodogram appears to be a natural way of estimating the power
spectral density function, but we shall see that for a process with a continuous
i s to be modified.

e VL]

am et A .
spectrum it provides a poor estimate and nee

(=R

73.1 The relationship between the periodogram and the autocovariance
function

The periodogram ordinate /(w) and the autocovariance coefficient ¢, are both

quadratic forms of the data {x}. It is of interest to sec how they are related. We

will show that the periodogram is the finite Fourier transform of {c,}.
Using (7.2) we may rewrite (7.17) for p# N/2 as

I(w,)={[Z(x,—X) cds w,t]%+ [Z(x,— X) sin w,t1?}/Nn

I®T

N
= ¥ (x,—%) (x,—X) (cos @, cOS @,5+Sin W, sin w,5)/Nn
st=1

(X, = X) (X k= XY N=0¢,

and
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so that
N-1
Kw,)=(ce+2 ), ¢, cos w,k)/n (7.18)
k=1
N—-1
= Y el (7.19)
k=~(N-1)

We recognize (7.19) as a finite Fourier transform (assuming that ¢, =0 for
k| = N).

7.3.2 Properties of the periodogram
When the periodogram is expresssed in the form

‘obvious’ estimate of the power spectrum

flo)=(y,+2 L Vv, €Os wk)/n

k=1

simply replacing vy, by its estimate ¢, for values of k up to (N — 1), and putting

subsequent estimates of y, equal to zero. But although we find
B Hw)=flw) (7.20)

so that the periodogram 1s asymptotically unbiased, we will see that the

variance of I{w) does not decrease as N increases. Thus Hw)isneta consistent

(<3 B4R L VIR S W4 MY L BV GRS AAALA TR STS,. 1 1iuS

estimator forf(a)). Anexample of a periodogram is given in Flgure 7.5(c), and
it can be seen that the graph fluctuates wildly The lack of consistency is
perhaps not too sur pr lbmg when omne realizes that the Fourier series
representation (7.9) requires one to evaluate N parameters fromg4N observa-
tions however long the series. Thus in Section 7.4 we will consider alternative
ways of estimating a power spectrum which are essentially ways of smoothing
the periodogram.

We complete this section by proving that I(w) is not a consistent estimator
for f(w) in the case where (x,,...,xy) are taken from a discrete purely
random process, where the observations are independent N(u, ¢?) variates.
This result can be extended to other stationary processes with continuous
spectra, but this will not be demonstrated here.

From (7.10) we see that a, and b, are linear combinations of normally
distributed random variables and SO w111 themselves be normally distributed.

Using (7.2)-(7.4), it can be shown (Exercise 7.4)that a, and b, each have mean
zero and variance 202/N for p# N/2. Furthermore we have

Cov(a,, b,)=4 Cov[(Xx, cos w,t), (Zx, sin w,1)]/N?

=40%(Z cos w1 sin w,t)/N?
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since the {x,} are independent. Thus, using (7.5), we see that a, and b, are
uncorrelated. Since (a,, b,) are bivariate normal, zero correlation implies that
a,and b, are independent. Now a result from distribution theory says that if
Y,, Y, are independent N(0, 1) variables, then (Y 2+ Y?2)has a x* distribution
with two degrees of freedom, which is written 3. Thus

N@al+b;) Hw,)2n

202 - a?
is y2. Now the variance of a x* distribution with v degrees of freedom is 2v, 0
that

Var[/(w,)2n/0*]=4
and
Var[l(w,)]=0*/n*

As this variance is a constant, it does not tend to zero as N— o0, and hence
Kw,)is not a consistent estimator for f(w,). Furthermore it can be shown that
neighbouring periodogram ordinates are asymptotically independent, which
further explains the very irregular form of an observed periodogram. Thus the
periodogram needs to be modified in order to obtain a good estimate of a

continuous spectrum,

74 SPECTRAL ANALYSIS: SOME CONSISTENT
ESTIMATION PROCEDURES

This section describes several aiternative procedures for carrying out a
spectral analysis. The different methods will be compared in Section 7.6. Each
method provides a consistent estimate of the (power) spectral density function,
in contrast to the periodogram. But although the periodogram is itself an
inconsistent estimate, we shall see that the procedures described in this section
are essentially based on the periodogram by using some sort of smoothing
procedure.

Throughout the section we will assume that any obvious trend or seasonal
variation has been removed from the data. If this is not done, the results of the
spectral analysis are likely to be dominated by these effects, making any other
effects difficult or impossible to see. Trend will produce a peak at zero
frequency, while seasonal variation produces peaks at the seasonal frequency
and at integer multiples of the seasonal frequency. These integer multiples of
the fundamental frequency are called harmonics (sce Section 7.8). For a non-
stationary series, the estimated spectrum can depend rather crucially on the
method chosen to remove trend and seasonality.

The methods described in this chapter are essentially non-parametric in that
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no model is assumed a priori. An alternative parametric approach called
autoregressive spectrum estimation will be introduced in Section 13.5.1.

74.1 Transforming the truncated autocovariance function

One type of estimation procedure consists of taking a Fourier transform of the
truncated weighted sample autocovariance function. From equation (7.18),
we have that the periodogram is the discrete Fourier transform of the complete
sample autocovariance function. But it is clear that the precision of the Cy
decreases as k increases, so that it would seem intuitively reasonable to give
less weight to the values of ¢, as k increases. An estimator which has this
property is

1 M ~

flw) =~:; {Aoco +2 Z A€, €OS wk} (7.21)
k=1

where {4,} are a set of weights called the lag window, and M( < N)is called the
truncation point. Comparing (7.21) with (7.18) we see that values of ¢, for
M <k <N are no longer used, while values of ¢, for k<M are weighted by a
factor 4,.

In order to use the above estimator, the reader must choose a suitable lag
window and a suitable truncation point. The two best-known lag windows are
as follows. .

(@) Tukey window

1 nk
,lkzz(l-{—cosﬂ) k=0,1,... . M

This window is also called the Tukey-Hanning or Blackman-Tukey window.

1—6(%)24.6(%)3 O<k< M2

h = ) )
Iz(l—k/M)3 MP2<k<M

n¢se iwo windows are illustrated in Figure 7.1 with M = 20,

d
The Tukey and Parzen windows will give very much the same estimated
spectrum for a given time series, although the Parzen window has a slight
advantage in that it cannot give negative estimates. Many other lag windows
have been suggested (see Hannan, 1970, Section 5.4), and ‘window carpentry’
was a popular research topic in the 1950s. Ways of comparing different
windows will be discussed in Section 7.6. The well-known Bartlett window,
with A, =1—k/M for k=0, 1, ..., M, is no longer used as its properties are
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Figure 7.1 The Tukey and Parzen lag windows with M =20.

inferior to the Tukey and Parzen windows. Neave (1972b) has suggested an
alternative window which has superior properties but which is more
complicated to use. *

The choice of the truncation point M is rather difficult and little clear-cut
advice is available in the literature. It has to be chosen subjectively so as to
balance ‘resolution’ against ‘variance’. The smaller the value of M, the smaller
will be the variance of f(w) but the larger will be the bias. If M is too small,
important features of f(w) may be smoothed out, while if M is too large the
behaviour of f(w) becomes more like that of the periodogram with erratic
variation. Thus a compromise value must be chosen. A useful rough guideis to
choose M to be about 2\/’N, so that if for example N is 200, then M will be
round about the value 28. This choice of M ensures the asymptotic situation
that as N—o0, so also does M—co but in such a way that M/N—0. A
somewhat larger value of M is required for the Parzen window than for the
Tukey window. Jenkins and Watts (1968) suggest trying three different values
of M. A low value will give an idea where the large peaks in f(w) are, but the
curve is likely to be too smooth. A high value is likely to produce a curve
showing a large number of peaks, some of which may be spurious. A
compromise can then be achieved with the third value of M. As Hannan (1970,
p. 311) says, ‘experience is the real teacher and that cannot be got from a
book.

In principle (7.21) may be evaluated at any value of w in (0, 7), but it is

u

usually evaluated at equal intervals at o = nj/Qforj=0,1,...,Q,where Qs
chosen sufficiently large to show up all features of f(w). Often Q is chosen to be
equal to M. The graph of f(w) against w can then be plotted and examined. An
example is given in Figure 7.5 for the data plotted in Figure 1.2 using the
Tukey window with M =24.
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7.4.2 Hanning

This procedure, named after Julius Von Hann, is equivalent to the use of the
Tukey window as described in Section 7.4.1, but adopts a different

COI"IlpLI[d.LlOIld.l prou:uurc l HC Cb[imdlcu bpcurum 1b LdlLuld[CU lll iwo blages
First, a truncated unweighted cosine transform of the data 1s taken to give

. / 3\
filw)=~ (co +2 Z ¢y €OS a)k) (7.22)
k=1
This is the same as (7.21) except that the lag window is taken to be unity (i.e
A= 1) The estimates given by (7.22) are calculated at w=mnj/M for
j=0,1, , M. These estimates are then smoothed using the weights (&, 4, )
to give t 1€ hannmg estimates

f@)=3f (0—n/M)+ 5f (@) + L, (@ +m/M) (7.23)

at o=nj/M for j=1,2,...,(M—1). At zero frequency, and at the Nyquist
frequency n, we take

-

£
Ly

fm) =30, (m) +1, (n(M ~ 1)/ M)]
It is easily demonstrated that this procedure is equivalent to the use of the
Tukey window. Substituting (7.22) into (7.23) we find

10\
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M
flw) =% {co +2 Y ¢lgcos(w—n/M)k+ 3 cos wk+} cos(w+n/M)k]}
1

k=
But
cos(w —n/ M)k +cos(w+7r/M))k =2 cos wk cos(nk/M)

and comparing with (7.21) we see that the lag window is indeed the Tukey
window.

There is relatively little difference in the computational efficiency of
Hanning and the straightforward use of the Tukey window. Both methods
yield the same estimates and so it matters little which of the two procedures is
used in practice.

ue 18 verv simiiar to Hannine and hag a ve ry similar title whm‘h
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y similar to Hannin g and ha rlar titl
sometimes le ds to confusion. In fact Hamming is named after a quite dlﬂ'erent
person, namely R. W. Hammmg The techmque is nearly identical to Hanning
except that the we g}‘ iis u:, 7, ) in U z..)) are Cuangeu to (U 23,0.54,0. 23} At
the frequencies w =0 and w =, the weights are 0.54 and 0.46. The procedure

gives similar estimates to those produced by Hanning.
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7.4.4 Smoothing the periodogram

The methods of Sections 7.4.1-7.4.3 are based on transforming the sample
autocovariance function. An alternative type of approach is to smooth the
periodogram by simply grouping the periodogram ordinates in sets of size m
and finding their average value. This approach is based on a suggestion by
P.J. Daniell in 1946. Then we find

flw) = - Z l(w;) (7.24)

where w,;=2mnj/N and j varies over m consecutive integers so that the w; are
symmetric about w. In order to estimate f(w) at w=0and w ==, (7.24) has to
be modified in an obvious way, treating the periodogram as being symmetric
about 0 and n. Then, taking m to be odd with m*=(m—1)/2, we have

mﬁ

f(0)=2 Y IQ2=j/N)/m

i=1

fim)= (I(n)+ 2y In— 27rj/N)1 /m
L i=1 A

Now we know that the periodogram is asymptotically unbiased but
inconsistent for the true spectrum. Since neighbouring periodogram ordinates
are asymptotically uncorrelated, it is clear that the variance of (7.24) will be of
order 1/m. Tt is also clear that the estimator (7.24) may be biased since

Elf(e Zf

which is equal to f(w) only if the spectrum is linear over the interval. However,
the bias will be unimportant provided that f(w) is a reasonably smooth
function and m is not too large compared with V.

Thus the choice of m is rather like the choice of the truncation point M in
Section 7.4.1 in that it has to be chosen so as to balance resolution against
variance, although the effects are in opposite directions. The larger the value of
m the smaller will be the variance of the resulting estimate but the larger will be
the bias, and if m is too large then interesting features of f{w), such as peaks,
may be smoothed out. As N increases, so we can allow m to increase.

There seems to be relatively little advice in the literature on the choice of m.
It seems advisable to try several values, in the region of N/40. A high value
should give some idea where the large peaks in f(w) are, but the curve is likely
to be too smooth. A low value is likely to produce a curve showing a large
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number of peaks, some of which may be spurious. A compromise can then be
made.

Although the procedure described in this section is computationally quite
different from that of Section 7.4.1, there are in fact close links between the two
procedures. In Section 7.3.1 we derived the relationship between the
periodogram and the sample autocovariance function, and if we substitute
equation (7.18) into (7.24) we can express the estimate f(w) in terms of the
sample autocovariance functlon 1n a similar form to equation (7.21). We find,
after some algebra (Exercise 7.5), that the truncation point is (N — 1) and the

windas e gives Wy
}ag WINAow 18 given 0y

j 1 k=0
I}bk - Slll ("ﬁlbnl .‘.‘} k_ 1 2 N‘— 1
Lm sin (nk/N) T
This lag window works rea nably well, but has the undesirable property that

=
=

t
it does not tend to zero as k tends to N. This illustrates that a sudden cut-o
the frequency domain can give rise to ‘nasty’ effects in the time domain, and
vice versa. Because of thm, it is worth noting that it is possible to smooth the
periodogram by a variety of non-uniform averaging procedures, such as
Hanning, but they will not be considered here.

Historicaily, the smoothed periodogram was not much used until recent
years because 1t apparently requires much more computational effort than the
procedure of Section 7.4.1. Calculating the periodogram using equa-
tion (7.17) at w, for p=1,2,..., N/2 would require about N? arithmetic
operations (each one a multlpllcation and an addition), whereas using
equation (7.21) fewer than MN operations are required to calculate the {c,}s0
that the total number of operations is only of order M(N + M) if Q=M. Two
factors have led to the increasing use of the smoothed periodogram. First, the
advent of high-speed computers means that it is no longer necessary to restrict
oneself to the method requiring the fewest calculations. The second factor has
been the rediscovery of a technique called the fast Fourier transform which can

R

ne PSP | s Ml
speed up the computation of the periodogram quite considerably. This
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techmque will now be described.

7.4.5 The fast Fourier transform

PR o,

This technique substantially reduces the time required to perform a Fourier
analysis on a computer, and is also more accurate. The title is usually
abbreviated to FFT and we will use this abbreviation. (But note that Hannan,
1970, uses this abbreviation to denote finite Fourier transform.)

A history of the FFT is described by Cooley, Lewis and Welch (1967), the
ideas going back to the early 1900s. But it was the work of J. W. Cooley,
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1. W. Tukey and G. Sande about 1965 which first stimulated the application
of the technique to time-series analysis. Much of the subsequent work was
published in IEEE Transactions on Audio and Electroacoustics (since
succeeded by IEEE Transactions on Acoustics, Speech and Signal Processing).
We will only give a broad outline of the technique here. For further details, see
for example Bendat and Piersol (1986), Bloomfield (1976) and Priestley
(1981).

The basic idea of the FFT can be illustrated in the case when N can be
factorized in the form N =rs. If we assume that N is even, then at least one of
the factors, say r, will be even. Using complex numbers for mathematical
simplicity, the Fourier coefficients from equation (7.10) are given by

b

+ib,=2[Zx, e>*P*/N (7.25)

for p=0,1,2,...,(&/2)—1. For mathematical convenience we denote the
observations by X4, X,, . . ., Xy_;, 50 that the summation in (7.25) is from
t=0to N—1. Now we can write t in the form

wheret,#0,1,...,s—1,and to=0,1,..., r—1,astgoesfrom0toN—1,in
view of the fact that N=rs. Similarly we can decompose p in the form

p=sp, +DPo
where p,=0,1,...,(r/2)—1, and p,=0,1,...,5—1, as p goes from O to
(N/2)— 1. Then the summation in (7.25) may be writien
r—1 s—1
Z eZnipto/N Z xr eZniprtlfN
10=0 1 =0

But

elniprrle — eZ1ti(spx +polrt iN eZniporll/N

since e2msPirti/N g2t =1 for all p,, t,. Thus Y71 x, e2™7"1/" does not
depend on p, and is therefore a function of ¢, and p, only, say A(p,, t,)- Then
(7.25) may be written

rFr—1 1
ap+ibp=2 L ZO A(po, to) eZniPto/NJ/N
to=

1

Now there are rs functions of type A{p,, t,) to be calculated, each requiring s
complex multiplications and additions. Then the a,+ib, may be calculated
with r2s/2 complex multiplications and additions, giving a grand total of
rs(s+r/2) = N(s +r/2) calculations instead of the ¥ 2/2 calculations required to
use (7.25) directly.

Much bigger reductions in computing can be made by an extension of the
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above procedure when N is highly composite (i.e. has many small factors). In
particular, if N is of the form 2" then we find that the number of operations is of
order Nn (or Nlog,N)instead of N2. Substantial gains can also be made when

Thaoo gcavaral fantare fo o Af——‘)p‘qur \
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In practice it is unlikely that N will be of a simple form such as 2", although it
may be possible to make N highly composite by omitting a few observations.
More generally we can add zeros to the (mean-corrected ) sample record so as
to increase the value of NV until it is a suitable integer. Then a procedure called
tapering or data windowing (e.g. Percival and Walden, 1993; Priestley, 1981)
is sometimes recommended to avoid a discontinuity at the end of the data
though its use 1s now controversial. Suppose for example that we happen to
have 382 observations. This value of & is not highly composite and we might
proceed as follows:

(a) Remove any linear trend from the data, and keep the residuals (which
should have mean zero) for subsequent analysis. If there is no trend,
simply subtract the overall mean from each observation.

(b) Apply alinear taper to about 5% of the data at each end. In this example, if
we denote the detrended mean-corrected data by xg, x,, . . ., X34, then
the tapered series is given by

(t+1)x,/20 t=0,1,...,18
x*= (382—1)x,/20 r=363, ..., 381
L X, t=19,20,...,362

(c) Add 512—382=130 zeros at one end of the tapered series, so that

m_cv)_’)‘)
¥ — 1L .

(d) Carry out an FFT on the data, calculate the Fourier coefficients a, +1b,,
and average the values of (2} +b?) in groups of about 10.

Infact with N aslow as 382, the computational advantage of the FFT is limited

and we could equally well calculate the periodogram directly, which avoids the
need for tapering and addine zeros. The FFT reallv comes into its own for

LN ) piaiis Gaill QRIRLLIE LIS, L LN AvQAl) ARV 220 A% 22 2%°2

N>1000.

Jenkins and Watts (1968) give two reasons why they think the case for using
the FFT in spects ral aual_yala is not str Oong. F um, Lucy say that fast ¢ computers
are more than adequate for carrying out a spectral analysis by traditional
methods. This is certainly true for say N < 1000, but perhaps not for several
thousand observations. Secondly, Jenkins and Watts say that the autocorrela-
tion function is an invaluable intermediate stage in spectral analysis. This is
also true, but does not mean that the FFT is useless because it can be quicker
to calculate the sample autocovariance function by performing two FFTs (e.g.
Priestley, 1981, Section 7.6). We can compute the Fourier coefficients (a,, b,)
with an FFT of the mean-corrected data at w,=2np/Nforp=0,1,... , N1
and not for p=0,1,..., N/2 as we usually do. The extra coefficients are
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redundant for real-valued processes since ay_,=a, and by_,= —b,. We then
compute R?=a?+b? and fast Fourier retransform the sequence (R2) to get
the mean lagged products. With N =2'% =4096, for example, R. Fenton found
that it took over three times as long to calculate one-sixth of the {c,} directly
than to calculate all the {c,} using two FFTs. In using the FFT for this
purpose, one has to be careful to add enough zeros to the data (without
tapering) to make sure that one gets non-circular sums of lagged products, as
defined by equation (4.1) and used throughout this book. Circular coefficients
result if zeros are not added where, for example, the circular autocovariance

coefficient at lag 1 1s

N

CT*[Z (x,—f)(xm—f)_l/N
Lt=l A

where xy,, is taken equal to x,. If x,=x, the circular and non-circular

coefficients at lag 1 are the same. To calculate all the autocovarance

coefficients of a set of N observations one adds N zeros, to make 2N

‘observations’ in all.

75 CONFIDENCE INTERVALS FOR THE SPECTRUM

The methods of Section 7.4 all produce point estimates of the spectral density
function at different frequencies. In this section we show how to find
confidence intervals for the spectrum at different frequencies.

In Section 7.3.2 we showed that a white noise process, with constant
spectrum f(w) = o2/, has a periodogram ordinate I(w) at frequency w which is
such that 2J(w)/f(w) is distributed as y2. A more general result is given by
Jenkins and Watts (1968, Section 6.4.2) for the estimator of Section 7.4.1,
namely

flw)= [ f: A4C) COS cokJ/n

which is that asymptotically vf(w)/f(w) is approximately distributed as X2,
where

I

y=2N / )E 22 (7.26)

k=-M

is called the number of degrees of freedom of the lag window.
P(XSJ —-aj2 < vﬂw)/ﬂw) < xs.a/Z) =1—a

so that the 100(1 —a)% confidence interval for f(w) is given by

) - )

2 2
XV,¢/2 XV,l —aj2
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The degrees of freedom for the Tukey and Parzen windows turn out to be
2.67N/M and 3.71N/M respectively. When smoothing the periodogram in
groups of size m, it is clear that the result will have 2m degrees of freedom and
there is no need to apply equation (7.26). Infact equation (7.26) does not work
for the periodogram when expressed in the form (7.18), as noted by Hannan
(1970, p. 281).

The confidence intervals given 1in this sectio

LAV ¥ BB LN A A aa

given in S ) Su ave
(1972a) has shown that these results are also quite accurate for sho rt series.

7.6 A COMPARISON OF DIFFERENT ESTIMATION
PROCEDURES

Several factors need to be considered when comparing the different estimation
procedures which were described in Section 7.4. These include such practical
considerations as computing time and the availability of computer programs.
We begin by considering the theoretical properties of the different procedures.
Other comparative discussions are given by Jenkins and Watts (1968), Neave
(1972b), Bloomfield (1976) and Priestley (1981, Section 7.5).
It is useful to introduce a function called the spectral window or kernel, |

which is the Fourier transform of the lag window. If we define the lag window
A, to be zero for k> M, and to be symmetric so that A _x=4,, then the spectral

wmdow 1s given by

) i 5 A, e ke (7.27)
2n kzL_‘w *
for (—n<w<n). This has the inverse relation
" .
A= J K(w)e* dw (7.28)
—n .
All the estimation procedures for the spectrum can be put in the general
1 N-1
Pr Y < A —iw k
JWe)=—" 2,  AGe ™°
Tk==N+1
| S I S 1
=—2 U K(w)e™" dec,‘ e ot
n —-n
_1 rn Ly Ao . _iklo-wo ) 1
=— R{wjiac, e™ o] aw
2]
rn:
-

form using equation (7.19). Equation (7.29) shows that all the estimation
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procedures are essentially smoothing the periodogram using the weight
function K(w). The value of the lag window at lag zero is usually specified to be
one, so that from (7.28) we have

/10=1=J K(w)dw

PP

which is a desirable property for a smoothing function.
Taking expectations in equation (7.29) we have asymptotically that

n

E[f(wo)]= J _ Ki)f(w,—w) do (7.30)

Thus the spectral window is a weight function expressing the contribution of
the spectral den81ty function at each frequency to the expectation of f(w,). The

name ‘window’ arises from the fact that K(w) determines the part of the

periodogram which is ‘seen’ by the estimator.

Examples of the spectral wmdows for the three commonest methods of
spectral analysis are shown in Figure 7.2, which is adapted from Jones (1965,
Figure 5). Taking N = 1000, the spectral window for the smoothed periodo-
gram with m=20 is shown as line A. The other two windows are the Parzen
and Tukey windows, denoted by lines B and C. The values of the truncation
point M were chosen to be 93 for the Parzen window and 67 for the Tukey
window. These values of M were chosen so that all three windows gave
estimators with equal variance. Formulae for variances will be given later in
this section,

Kiw) A N B

N/2mm |-

/ Side lobe

I 1
—mu/N 0 mn/N t,:

Figure 7.2 The spectral windows for three common methods of spectral analysis: A,
smoothed periodogram (m=20); B, Parzen (M=93); C, Tukey (M =67); all with
N=1000.
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Inspecting Figure 7.2, we see that the Parzen and Tukey windows look very
similar, although the Parzen window has the advantage of being non-negative

and of having smaller side-lobes. The shape of the periodogram window is
quite different. It is approximately rectangular with a sharp cut- offand is close
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to the ‘ideal’ band-pass filter, whick would be exactly rectangular but which is
unattainable in practice. The periodogram window also has the advantage of
being non-negative.

In comparing different windows, we also want to consider bias, variance
and bandwidth. We will not derive formulae for the bias produced by the
different procedures. It is clear from equation (7.30) that the wider the
window, the larger will be the bias. In particular it is clear that all the
smoothing procedures will tend to lower peaks and raise troughs.

As regards variance, we have from Section 7.5 that vf(w)/f(w) is approxi-
mately distributed as y2, where v=2m, 3.71 N/M, and 8N/3M for the

smoothed periodogram, Parzen and Tukey windows, respectively. Since

Var(y?)=
and

Var[vf()/f(w)}=v* Var[ f(w)/f(®)]

we find Var[ f(w)/f(w)] turns out to be 1/m, 2M/3.71N, and 3M/4N for the
three windows. Equating these expressions gives the values of M chosen for
Figure 7.2.

Finally let us introduce the term bandwidth, which roughly speaking is the
width of the spectral window. Various definitions are given in the literature,
but we shall adopt that used by Jenkins and Watts (1968), namely the width of
the ‘ideal’ rectangular window which would give an estimator with the same
variance. The window of the smoothed periodogram is so close to being
rectangular for m ‘large’ that it is clear from Figure 7.2 that the bandwidth will
be 2nm/N. The bandwidths for the Parzen and Tukey windows turn out to be
27(1.86/M) and 87/3M respectively. When plotting a graph of an estimated
spectrum, it is a good idea to indicate the bandwidth which has been used.

The choice of bandwidth, or equivalently the choice of m or M, is an

uupuxtaut ou.;p 1‘n opeutral ana]vc‘c Fnr fl’lP pnr?pn Qﬂt‘l T‘Il]{PV Wlﬂd{'\WQ fhP

bandwidth is inversely proportional to M (see Figure 7.3). As M gets larger
the window gets narrower and the bias gets smaller but the variance of the
resulting estimator gets larger. In fact the variance is inversely proporuonaa to
the bandwidth. For the smoothed periodogram, the bandwidth is directly
proportional to m. For the unsmoothed periodogram, with m =1, the window
is very tall and narrow giving an estimator with large variance as we have
already shown. All in all, the choice of bandwidth is rather like the choice of

class interval when constructing a histogram.
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K{w) A

/\ /M large

~ M Small

Frequency

Figure 7.3 Spectral windows for different values of M.

We will now summarize the comparative merits of the three main estimation
procedures. From the preceding discussion, it appears that the smoothed
periodogram has superior theoretical properties in that its spectral window is
approximately rectangular. From a computing point of view, it can be much
slower for larg\. Nunlessthe FFTis used Ifthe FFT is nced hnwevpr itcan be
much quicker and it is also possible to calculate the autocorrelatlon function
using two FFTs. For small N, computing time is relatively unimportant.
Regarding computer prograths, it is much easier to write a program for the
Parzen or Tukey windows, but programs and algorithms for the FFT are
becoming readily available. Thus the use of the smoothed periodogram is
becoming more general.
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We have so far been concerned with the spectral analysis of discrete time series.
But time series are sometimes recorded as a continuous trace, as for example
air temperature, the moisture content of tobacco emerging from a processing
plant, and humidity. For series which contain components at very high
frequencies, such as those arising in acoustics and speech processing, it may be
possible to analyse them mechanically using tuned filters, but the more usual
procedure is to digitize the series by reading off the values of the trace at
discrete intervals. If values are taken at equal time intervals of length Ar, we
have converted a continuous time series into a standard discrete time series
and can use the methods already described.

1n sampling a continuous time series, the main question is how to choose the
sampling interval Az. It is clear that sampling leads to some loss of information
and that this loss gets worse as At increases. However, it is expensive to make
At very small and so a compromise value must be sought.

For the sampled series, the Nyquist frequency is 7/At radians per unit time,
and we can get no information about variation at higher frequencies. Thus we
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clearly want to choose At so that variation in the continuous series is negligible
at frequencies higher than n/At. In fact most measuring instruments are band-

limited in that they do not respond to frequcncies higher than a certain
maximum freaguencv. If this maximum freauencyv is known or can be mleqqed
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then the choice of At is straightforward.
If At is chosen to be too large, then a phenomenon called aliasing may occur.

TLic ~etm ctrntad ha fAallasgsiona thanra
This can be uluahatcu oy the IONOWINE theorem.

Theorem 7.1 A continuous time series, with spectrum f,(w) for 0<w < o0,
is sampled at equal intervals of length At. The resulting discrete time series has
spectrum f,(w) defined over 0 <w <n/At, Then fy(w) and f,(w) are related by

a0
filw)=}, filw+ ns/At) (7.31)
=0

Proof The proof will be given for the case At= 1. The extension to other

values of At is straightforward.
The acv.f.s of the continuous and sampled series will be denoted by y(t) and
v, It is clear that when t takes an integer value, say k, then

Y(K) =7, @.32)
Now from (6.9) we have

Vi = f fa(w)cos wk dw
0

while from (6.18) we have

y(t) = fmfc(w)cos wt dw

Jo

Thus, using (7.32), we have

rn {*©

J fy(w)cos wk dw = J f.(w)cos wk dw

0 0
for k=0, +1, +2,.... Now

«© @ 2n(s+ 1)
f fo(w)cos wk dw =3 f.(w)cos wk dew

3=u 41‘1.8

gk

o
s=0 JO

Jzufc(w + 2ns)cos wk dw
H4 {f

s

J (w+2nrs)+f.[2n(s + 1) —w]}cos wk dw
0JoO

s

=Jn{i fo(w+2ns)+ ifc(Zns—co)}cos wk dw
0 (s=0

s=1

and the result follows.
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The implications of this theorem are now considered. First, we note that if the
continuous series contains no variation at frequencies above the Nyquist
frequency, so that f (w)=0 for w>n/At, then fy(w)=f(w). In this case no
information is lost by sampling. But more generally, the effect of sampling will

be that variation at frequencies above the Nyquist frequency will be ‘folded

back’ and produce an effect at a frequency lower than the Nyquist frequency in
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20—, 204+ 0, doy—w, . . . are called aliases of one another. Variation at
all these frequencies in the continuous series will appear as variation at
Irequency w ln me sdmplea Ser"ieb

From a practical point of view, aliasing will cause trouble unless At is chosen
so that f (w)~0 for w>n/At. If we have no advance knowledge about f (w)
then we can guesstimate a value for At. If the resulting estimate of f(w)
approaches zero near the Nyquist frequency n/At, then our choice of At was
almost certainly sufficiently small. But if f,(w) does not approach zero near the
Nyquist frequency, then it is probably wise to try a smaller value of At.
Alternatively one can filter the continuous series to remove the high-frequency

components if one is interested fn the low-frequency components.

7.8 DISCUSSION

Spectral analysis can be a useful exploratory diagnostic tool in the analysis of
many types of time series. In this section we discuss how the estimated
spectrum should be interpreted, when it is likely to be most useful and when it
is likely to be least useful. We also discuss some of the practical problems
arising in spectral analysis.

We begin this discussion with an example to give the reader some feel for the
sorts of spectrum shape that may arise. Figure 7.4 shows four sections of trace,
labelled A, B, C and D, which were produced by four different processes
(generated in a control engineering laboratory). The figure also shows the
corresponding long-run spectra, labelled J, K, L and M, but these are given in
random order. Note that the four traces use the same scale, the length
produced in one second being shown on trace D. The four spectra are plotted
using the same linear scales. The peak in spectrum L is at 15 cycles per second
(or 15 Hz). The reader is invited to decide which series goes with which
spectrum before reading on,

Trace A is much smoother than the other three traces. Its spectrum is

oot M Th thar
therefore concentrated at low frequency and is actually spectrum M. The other

three spectra are much harder to distinguish. Trace B is somewhat smoother
than C or D and corresponds to spectrum K, which ‘cuts off” at a lower
frequency than J or L. Trace C corresponds to spectrum J, whiie trace D
contains a deterministic sinusoidal component at 15 cycles per second which
contributes 20% of the total power. Thus D corresponds to spectrum L.
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From a visual inspection of traces C and D, it is difficult or impossible to
decide which goes with spectrum L. For this type of data, spectral analysis is
invaluable in assessing the frequency properties. The reader may find it
surprising that the deterministic component in trace D is so hard to see. In
contrast the regular seasonal variation in air temperature at Recife given in
Figure 1.2 is quite obvious from a visual inspection of the time plot, but there

the deterministic comnonent accounts for 85% of the total variation. A
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spectral analysis of air temperature at Recife yields the spectrum shown in
Figure 7.5(a) with a large peak at a frequency of one cycle per year. But here
the spectral analysis is not really necessary as the seasonal effect is obvious
anyway. In fact if one has a series containing an obvious trend or seasonality,
then such variation should be removed from the data before carrying out a
spectral analysis, as any other effects will be relatively small and are unlikely to
be visible in the spectrum of the raw data. Figure 7.5(b) shows the spectrum of
the Recife air temperature data when the seasonal variation has been removed.
The variance is concentrated at low frequencies, indicating either a trend
which is not apparent in Figure 1.2, or short-term correlation as in a first-
order AR process with a positive coefficient (cf. Figure 6.4(a)).

Removing trend and seasonality is the simplest form of a general procedure

called prewhitening. It is easier to estimate the spectrum of a series which has a
relahve]v flat spectrum Prewhltenmo consists of makmg alinear transforma-

tion of the raw data so as to ach1evc a smoother spectrum, estimating the
spectrum of the transformed data, and then using the transfer function of the

mane trnmofrmmatinm 4 actisnmata tha crmantensm Aftha rawr Anta fcoa MNMhanmtar ﬂ
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and Anderson, 1971, p.546). But this procedure requires some prior
knowledge of the spectral shape and is not often used except for removing
trend and seasonality.

Having estimated the spectrum of a given time series, how do we interpret
the results? There are various features to look for. First, are there any peaks in
the spectrum? If so, why? Secondly, is the spectrum large at low frequency,
indicating possible non-stationarity in the mean? Thirdly, what is the general
shape of the spectrum? The typical shape of the power spectrum of an
economic variable is shown in Figure 7.6, and the implications of this shape
are discussed by Granger (1966). There are exceptions. Granger and Hughes
(1971) found a peak at a frequency of 1 cycle per 13 years when they analysed
Beveridge’s yearly wheat price index series. But this series is much longer than
most economic series, and the results have, in any case, been queried (Akaike,

1078\
1770},

The general shape of the spectrum may occasionally be helpful in indicat-
ing an appropriate parametric model, but it is not generally used in this way.
The spectrum is not, for example, used in the Box-Jenkins procedure
for identifying an appropriate ARIMA process (though Hannan, 1970,

Section 6.5 has suggested that it might be). Spectral analysis is essentially a
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Figure 7.5 Spectra for average monthly air temperature readings at Recife, (a) for the
raw data; (b) for the seasonally adjusted data using the Tukey window with M =24; (c)
the periodogram of the seasonally adjusted data is shown for comparison.
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Figure 7.6 The typical spectral shape of an economic time series.

non-parametric procedure in which a finite set of observations is used to
estimate a function defined over the range (0, 7). The function is not
constrained to any particular parametric class and so spectral analysis is a
more general procedure than inference based on a particular parametric class
of models, but is also likely to be less accurate if a parametric model really is
appropriate.

Spectral analysis is at its most useful for series of the type shown in
Figure 7.4, with no obvious trend or ‘seasonal variation. Such series arise
mostly in the physical sciences. In economics, spectral techniques have
perhaps not proved as useful as was first hoped, although there have been
some successes. Attempts have also been made to apply spectral analysis to
marketing data, but it can be argued (Chatfield, 1974) that marketing series
are usually too short and the seasonal variation too large for spectral analysis
to give useful results. In meteorology and oceanography, spectral analysis can
be very useful (e.g. Craddock, 1965; Snodgrass et al., 1966; Mooers and Smith,
1968) but, even in these sciences, spectral analysis may produce no worthwhile
results. For example, Chatfield and Pepper (1971) analysed a number of
monthly geophysical series but found no tendency to oscillate at frequencies
other than the obvious annual effect.

We conclude this section by commenting on some practical aspects of
spectral analysis.

Most aspects, such as the choice of truncation point, have already been
discussed and will be further clarified in Example 7.1. One problem, which has
not been discussed, is whether to plot the estimated spectrum or its logarithm.
An advantage of plotting the estimated spectrum on a logarithmic scale is that
its asymptotic variance is then independent of the level of the spectrum, so that
confidence intervals for the spectrum are of constant width on a logarithmic
scale. For spectra showing large variations in power, a logarithmic scale also
makes it possible to show more detail over a wide range. (For example, in
measuring sound, engineers use decibels which are measured on a logarithmic
scale.) Jenkins and Watts (1968, p. 266} suggest that spectrum estimates
should always be plotted on a logarithmic scale. But Anderson (1971, p. 547)
points out that this exaggerates the visual effects of variations where the
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spectrum is small. Thus it is often easier to interpret a spectrum plotted on an
arithmetic scale as the area under the graph corresponds to power and one can
more readily assess the importance of different peaks. So, while it is often
useful to plot f(w) on a logarithmic scale in the initial stages of a spectral
analysis, when trying different truncation points and testing the significance of
peaks this writer generally prefers to plot the estimated spectrum on an
arithmetic scale in order to interpret the final result. It is also generally easier
to interpret a spectrum if the frequency scale is measured in cycles per unit time
(f) rather than radians per unit time (w). This has been done in Figures 7.4
and 7.5. A linear transformation of frequency does not affect the relative
heights of the spectrum at different frequencies, which are of prime
importance, though it does change the absolute heights by a constant multiple.

Another point worth mentioning is the possible presence in estimated
spectra of harmonics. When a spectrum has a large peak at some frequency w,
then related peaks may occur at 2w, 3w,.... These multiples of the
fundamental frequency are called harmonics and generally speaking simply
indicate the non-sinusoidal character of the main cyclical component. For
example Mackay (1973) studied the incidence of trips to supermarkets by
consumers and found (not surprisingly!) a basic weekly pattern with
harmonics at two and three cycles per week.

Finally, a question that is often asked is how large a value of Nis required to
get a reasonable estimate of the spectrum. It is often recommended that
between 100 and 200 observations is the minimum. Granger and Hughes

F1NL0N Lo $anan ann s Il awe w1 en oo
(1968) have tried smaller values of N and conclude that only very large peaks

can then be found. If the data are prewhitened, so that the spectrum is fairly
flat, then reasonable estimates may be obtained even with values of Nless than
100.

Example 7.1 As an example, we analysed part of trace D of Figure 7.4.
Although a fairly long trace was available, we decided just to analyse a section
lasting for one second to illustrate the problems of analysing a fairly short
series. This set of data will also illustrate the problems of analysing a
continuous trace as opposed to a discrete series.

The first problem was to digitize the data, and this required the choice of a
suitable sampling interval. Inspection of the original trace showed that
variation seemed to be ‘fairly smooth’ over a length of 1 mm, corresponding to

1/100 second, but to ensure that there was no aliasing we chose 1/200 second
ac tha camnlineo interval onnno N= 700 nhqervatlons
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For such a short series, there is little to be gained by using the fast Fourier
transform. We decided to transform the truncated autocovariance function,
............... dmery Qovaral teiimrats

usmg equauon U 21 ), with the T uncy window. Several truncation yumts Wwere

tried, and the results for M =20, 40 and 80 are shown in Figure 7.7. Above
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about 70 cycles per second, the estimates produced by the three values of M
are very close to one another when the spectrum is plotted on an arithmetic
scale and cannot be distinguished on the graph. Equation (7.21) was evaluated
at 51 points, taking Q = 50,at o =7j/50 (j=0, 1, . . ., 50) where @ is measured
in radians per unit time. Now in this example ‘unit time’ is 1/200 second and so
the values of  in radians per second are w=2007j/50 for j=0,1,...,50.
Thus the frequencies expressed in cycles per second, by f=w/2n, are f=2j for
j=0, 1, ..., 50. The Nyquist frequency is given by fy= 100 cycles per second,
which completes one cycle every two observations.

Looking at Figure 7.7, the estimated spectrum is judged rather too smooth

with M =20, and much too erratic when M =80. The value M =40 looks
about right although M =30 might be even better. There is a clear peak at
AAAAAAAAAAAAAAAAAA ) ne thara 1o 111 ornant rs T AfFionra 74 hut

about 15 h_ybl.(:b Pl second UJ rizjas tncre is in spectrum L of rigurc /.4, bul
there is also a smaller unexpected peak around 30 cycles per second, which
looks like a harmonic of the variation at 15 cycles per second. If a longer series
of observations were to be analysed, this peak might disappear, indicating that
the peak is spurious.

We also estimated the spectrum using a Parzen window with a truncation
point of M = 56. This value was chosen so that the degrees of freedom of the
window, namely 13.3, were almost the same as for the Tukey window with
M =40.1intended to plot the results on Figure 7.7, but the graph was so close
to that produced by the Tukey window that it was impossible to draw them
both on the same graph. The biggest difference in estimates at the same
frequency was 0.33 at 12 cycles per second, but most of the estimates differed
only in the second decimal place. It is clear that the Tukey and Parzen
windows give very much the same estimates when equivalent values of M are
used.

One feature to note in Figure 7.7 is that the estimated spectrum approaches
zero as the frequency approaches the Nyquist frequency This suggests that
there is no aliasing and that our choice of sampling interval was sufficiently
small.

Also note that the bandwidths are indicated in Figure 7.7. The bandwidth
for the Tukey window is 87/3M in radians per unit time. As ‘unit time’ is
1/200 second, the bandwidth is 16007/3 M in radians per second or 800/3M in
cycles per second.

Confidence intervals can be calculated as described in Section 7.5. For a
sample of only 200 observations, they turn out to be disturbingly wide. For
example when M =40, the degrees of freedom are 2.67N/M=13.3. For
convenience this is rounded off to the nearest integer, namely v=13. The peak
in the estimated spectrum is at 14 cycles per second, where f( f(w)=1.5. Here the
95% confidence interval is (3.9 to 19.5). Clearly a longer series i s desirable to

make the confidence mtervals acceptably narrow.
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EXERCISES

7.1

7.2
1.3
7.4

7.5

7.6

Revision of Fourier series. Show that the Fourier series which represents
the function

flx)=x2 in —n<x<n
is given by
n? cos X cos2x cos 3x
_r 4 _ .
f(x) 3 ( 1 22 + 32 )

Derive equations (7.6) and (7.8).

Derive Parseval’s theorem, given by equation (7.15).

If X,, ..., Xy are independent N(y, o?) variates show that
a,=2[LX, cos(2npt/N)J/N

is N(0, 262/N) for p=1,2,...,(N/2)—1.

Derive the lag window for smoothing the periodogram in sets of size m.
For algebraic simplicity take m odd, with m=2m* + 1, so that

{m ),—_l. %: ,(m +@>

T, e\
(Hint: The answer is given in Section 7.4.4. The algebra is messy. Use
equation (7.18) and

cos 2nk(p +j)/N +cos 2nk(p—j)/N =2 cos 2nkp/N cos 2nkj/N
Also use sin A —sin B=2 sin[(4— B)/2]cos[(A4 + B)/2].)

Evaluate the degrees of freedom for the Tukey window using equa-
tion (7.26).
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Thus far, we have been concerned with analysing a single time series. We now
turn our attention to the situation where we have observations on two time
series and we are interested in the relationship between them.

Jenkins and Watts (1968, p. 322) distinguish two types of situation. In the
first type of situation, the two series arise ‘on an equal footing’ and we are
interested in the correlation between them. For example it is often of interest to
analyse seismic signals received at two recording sites. In the second, more
important type of situation, the two series are ‘causally related’. One series is
regarded as the input to a linear system, while the other series is regarded as the
output; we are then interested in finding the properties of the linear system. The
two types of situation are roughly speaking the time-series analogues of
correlation and regression.

The first type of situation is considered in this chapter, where the cross-

correlation functlon and the cross-spectrum are introduced. These functions
are also useful in the study of linear systems which are discussed in Chapter 9.

8.1 CROSS-COVARIANCE AND CROSS-CORRELATION
FUNCTIONS

Suppose we have N observations on two variables, x and y, at unit time
intervals over the same period. The observations will be denoted by
(X{, Y1)» - - - » (Xn, ¥n)- These observations may be regarded as a finite
realization of a discrete bivariate stochastic process (X, Y,).

In order to describe a bivariate process it is useful to know the moments up
to second order. For a univariate process, the moments up to second order are

the mean and autocovariance function. For a bivariate process, the moments
up to second order consist of the mean and autocovariance functions for each

UV OSLwaie VR ALl WAWALD AL Wi viiw a1aLitiad Quade QLerUW VAL QAN s wadveaTaid AV iR

of the two components plus a new function, called the cross-covariance
function, which is given by

'ny(ts k) :COV(‘X;S )/I-#k)

We will only consider bivariate processes which are second-order stationary,
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so that all moments up to second order do not change with time. We will use
the tollowing notation:
EX)=p,  E(Y)=p,
Cov(X,, X1 1) =7xx(k)
Cov(Y,, Y,,,) Vyy(k)
COV(X,, Yt 1) =7xp(k) (8.1)

Note that some authors define the cross-covariance function in the ‘opposite
direction’ by

Cov(X,, Y;_)=73(k)

Tha ~rAaco_cnt arianca functinn diffare fram tha antAacrAavarianecs functinm in that
TEIW Wi VO WU YALIAQLIWY LULMIWVLIVEL UllIVID 11 VI v QLYY VYALIAGMIVW LULIVUIVL]L 113 1AL
it is not an even function, since in general

Vaykk) # 75, (— k)

Instead we have the relationship

where the subscripts are reversed.

The size of the cross-covariance coefficients depends on the units in which X,
and Y, are measured. Thus for interpretative purposes, it is useful to
standardize the cross-covariance function to produce a function called the
cross-correlation function, p, (k), which is defined by

Pay(k) =75y (K)/\/[72x(0),,(0)] (8.2)

This function measures the correlatio
WA AL WALV ALS
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propertlcs

@) paytk)=p,(—k)
(b) |pxy(k)| <1 (see Exercise 8.2).

Whereas p, (0), p, (0) are both equal to one, the value of p,(0) is not
necessarily equal to one, a fact which is sometimes overlooked.

8.i.1 Examples
Before discussing the estimation of cross-covariance and cross-correlation

finctinne woa will dariva tha thanratical functione fortwn evamnlee af hivariate
Jull\-rll\.llld T¥W YV IIL WUWI VW LIlWw VMWW L WLAWECLL A WAAWLEV LAY AVWL LYY L Ul\ull‘yl“u WL WVEVYHLIWUYWY

processes. The first example is rather ‘artificial’, but the model in Example 8.2
can be useful in practice.
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Example 8.1 Suppose that {X;},{¥,} are both formed | from the same purely
random process {Z,}, which has mean zero, variance a2, by

X=2
K=0.Szt_ 1 +0'SZI 2

Then using (8.1) we have

0.5¢2 k=1,2
k)= z ’
Vaptk) = { otherwise

Now the variances of the two components are given by
75x(0)=073
7y5(0)=03/2

so that, using (8.2), we have

0.5/2  k=1,2
Paylk) = { otherwise

Example 8.2 Suppose that

X = Zl.t
Yi=X_t+2,, (83)
where {Z, 1, {Z2 . are uncorrelated purely random processes with mean zero
and variance o7, and where d is an integer. Then we find
) _ j oy k=d .
ok otherwise
1/./2 k=d
p.(k) = j/‘/ :
7 0 otherwise

In Chapter 9 we will see that equation (8.3) corresponds to putting noise into a
linear system which consists of a simple delay of lag d and then adding more
noise. The cross-correlation function has a peak at lag d corresponding to the
delay in the system, a result which the reader should find intuitively

lCdbUlldUlC

8.1.2 Estimation
The ‘obhvious’ wa

v
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he cross-covariance and cross-correlation
functions is by means of correspondlng sample functions. With N pairs of
observations {(x;, y;); i=1 to N}, the sample cross-covariance function is
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( Nr:k £ B N A =Y SAT L_N 1 AT 1
Y =)= PYN k=01, N=l
cyk)=< | (8.4)
N .. , =—1,-2,...,
L r=%‘—k { X) (Ve —VIN —(N=1)
and the sample cross-correlation function is
oK)=, (k)/y/[€x(0)c,,(0)] (8.5)
where ¢, (0), c,,(0) are the sample variances of observations on x, and y,

respectively.

It can be shown that these estimators are asymptotlcally unbiased and
consistent. However, it can also be shown that successive estimates are
themselves autocorrelated. In addition the variances of the estimators depend
on the autocorrelation functions of the two components. Thus for moderately
large values of N (e.g. N about 100) it is possible for two series, which are
actually unrelated, to give rise to apparently ‘large’ cross- -correlation
coefficients which are actually spurious. Thus if a test is required for non-zero
correlation between two time series, both series should first be filtered to
convert them to white noise before computing the cross-correlation function
(Jenkins and Watts, 1968, p. 340). For two uncorrelated series of white noise it

S, Lo

can be shown that
E[rxy(k)] ~0
Var[r, (k)] =1/N

sothat values outside theinterval £2/,/N aresignificantly different from zero.

The filtering procedure mentioned above is accomplished by treating each
series separately and fitting an appropriate model. The new filtered series
consists of the residuals from this model. For example, suppose that one series
appeared to be a first-order AR process with estimated parameter &. Then the
filtered series is given by

Xy = (%, — X)—a(x,, —X)

8.1.3 Interpretation

The interpretation of the sample cross-correlation function can be fraught
with danger unless one uses the prefiltering procedure described in
Section 8.1.2. For example, Coen, Gomme and Kendall (1969) calculated

cross-correlation functions between variables such as (detrended) Financial

Times (FT) share index and (detrended) UK car production, and this resulted
ina fairly smooth, roughly sinusoidal function with ‘large’ coefficients at lags 5
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and 6. Coen et al. used this information to set up a regression model to
‘explain’ the variation in the FT share index. However, Box and Newbold
(1971)have shown that the ‘large’ cross-correlation coefficients are spurious as
the two series had not been properly filtered. By simply detrending the raw
data, Coen et al. effectively assumed that the appropriate model for each series
was of the form

x,=a+fpt+a,

where the g, are independent In fact the error structure was quite different.

If both series are properly filtered, we have seen that it is easy to test whether
any of the cross-correlation coefficients are significantly different from zero.
Following Example 8.2, a peak in the estimated cross-correlation function at
lag d may indicate that one series is related to the other when delayed by
time d.

8.2 THE CROSS-SPECTRUM

The cross-correlation function is the natural tool for examining the

relationship between two time series in the time domain. In this section we
roduce a comnplementarv function. called the cross spectral density function

ltl UUULE @ CUILLPPICILIVIIRGL f LIV LA AL, WEaivis L2350 2 00 2p il 88 Bl

or cross-spectrum, which is the natural tool in the frequency domain.
By analogy with equation (6. 11) we will define the cross-spectrum of a
e ooy S £R 3 T T s vt smtarua le Af tiemas ac tha F

GISCI‘CIC Dlvarld[e DIrocess IIlCdbUlCU at unit intervais oI me as ine r O‘u"'er
transform of the cross-covariance function, namely

foyl@) = > vxy(k)e'i“”‘J (8.6)

over the range 0 < < n. The physical interpretation of the cross-spectrum 1s
more difficult than for the autospectrum (see Pnestley, 1981, p. 657). Indeed a
physical understandmg of cross-spectra will probably not become clear until

we have studied linear systerns.

Note that f, (@) is a complex function, unlike the autospectrum which is
real. This is because 7x,(k) is not an even function.

The reader should note that many authors define the cross-spectrum in the
range (— 7, 7) by analogy with equation (6.13) as

1 I

1 . 1
fo@) =3 T 1kl 8.7)

k=—

g Y

This definition has certain mathematical , I y
handle complex-valued processes and that it has a simple inverse relationship
of the form
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whereas (8.6) does not have a simple inverse relationship. But (8.7) introduces
negative frequencies, and for ease of understanding we shali use (8.6). As
regards definition (8.7), note that f, (—w) is the complex conjugate of f, (w)
and so provides no extra information. Authors who use (8.7) only examine
f{w) at positive frequencies. Note that Kendall, Stuart and Ord (1983,
Chapter 51) use a different definition to other authors by omitting the
constant 1/z and transforming the cross-correlation function rather than the
cross-covariance function.

We now describe several functions derived from the cross-spectrum which
ara halnfuil in intarnratino the crogg-gnectrum. From {86), the real part Of ?.hC
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cross-spectrum, called the co-spectrum, is given by

1 & . .
c(o))-—-E 2, Vxlk)cos wk]

k=—

1 <[ . | .

= E iyxy(0)+ )3 yxy(k)ui—yyx(k)Jcos wk,f (8.%)
k=1

The complex part of the cross-spectrum, with a minus sign, is called the

vvvvvvvv prea pais e 0 Liu

k=—w
rear ]
=-{ Lyxy(k)—yyx(K)J51n wKJs (8.10)
T (k=1
so that
fel@)=c(w)—ig(w) (8.11)
Note that Kendall, Stuart and Ord (1983, Section 51.33) express the
cross-spectrum as c(w)+ig(w) in view of their alternative definition of the
cross-covariance function (as y%,(k) —see Section 8.1).
An alternative way of expressing the cross-spectrum is in the form
fo(@)=a, ()" (8.12)
where
.2 2
o, ()= [c*(w)+q7(w)] (8.13)

is the cross-amplitude spectrum, and

¢ (w)=tan" [ —g(w)/c(w)] (8.14)
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1s the phase spectrum. From (8.14) it appears that ¢,,(w)is undetermined by a
multiple of n. However, if the cross-amplitude spectrum is required to be
positive so that we take the positive square root in (8.13), then it can be seen
that the phase is actually undetermined by a multiple of 27 using the equality
of (8.11) and (8.12). This apparent non-uniqueness makes it difficult to graph
the phase. However, when we consider linear systems in Chapter 9, we will see
that there are physical reasons why the phase is generally uniquely determined
and not confined to the range + 7 or +n/2. The phase is usually zero at w=0
and is a continuous function as w goes from 0 to x.

Another useful function derived from the cross-spectrum is the (squared)

coherency, which is given by

Clw)=[c*(w)+ g* (@) f (), ()]

0< Clw)<1

This quantity measures the square of the linear correlation between the two
components of the bivariate process at frequency w and is analogous to the
square of the usual correlation coefficient. The closer C(w) is to one, the more
closely related are the two processes at frequency w.

Finally we will define a function called the gain spectrum, which is given by

w)=/[f,(@)C(@)/f(w)]
=ty (W)/f(w) (8.16)

which is essentially the regression coefficient of the process Y, on the process X,
at frequency w. A second gain function can also be defined by G, (w)=
o, (w)/f (w) in which, using linear system terminology, Y, is regarded as the
input and X, as the output.

By this point, the reader will probably be rather confused by all the different
functions which have been introduced in relation to the cross-spectrum.
Whereas the cross-correlation function is a relatively straightforward
development from the autocorrelation function, statisticians often find the
cross-spectrum much harder to understand than the autospectrum. Usually

three functions have to be plotted against frequency to describe the
relationship between two series in the freauency domain. Sometimes the co-,

WALy VRS e LA A e Rt L L

quadrature and coherency spectra are most suitable. Sometimes the
coherency, phase and cross-amplitude are more appropriate while another
possible trio is coherency, phase and gain. The physical interpretation of these
functions will probably not become clear until we have studied linear systems

in Chapter 9.
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8.2.1 Examples

In this section, we derive the cross-spectrum and related functions for the two
examples discussed in Section 8.1.1.

Example 8.3 For Example 8.1, using (8.6) the cross-spectrum is given by
fe,(0)=(0.507 7' +0.567 ¢~ *'*)/n
Using (8.9), the co-spectrum is given by
c(w)=0.56%(cos w+ cos 2w)/n
Using (8.10), the quadrature spectrum is given by
g(w)=0.502(sin w+sin 2w)/n

Using (8.13), the cross-amplitude spectrum is given by

0562
—2 /[(cos w+cos 2w)? + (sin w + sin 2w)?]
T

%y (W) =

which, after some algebra, gives

o, (w)=03 cos(w/2)/x

(w)= —(sin w+ sin 2w)/(cos w +cos 2w)

In order to evaluate the coherency, we need to find the power spectra of the
two processes. Since X, = Z,, it has a constant spectrum given by f,(w) = ¢2/x.
The spectrum of ¥, is given by

f{w)=0.563(1 +cos w)/n
=6} cos*(w/2)/n
Thus, using (8.15), the coherency spectrum is given by

Cl)=1 for all v in (O
Clw)=1 for all w m (0

!

)
3 L)

This latter result may at first sight appear surprising. But both X, and ¥, are
generated from the same noise process and this explains why there is perfect
correlation between the components of the two processes at any given
frequency. Finally, using (8.16), the gain spectrum is given by

G,,(w)=cos(w/2)
Since the coherency is unity, G, (@) = /[ f,(@)/f(w)].
Example 8.4 For Example 8.2 we find

folw)=07e™™n
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Figure 8.1 The phase spectrum for Example 8.4 with d=4, with, (a) phase
unconstrained; (b) phase constrained
c(w)=02 cos wd/n
g{w)=¢3 sin wd/n
2
axy((’u) = UZ/n
tan ¢, (w)= —tan wd {8.17)
Then, as the two autospectra are given by
fdw)y=a3/n
fy(w):2az/n
we find
Clw)=1/2
The function of particular interest in this example is the phase, which from

(8.17) 1s a straight line with slope —d when qﬁ J{@) 18 unconstrained and is
plotted against w as a continuous function startlng with zero phase at zero

frequency (see Figure 8.1(a)). If, however, the phase is constrained to lie within

SRV ANV R dpneas O

MNAmoteadma

the interval (—m, ) then a graph like Figure 8.1(b) will result, where the slope

of each line is —d.

This result is often used in identifying relationships between time series. If
the estimated phase approximates a straight line through the origin then this
indicates a delay between the two series equal to the slope of the line. An
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example of this in practice is given by Barksdale and Guffey (1972). More
generally, the time delay between two recording sites will change with
frequency, due, for example, to varying speeds of propagation. This 1s called
the dispersive case, and real-life examples are discussed by Haubrich and
Mackenzie (1965) and Hamon and Hannan (1974).

8.2.2 Estimaiion

As in Section 7.4, there are two basic approaches to estimating the cross-
spectrum. First, we can take a Fourier transform of the truncated sample
cross-covariance function (or of the cross-correlation function to get a
normalized cross-spectrum). The estimated co-spectrum is then given by

M
éw) = ! I: Y Ay fk)cos wk] (8.18)
k=M

b4

where M is the truncation peoint, and {4,} is the lag window. The estimated
quadrature spectrum is given by

1 i~ M ]
() = —L T ey (k)sin wa (8.19)
k=M
Equations (8.18) and (8.19) are often used in the form

1 M
=;&MWWH-ZZAQJM+%J—HE%GW}

k=1

w2
—~

1
w)=— 5? Al k)—c,, (—kﬂsmwk}

38 P

The truncation point M and the lag window {4, } are chosen in a similar way to
that used in spectral analysis for a single series, with the Tukey and Parzen
windows being most popular.

Having estimated the co- and quadrature spectra, estimates of the cross-
amplitude spectrum, phase and coherency follow in an obvious way from
equations (8.13), (8.14) and (8.15). We have

& (w)=/[¢Xw)+d* ()]
tan ¢,,(w)= —4(w)/c‘(w)
Clw)=aZ,(w)/f(w)f,(@)

When plotting the estimated phase spectrum, similar remarks apply as to the
(theoretical) phase. Phase estimates are apparently not uniquely determined
but can usually be plotted as a continuous function which is zero at zero

frequency.
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Before estimating the coherency, it may be advisable to align the two series.
If this is not done, Jenkins and Watts (1968) have demonstrated that estimates
of coherency will be biased if the phase changes rapidly. If the sample cross-
correlation function has its largest value atlag s, then the two series are aligned
by transiating one of the series a distance s so that the peak in the cross-

correlation function of the aligned series is at zero lag.
The second annrnnoh to cross-snectral analvsis 1s to sm 00,[’\

(L) S et ACL4LS 8 ) A VaS Prwra il KLl ySle H v' r

nct
called the cross-perlodogram. The univariate periodogram of a series {x,} can
be written in the form

I(w,)=(Ex, &'°r") (Ex, e '¢')/Nn
= N(a2 +b2)/4n

using (7.17) and (7.10). By analogy with (8.20) we may define the
cross-periodogram of two series (x,) and (y,) as

I (@,)= (Ex, £") (Zy, e ')/ Nr (8.21)

(8.20)

We then find that the real and imaginary parts of I, (w,) are given by
N(a y4n and N(a, b /4n

anpy PJ‘ Py px"py P)’ Px)

where (a,,, b,,), (a,,, b,,) are the Fourier coefficients of {x,}, { y,} at w,. These
real and imaginary parts may then be smoothed to get consistent estimates of
the co- and quadrature spectral density functions by

pt+m*

é(wp)zN Z (aqxaqy ax qy)/4nm

g=p-m*
p+m*

é(wp) =N Z (aqquy Agy qx)/4nm

q=p—m*

where m=2m*+ 1. These estimates may then be used to estimate the
cross-amplitude spectrum, phase etc. as before.

The computational advantages of this type of approach are clear. Once a
periodogram analysis has been made of the two individual processes, nearly all
the work has been done as the estimates of ¢(w) and g(w) only involve the
Fourier coefficients of the two series. The disadvantage of the approach is that
alignment 1s only possible if the cross-correlation function is calculated
separately. This can be done directly or by the use of two (fast) Fourier

trancfarmce hv an analnonue nrocedure to that deceribhed in Sectinn 7 A q
LACALLITDAN/LLLED UJ (ST ¥ “IA“IVEVUO t’l Wiww it WL W LW LLIMAL UIWOoWI AIUVWAL LML WPWWw LAVl T

The properties of cross-spectral estimators are discussed by Jenkins and
Watts (1968) and Priestley (1981), while Granger and Hughes (1968) have
Ldrr]C(l out a b]mUldllOH bLU(ly 06 SOIne SHOIL scrles T HC lUllOWng pOlﬂ[S arc
worth noting. Estimates of phase and cross-amplitude are imprecise when the

coherency is relatively small. Estimates of coherency are constrained to lie
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between 0 and 1, and there may be a bias towards 1/2 which may be serious
with short series. Finally we note that rapid changes in phase may bias
coherency estimates.

8.2.3 Interpretation

Cross-spectral analysis is a technique for examining the relationship between
two series over a range of frequencies. The technique may be used for two time
series which ‘arise on a similar footing’ and then the coherency spectrum is
perhaps the most useful function. It measures the linear correlation between
two series at each frequency and is analogous to the square of the ordinary
product-moment correlation coefficient.

The other functions introduced in this chapter, such as the phase spectrum,
are most readily understood in the context of linear systems which will be
discussed in Chapter 9. We will therefore defer further discussion of how to
interpret cross-spectral estimates until Section 9.3.

EXERCISES

8.1 Show that the cross-covariance function of the discrete bivariate process
(X, Y,) where

X=2Z ,+P\Z,, y+ P22,
Yzzzz,z‘*”ﬁzlzl,z—l +ﬁ2222,:-1

and (£, ,), (Z,,) are independent purely random processes with zero
mean and variance 6%, is given by

ag(ﬁuﬁz; +B12ﬁ22) k=0

2 k=1
v (k)= B210%
’ B1207 k= —1
0 otherwise

Hence evaluate the cross-spectrum.
8.2 Define the cross-correlation function p, (1) of a bivariate stationary
process and show that |p, (7)| <1 for all . Two MA processes

X=2+04Z _,

Y=2-04Z _,
i e 4 i 1

are formed from a purely random process {Z,} which has mean zero and

variance ¢2. Find the cross-covariance and cross-correlation functions of
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the bivariate process {X,, ¥,} and hence show that the cross-spectrum is
given by
fo(w)=03(0.84+0.8i sin w)/n O<w<n

Evaluate the co-, quadrature, cross-amplitude, phase and coherency
spectra.
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Linear systems

An important problem in € a he ph

identifying a model for a physical system (or proces ) given observations on
the mput and output to the system. For example, the yield from a chemical
reactor (the output) depends inter alia on the temperature at which the reactor
is kept (the input). Much of the literature assumes that the system can be
adequately approximated over the range of interest by a linear model whose
parameters do not change with time, although recently there has been
increased interest in time-varying and non-linear systems. Apart from Box
et al.(1994), much of the literature (¢.g. Ljung, 1987) is written from a control
engineering viewpoint.

We shall denote the input and output series by {x,}, { y,} respectively in
discrete time, and by {x(¢)}, { y(t}} respectively in continuous time.

In this chapter we confine attention to linear systems. A precise definition of
linearity is as follows. Suppose y,(t), y,(t) are the outputs corresponding to
"1(3), X, (t\ TPQHP(‘fIVP]V Then the system is said to be linear if, and Ol‘llV if, a
linear combmatlon of the inputs, say 4,x,(t)+ 1,x,(t), produces the same
linear combination of the outputs, namely Ay, () +A,y,(1), where 4, 4, are
any constants.

We shall further confine our attention to linear systems which are time-
invariant. This term is defined as follows. If input x(z) produces output y(t),
then the system is said to be time-invariant if a delay of time t in the input
produces the same delay in the output. In other words x(t — 1) produces output
y(t —1), so that the input—output relation does not change with time.

We will only consider systems having one input and one output. The
extension to several inputs and outputs is straightforward in principle, though
difficult in practice.

The study of linear systems is useful not only for the purpose of examining
the relationship between different time series, but also for examining the
properties of filtering procedures such as detrending.

In Sections 9.2 and 9.3 we show how to describe linear systems in the time

and frequency domains respectively, while in Section 9.4 we discuss the

0“ Of hpear systems Frnm nhepr\md dﬂfﬂ
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9.2 LINEAR SYSTEMS IN THE TIME DOMAIN

A time-invariant linear system may generally be written in the form

[s o]

y(t)=J ) h(u)x(t —u) du (9.1)

1n continuous time, or

= Z hex, (9.2)
k=—uw0

in discrete time. The weight function, h(x) in continuous time or {h,} in
discrete time, provides a description of the system in the time domain. This
function is called the impulse response function of the system, for reasons which
will become apparent later.

It is clear that equations (9.1) and (9.2) are linear. The property of time
invariance ensures that the impuise response function does not depend on t.

The system is said to be physically realizable or causatl if

or
=0 k<0

Engineers have been principally concerned with continuous-time systems but
are increasingly studying sampled-data control problems. Statisticians

PR NI, P Aicmvnats dntn amd o~ tha .-..k nnnnnnn t Aiarmiogintm 1o sainl

gcllCldlly WOIK WlLll aisSCIei€ adta ana so e uUDCLlLI.ClJ.'L UIDLVUDDIVILL 1D 1uauuy
concerned with the discrete case.

We will only consider stable systems for which any bounded input produces
a bounded output, although control engineers are frequently concerned with
the control of unstable systems. A sufficient condition for stability is that the
impulse response function should satisfy

Y |hl<C
P

9.2.1 Some types of linear system

The linear filters introduced in Section 2.5.2 are examples of linear systems.
For example the simpie moving average given by

V=X, o1 +X,+x,,,)/3
has impulse response function

h_{1/3 k=—1,0, +1
k= \0 otherwise
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Note that this filter is not ‘physically realizable’, although it can of course be
used as a mathematical smoothing device.

Another general class of linear systems are those expressed as linear
differential equations with constant coefficients in continuous time. For

LR ¥ o] ol S

example, if 7" is a constant, then

r 0 =x
a7

is a description of a linear system. In discrete time, the analogue of differential
equations are difference equations given by
Vet o, Vy, +0,V2p,+ o =Box,+ B, Vx,+ B,Vix, + - - (9.3)
where Vy, =y, —y,_,. Equation (9.3) can be rewritten as
VZw=a1y, 1 tay, ..+ +byx,+bx,_,+ - 9.4)

It is clear that equation (9.4) can be rewritten in the form (9.2) by successive
substitution. For example if

= %yz -1tX,
then we find
y1=xt+%xz—1 +%x1—2 S
so that the impulse response function is given by

- &* k=0,1,...
0 k<0

Two very simple linear systems are given by

Yi=X, -y (9.5)
calied simple delay, where the integer d denotes the delay time, and
yi=gx, (9.6)

called simple gain, where g is a constant called the gain. The impulse response
functions of (9.5) and (9.6) are

B - 1 k=d
00 otherwise
and
k=0

g
0 otherwise

respectively.
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In continuous time, the impulse response functions of simple delay and
simple gain, namely

vy =x(t—r1)
and

y(t)=gx{t)

can only be represented in terms of the Dirac delta function (see Appendix B).
The functions are o(u—1) and go(u) respectively.

An mmportant class of impuise response functions, which often provides a
reasonable approximation to physically realizable systems, is given by

flge “ "TYT  u>t
h(u)=
0 u

A function of this type is called a delayed exponential, and depends on three
constants, g, T and 1. The constant 7 is called the delay. When 1 =0, we have
simple exponential response. The constant g is called the gain, and represents

1 ades tn tha
thp "‘”’“*”al Cha*}g" in r\nfpnt When a Sfey Chauge Of Uunt Size 1S Maae (o e

input. The constant T'governs the rate at which the output changes. Figure 9.1
shows how the output to a delayed exponential system changes when a step
change of unity is made to the input.

A

T

The impulse response function describes how the output is related to the input
of a linear system (see equations (9.1) and (9.2)). The name ‘impulse response’
arises from the fact that the function describes the response of the system to an
impulse input of unit size. For example, in discrete time, suppose that the input
x, is zero for all t except at time zero when it takes the value unity, so that
xo=1. Then the output at time ¢ is given by

o frnm fhp nnlt imnuy lsr-\ innit 18 f!f\

i Ui lillyul Y S il LAL

t t u
impulse response functlon, and this explains why engineers often prefer the
description ‘unit impulse response function’.

A Ccamae
W LRI

w
[
[¢']

(2]
a x

9.2.3 The step response function

An alternative, equivalent, way of describing a linear system in the time
domain is by means of a function called the step response function, which is
defined by
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Figure 9.1 A delayed exponential response to a unit step change in input, showing

graphs of, (a) impulse response function; (b) input; (c) output.

i
S(t)= J(' hiu) du

in continuous time, and

in discrete time.

p—
(=]
~J

——

—
O
o ]

S’

The name ‘step response’ arises from the fact that the function describes the
response of the system to a unit step change in the input. For example, in

discrete time, suppose that the input is given by

_ 0 t<0
=91 >0
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Then
J’.=Z hkxz—k= Z hk=Sz
k k<t

so that the output is equal to the step response function.

Engineers sometimes use this relationship to measure the properties of a
physically realizable system. The input is held steady for some time and then a
unit step change is made to the input. The output is then observed and this
provides an estimate of the step response function, and hence of its derivative,
the impulse response function. A step change in the input may be easier to
provide than an impuise.

The step response function for a delayed exponential system is given by

St)y=g[l—e"t9/T] t>1 (9.9)

and the graph of y(t) in Figure 9.1 is also a graph of S(t).

9.3 LINEAR SYSTEMS IN THE FREQUENCY DOMAIN

of describing a linear system is by means of a function,
called the frequency response function or transfer function, which is the
Fourier transform of the impulse response function. It is defined by

H(w)zjgO hu)e ““du  O<w<oo (9.10)

in continuous time, and

H)=) ke ™ 0O0<w<n (9.11)
K
in discrete time.

The frequency response and impulse response functions ar e equivalent ways
of describing a linear system, in a somewhat similar way that the
autocovariance and power spectral density functions are equlvalent ways of
describing a stationary stochastic process, one function being the Fourier
transform of the other We shall see that, for some purposes, H{(w) is much
more useful than h(u). First we prove the following theorem.

Theorem 9.1 A sinusoidal input to a linear system gives rise, in the steady
state, to a sinusoidal output at the same frequency. The amplitude of the
sinusoid may change and there may also be a phase shift,

Proof The proof is given for continuous time, the extension to discrete
time being straightforward. Suppose that the input to a linear system, with
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impulse response function h(u), is given by
x(t)=cos wt for all ¢

Then the output is given by

y(t)y= [m h(u)cos w(t —u) du (9.12)

- a0

Now cos(4 — B)=cos A4 cos B+sin A sin B, so we may rewrite (9.12) as
®© ff

h(u)cos wu du +sin wt J h(u)sin wu du

— a0

y(t)=cos wt

= a0

O

=]

Asthe two integrals d

LS tiiw

int ot depend on t, it is now obvious that y(t) is a mixture
of sine and cosine terms at frequency . Thus the output is a sinusoidal
perturbation at the same frequency w as the input.
If we write

a0

G(w)=[42(©)+ B*w)] ©9.13)
/A(w) (9.14)

then
y(t) = A(w)cos wt + B(w)sin wt
= G(w)cos[wt + ¢p(w)] (9.15)

Equation (9.15) shows that a cosine wave is amplified by a factor G(w), which
is called the gain of the system. The equation also shows that the cosine wave is
shifted by an angle ¢(w), which is called the phase shift. Note that both the gain
and phase shift may vary with frequency. From equation (9.14) we see that the
phase shift is apparently not uniquely determined. If we take the positive
square root in equation (9.13), so that the gain is required to be positive, then
the phase shift is undetermined by a multiple of 2z (see also Sections 8.2 and
9.3.2).

We have so far considered an input cosine wave. By a similar argument it
can be shown that an input sine wave, x(t)=sin wt, gives an output
y(t)=G(w) sin[wt + ¢(w)], so that there is the same gain and phase shift. More
generally if we consider an input given by

x(t) =€ =cos wt +1 sin wt
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then the output is given by
y(t) = G{w){cos[wt + ¢(w)] +i sin[wt + ¢(w]}
— G(w)ei[wr + ¢(w)]
= G(w)e*x(t) (9.16)

nations (9.13) and 914)

Fandy u;x

G(w)ei*@ = A(w)~lB( )

h(u cos wu—1 sin wu) du

H

a0

J —iwu du
H(w

i

2) ©.17)

So when the input in equation (9.16) is of the form &', the output is given
simply by frequency response function times input, and we have (in the steady-
state situation)

y(t)= H({w)x(t) (9.18)
This completes the proof of Theorem 9.1.

Transients The reader should note that Theorem 9.1 only applies in the
steady state where it 1s assumed that the input sinusoid was applied at t = — 0.

Ifin fact the sinusoid is applied at say t =0, then the output will take some time
to settie to the steady-state form given by the theorem. The difference between
the observed output and the steady-state output is called the transient
component. The system is stable if this transient component tends to zero as
t—00. If the relationship between input and output is expressed as a
differential (or difference) equation, then the steady-state solution corres-
ponds to the particular integral, while the transient component corresponds to
the complementary function.

It is easier to describe the transient behaviour of a linear system by using the
Laplace transform of the impulse response function. Engineers also prefer the
Laplace transform as it is defined for unstable systems. However, statisticians
have customarily dealt with steady-state behaviour and used Fourier

trancfarm m
transforms, and we will continue this custom. Nevertheless this is certainly an

aspect of linear systems which statisticians should look at more closely.

1 =~ 4o 2 am e o

19.11 c‘p to introduc
inputs consisting of an

Discussion of Theorem 9.1 Th

11
of the frequency response function. Fori

UJ
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change it is easy to calculate the output using the impulse response function.
But for a sinusoidal input, it is much easier to calculate the output using the
frequency response function. (Compare equations (9.12) and (9.18).) More
generally for an input consisting of several sinusoidal perturbations, namely

x(t)= Z Afw,)e'd

it is easy to calculate the output using the frequency response function as

Y(6)=Y Afw)H(w e

Thus a comphcated convolutlon m the tlme domaln as in equatlon 9. 12)
that linear systems are often easier to study in the frequency domain.
Returning to the definition of the frequency response function as given by
equations (9.10)and (9.11), note that some authors define H(w) for negative as
well as positive frequencies. But for real-valued processes we need only
consider H(w) for w> 0. Note that, in discrete time, H(w) is only defined for
frequencies up to the Nyquist frequency = (or n/At if there is an interval At
between successive observations). We have already introduced the Nyquist
frequency in Section 7.2.1. Applying similar tdeas to a linear system, it is clear
that a sinusoidal input which has a higher frequency than n will have a
corresponding sinusoid at a frequency in (0, =) which gives identical readings
at unit intervals of time and which will therefore cnvp rise to an identical

Aealay 22ARA VOIS VUL RALLAN il Wikl i a3% e iivitwiss

output.

We have already noted that H(w) is sometimes called the frequency
responsc function and somectimes the transfer function. We will use the former
term as it is more descriptive, indicating that the function shows how a linear
system responds to sinusoids at different frequencies. In any case the term
‘transfer function’ is used by some authors in a different way. Engineers use the
term to denote the Laplace transform of the impulse response function (see
Appendix A). For a physically realizable stable system, the Fourier transform
of the impulse response function may be regarded as a special case of the
Laplace transform. A necessary and sufficient condition for a linear system to
be stable is that the Laplace transform of the impulse response function should
have no poles in the right half-plane or on the imaginary axis. For an unstable
system, the Fourier transform does not exist, but the Laplace transform does.
But we will only consider stable systems, in which case the Fourier transformis

adequate. Note that Jenkins and Watts (1968) use the term ‘transfer function’
to denote the Z transform of the impulse response function (see Appendlx A)

I'Iﬂﬂl* I'\" ar ‘T'lﬂﬁﬁfﬂ ey
in the discrete case. Z transforms are also used by engineers fo

systems (e.g. Schwarz and Friedland, 1965).



"SUOIBAIISQO JAISS00NS 2211 Jo aFeiaae Buirow ajdus  (9) 11931y ssed-y3iy € (q) ‘1911y ssed-mo[ & (€) ‘10j swesdeip uiey 7'6 3Ny

"

(™9

(Q)

(™9

(€)

ﬂ (@)D



.,.-J
O3
«©

Linear systems in the frequency domain

9.3.2 Gain and phase diagrams

The frequency response function H(w)of a linear system is a complex function
which may be written in the form

H(w)=G(w)e"*

where G{w), ¢(w) are the gain and phase respectively — see equations (9.13)
and (9.14). In order to understand the frequency properties of the system, it
is useful to plot G(w) and ¢(w) against w to obtain what are called the gain
diagram and the phase diagram. If G(w) is ‘large’ for low values of w, but
‘small’ for high values of w, as in Figure 9.2(a), then we have what is called a
low-pass filter. This description is self-explanatory in that, if the input is a
mixture of variation at several different frequencies, only those components
with a low frequency will ‘get through’ the filter. Conversely, if G(w} is ‘small’
for low values of @, but ‘large’ for high values of w, then we have a high-pass
filter as in Figure 9.2(b).

Plotting the phase diagram is complicated by the fact that the phase in
equation (9.14) is not uniquely determined. If the gain is always taken to be
positive, then the phase is undetermined by a multiple of 2z and is often
constrained to the range (— 7, n). The (complex) value of H(w) is examined to
see which quadrant it is in. If G(w) can be positive or negative, the phase is
undetermined by a muitiple of = and is often constrained to the range
(— /2, 7/2). These different conventions are not discussed adequately in
many books (Hause, 1971, p. 214). In fact there are physical reasons why
engineers prefer to plot the phase as a continuous unconstrained function,
allowing G(w) to be positive or negative, and using the fact that ¢(0)=0

provided G(0) is finite.

9.3.3 Some examples
Example 9.1 Consider the simple moving average
o= (%, 1+ X+ X,41)/3
which is a linear system with impulse response function

{13 k=—1,0, +1
10 otherwise

The frequency response function of this filter is (using equation (9.11))

1 —iw 1 1 iw
H((I))=§€ +§+-3‘C
1+2cos O<w<
= — — «) T
373 @
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This function happens to be real, not complex, and so the phase appears to be
given by
¢(w)=0 O<w<n

However, H(w)is negative for w > 27/3, and so if we adopt the convention that
the gain should be positive, then we have

Ii 2 ]
G(w)= ’5 §cosw'
1 2
J 3t3cse  0<w<2n3
L _% g cosw  2nfi<w<n
and
0 O<w<2n/3
¢(w)=gn 2nf3i<w<n

The gain is plotted in Figure 9.2(c) and is of low-pass type. This is to be
expected as a moving average smooths out local fluctuations (high- frequency
variation) and measures the trend (the low-frequency variation). In fact it is
probably more sensible to allow the gain to go negative in (27/3, m) so that the
phase is zero for all w in (0, 7).

Example 9.2 A linear system showing simple exponential response has
impuise response function

h(w)=ge ™T/T  u>0
Using (9.10), the frequency response function is
Hw)=g(1-ioT)/(1+w?*T?) >0

Hence

f-\

As the frequency increases, G(w) decreases so that the system is of low-pass
type. As regards the phase, if we take ®(w) to be zero at zero frequency, then
the phase becomes increasingly negative as w increases until the output is out
of phase with the input (see Figure 9.3).

Example 9.3 Consider the linear system consisting of pure delay, so that

y(t)y=x(t—1)
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Figure 9.3 Phase diagram for a simple exponential response system.

where 7 is a constant. Jenkins and Watts (1968) give the impulse response
function as

where d denotes the Dirac delta function (see Appendix B). Then the frequency

response function is given by

Adwies v.‘ 23 Be

w3iiin

c y 1 fu ns by
Theorem 9.1. Suppose that input x(t)=e*" is applied to the system Then the
output is y(t)=e'“¢ P =g~ " x input. Thus, by analogy with equation (9.18),
we have H{w)=¢e ™"

For this linear system, the gain is constant, namely

[¢]

G(w)=1

while the phase is given by
dlw)= —owrt

9.3.4 General relation between input and output

We have, so far, considered only sinusoidal inputs in the frequency domain. In

this section we consider any type of input and show that it is generally easier to

work with linear systems in the 1reqm:ncy domain than in the time domain.
The general relation between input and output in the time domain is given

by equation (9.1), namely

y(t)='r0 h{u)x(t—u) du (9.19)

— o
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When x(t) is not of a simple form, this integral may be hard to evaluate. Now
consider the Fourier transform of the output, given by

Y(w)= [ y(t)e ™ dt

’

i

i IV igou o Noo— it — ) e .
n(u)e X{i—u)e ™V T dudt

).
[~
Jow
&
)

But
j x(t—u)e "t dtz.[ x(t)e ™" dt

— 0 - QO

for all values of u, and is therefore the Fourier transform of x(t) which we will
denote by X(w). And

Jw h(u)e ™" du= H(w)

so that
Y(w)=H(w)X(w) (9.20)

Thus the integral in (9.19) corresponds to a multiplication in the frequency
domain provided that the Fourier transforms exist. A similar result holds in
discrete time.

A more useful general relation between input and output, akin to
equation (9.20), can be obtained when the input x(¢) is a stationary process
with a continuous power spectrum. This result will be given as Theorem 9.2.

Theorem 9.2 Consider a stable linear system with gain function G(w).
Suppose that the input X(¢) is a stationary process with continuous power
spectrum f,(w). Then the output ¥(t)is also a stationary process, whose power
spectrum f (w) is given by

fw)=G* (oY () (9.21)
Proof The proof will be given for cvntln, us time, but the same result
holds for dlscrete time. Let us denote the impulse response and frequency

response functions of the system by h(u), H(w) respectively. Thus
ey = 1remi
Wiy Ill \W}l.

Itiseasy to show that a stationary input to a stable linear system gives rise to
a stationary output and this will not be shown here. For mathematical

convenience, let us assume that the input has mean zero. Then the output
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Y(t)= J{'_oo h(u)X(t —u) du

also has mean zero.
Denote the autocovariance functions of X(t), Y{t) by y.(t), 7,(t) respectively.

Then
yy(t)zE[Y(t)Y(tJrr)] since EfY(t)]=0

=E(“m h{u)X(t —u) du (m h(u’)X(H»t—u’)du'—l
LJ-w J-w i

= ” h(wh(u )ELX(t—u)X(t+1—u')] du du’
JJ-=o
But
E[X(t~u)X(t+1:—u')]=yx(f—u"+u)
Thus

y(1)= jj ’ h{w)h(u' )y (t—u +u) du du’ (9.22)

- 0

The relationship (9.22) between the autocovariance functions of input and
output is not of a simple form. However, if we take Fourier transforms of both
sides of (9.22) by multiplying by e~ i“’/z and integrating with respect to 7, we
find for the left-hand side

! fm y (e ¥ dr=f (w)
o .

from equation (6.17), while for the right-hand side

Jj ) h(u)h{u') |:71~I [jo yx(r—u’+u)e"i“”er du du'

% , Tt re \ . ]
=Jf h(u)e™“h(u’)e " LE J po (T — 1 e T er du du’

-0 —

But

| S . . | B .
U7 e rodi= {7 g e di=fw)
n T

- ®

forall u, &, and (denoting the complex conjugate of H(w) by H(w))

j\w h(u)eiwu — m

-

= G(w)e
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Thus
f(w)= H(w)H(®)f ()
=G*(w)f ()
This completes the proof.

The relationship between the spectra of the input and the output of a linear
system is a very simple one. Once again a result in the frequency domain
(equation (9.21)) is much simpler than the corresponding result in the time
domain (equation (9.22)).

Theorem 9.2 can be used to evaluate the spectrum of some types of
stationary process in a simpler way to that used in Chapter 6, where the

12 2] £ 1ln o ..,J thn
method was to evaluate the autocovariance function of the process and then

find its Fourier transform. Several examples will now be given.

X=BoZi+ - +B, 7,

where Z, denotes a purely random process with variance ¢. This equation
may be regarded as specifying a linear system with {Z} as input and {X;} as
output, whose frequency response function is given by

R p—iwj
Vi~

i
=
—

I
1]
i

As {Z} is a purely random process, its spectrum is given by (see equation
(6.19))
fo(@)=a}/n

Thus, using (9.21), the spectrum of {X } is given by

q 2
fx(w) - Z I‘DJt %/TI
For example, for the first-order MA process
X=24+pZ,_, (9.23)
we have
Hw)=1+8e7 '
and

G*(w)=|H(w)|*=(1+ B cos w)*+ p? sin* w
=1+28 cos w+ p*
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s0 that f(w)=(1+28 cos w+ B?)o3/n as already derived in Section 6.5
This type of approach can also be used when

ha gmactriim

{Z,} is not a purely random
filw)=

process. For example suppose that the {Z} process in equation (9.23) has
aI'Dl[I'aI'y SpCC[IUIIIJZ\UJ) l ucu lllb Sl i Ul A f 1S pAVIAL U
(b) Autoregressive process

fIYYicolven by

(1428 cos w+ B2)f3(

The first-order AR process

XIaAXt_I-{-Z,

from input X, by

may be regarded as a linear system producing output X, from input Z,. [t may
also be regarded as a linear system ‘the other way round’, producing output Z,
t

Z=X—aX,_,
This formulation has frequency response function

Hw)=1—ae ™
and gives the desired result in a mathematically simpler way. Thus

GHw)=1-2acos w+a
and so

fz(w )=
Butif {Z} de

,-

(1 —2a cos w+0o?)f (@)
equation (9.2

(9.24)
notes a purely random process with spectrum fz(w)
4) may be rewritten to evaluate f(w) as

felw)=

=04/7, then
o2/m(l —2x cos w+a?)

which has already been obtained as equation (6.23) by the earlier method
This approach may also be used for higher-order AR processes
(c) Differentiation

Consider the linear system which converts a continuous input X(t)into output
Y(t) by

dX(z
Y(t) = —Q
d
A differentiator is of considerable m
omy approx1mauons to it are pi

(9.25)

athematical interest, although in practice
‘J sic uuu rpqhvnh]P

If the input is sinusoidal, X(t

AL LG raw

'™ then the output is given by
Y(t)=iw "
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so that, using (9.18), the frequency response function is
H(w)=

If the input is a stationary process, with spectrum f, (w), then it appears that the
output has spectrum

w) = [iow|*f (@
=w’f (w) (9.26)

However, this result assumes that the linear system (9.25) is stable, when in
fact it is only stable for certain types of input process. For example, it is clear
that the response to a unit step change is an unbounded impulse. In order for
the system to be stable, the variance of the output must be finite. Now

w0

var[Y(t)]= [ f(w)dw

[}
v U

=Jw w*f () dw
0

But, using equation (6.18), we have
}’x(k)=Jr f(w)cos wk dw
]

and

w*f (w)cos wk dw

d¥, () _ [w
dk?

so that

9.3.5 Linear systems in series

requency domain are also evident when we
The advantages of working in the frequency domain are also evident when we

consider two or more linear systems in series (or in cascade). For example
Figure 9.4 shows two linear systems in series, where the input x(t) to system [
produces output y(t) which in turn is the input to system II producing output
z(t). Itis often of interest to evaluate the properties of the overall system, which
is also linear, where x(t) is the input and z(¢) is the output. We will denote the
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x(t) ——— SYSTEM 1 "'—.(')_ SYSTEM I —————— 2 (¢}
ylt

Figure 9.4 Two linear systems in series.

impulse response and frequency response functions of systems I and IT by
hy(u), hy(u), H,(w) and Hy(w).

In the time domain, the relationship between x(¢) and z(t) would be in the
form of a double mtegral involving h,(x) and h,(u), which is rather
complicated. But in the frequency domain we can denote the Fourier

transforms of x(z), y(t), z(t) by X(®), Y(®), Z(w) and use equation (9.20). Then
Y(w)=H,(w)X(w)

and
Z(w)=H,(w)Y(w)
= Hy(w)H, (@) X(@)
Thus it is easy to see that the overall frequency response function of the

H(w) = Hy () H, () 9.27)

H(w)=G6, (w)ei®r
H,(w)= G, (w)e'*

then
H(w)":Gl(a)) ( ) i[¢,(w)+¢2(w)]
Thus the overall gain is the product of the component gains, while the overall

phase is the sum of the component phases.

The above results are eas:ly extended to the situation where there are k
linear systems in series with respective frequency response functions
H,(w), ..., H{w). The overall frequency response function is

n

H(w)=H, (0)H,(w) ... H{w)

- K

936 Design of filters

The results of this section enable us to consider in more depth the properties of
the filters introduced in Section 2.5.2. Given a time series {x,}, the filters for
estimating or removing trend are of the form

Y::Z hix, i
k
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and are clearly linear systems with frequency response function

H(w)=Y h, e~ ik
k

If the time series has spectrum f,(w), then the spectrum of the smoothed series
1s given by

where G(w)=|H(w)|.

How do we set about choosing an appropriate filter for a time
design of a filter involves a choice of {h,} and hence of H(w) and G(w). Two
types of ‘ideal’ filter are shown in Figure 9.5. Both have sharp cut-offs, the low-
pass filter completely eliminating high-frequency variation and the high-pass
filter completely eliminating low-frequency variation.

But ‘ideal’ filters of this type are impossible to achieve with a finite set of
weights. Instead the smaller the number of weights used, the less sharp will
generally be the cut-off property of the filter. For example the gain diagram of
a simple moving average of three successive observations (Figure 9.2(c)) is of
low-pass type but has a much less sharp cut-off than the ‘ideal’ low-pass filter
(Figure 9.5(a)). More sophisticated moving averages such as Spencer’s 15-
point moving average have much better cut-off properties.

The differencing filter (Section 2.5.3), for removing a trend, of the form
V=X =X
has frequency response function
Hw)=1—e "
and gain function
Glw)=/[2(1—cos w)]
which is plotted in Figure 9.6. This is indeed of high-pass type, but the cut-off

G{w) Glw) *
0

{a} {b

Figure9.5 Two types ofideal filter, (a)a low-pass filter or trend estimator; (b)a high-
pass filter or trend eliminator.
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Figure 9.6 The gain diagram for the difference operator.

poor and this should be borne in mind when working with

9.4 IDENTIFICATION OF LINEAR SYSTEMS

We have so far assumed that the structure of the linear system under
consideration is known. Given the impulse response function of a system, or
equivalently the frequency response function, we can find the output
corresponding to a given input. In particular, when considering the properties
of filters for estimating trend and seasonality, a formula for the ‘system’ is
given.

But many problems concerning linear systems are of a completely different
type. The structure of the system is not known and the problem is to examine
the relationship between input and output so as to infer the properties of the
system. This procedure is called the identification of the system. For example,
suppose we are interested in the effect of temperature on the yield from a
chemical process. Here we have a physical system which we assume, initially at
least, is approximately linear over the range of interest. By examining the
relationship between observations on temperature (the input) and yield (the
output) we can infer the properties of the chemical process.

The identification process is straightforward if the input to the system can de
controlled and if the system is ‘not contaminated by noise’. In this case, we can
simply apply an impulse or step change input, observe the output, and hence
estimate the impulse response or step response function. Alternatively we can
apply sinusoidal inputs at different frequencies and observe the amplitude and
phase shift of the corresponding sinusoidal outputs. This enables us to
evaluate the gain and phase diagrams.

But many systems are contaminated by noise as illustrated in Figure 9.7,
where N(t) denotes a noise process. This noise process may not be white noise
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& NOISE
Nit)

LINEAR QUTPUT
—
X(t) SYSTEM = v(t)

Figure 9.7 A linear system with added noise.

(i.e. may not be a purely random process), but is usually assumed to be
uncorrelated with the input process X(t).

A further difficulty arises when the input is observable but not controllable.
In other words one cannot make changes, such as a step change, to the input.
For example, attempts have been made to treat the economy as a linear system
and to examine the relationship between variables like price increases (input)
and wage increases (output). But price increases can only be controlled to a
certain extent by governmental decisions, and there is also a feedback problem
in that wage increases may in turn affect price increases (see Section 9.4.3).

When the system is affected by noise and/or the input is not controllable,

more refined techniques are required to identify the system. We will describe

two alternative approaches, one in the frequency domain and one in the time
domain. In Section 9.4.1 we show how cross-spectral analysis of input and
output may be used to estimate the frequency response function of a linear
system. In Section 9.4.2 we describe a method proposed by Box and Jenkins
(1970) for estimating the impulse response function of a linear system.

9.4.1 Estimating the frequency response function

Suppose that we have a linear system with added noise, as depicted in
Figure 9.7, where the noise is assumed to be uncorrelated with the input and to
have mean zero. Suppose also that we have observations on input and output
over some time period and wish to estimate the frequency response function of
the system. We will denote the (unknown) impulse response and frequency
response functions of the system by h(u), H(w) respectively.

The reader may think that equation (9.21), namely

fl@)=G*()f(w)

can be used to estimate the gain of the system. But this equation does not hold
in the presence of noise N(t), and does not in any case give information about
the phase of the system. Instead we will derive a relationship involving the
cross-spectrum of input and output.

In continuous time, the output Y(t) is given by
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Y(t)= Jr " h)X(t —u) du+ NQ) (9.29)
0

are only considering physically realizable systems, so that h(u)is
0. For mathematical convenience we assume E[ X(¢)]=0 so that
E[¥(1)]=0, but the following results also hold if E[X (1)] #0. Multiplying

n (9.29) by X(t—1) and taking expectations, we have

E[N(HX(t—1)]=0

since N(1) is assumed to be uncorrelated with input, so that

TakT) = { h{u)y {1 —u) du (9.30)
Jo
where y,, is the cross-covariance function of X(t) and Y(t), and y,, is the
autocovariance function of X(¢). Equation (9.30) is called the Wiener-Hopf
integral equation and, given y,,and y,, can in principle be solved to find the
impulse response function h(u). But it is often easier to work with the
corresponding relationship in the frequency domain.
First we revert to discrete time and note that the discrete-time analogue of
equation (9.30) is

’})xy(r)z Z hk’})xx(r_k) (931)
k=0

Take Fourier transforms of both sides of this equation by multiplying by
e~/ and summing from 1= — 0 to + co. Then we find

fu@)= 3 3 ety (t—kje P/

t=—ow k=0

= i h e f ()
k=0

1rs NI

= H{w)f (@) (9.32)

wheref,, is the cross-spectrum of input and output and f, is the (auto)spectrum
of the input. Thus, once again, a convolution in the time domain corresponds
to a multiplication in the frequency domain.

Estimates of f, (w) and f,(w) can now be used to estimate H(w) using (9.32).
Denote the estimated spectrum of the input by f, (), and the estimate of f.,,
obtained by cross-spectral analysis, by fxy(co). Then

H(w)=f,,(@)/f ()

We usually write

H(w)=G(w)"*"
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and estimate the gain and phase separately. We have

Glw)=|H(w)|=|f,(@)/f. ()
=|f,(@)|/f{w)  sincef (w) is real
—4,,(@)f. () (9.33)

We also find

v

tan
Lisa

(w): —-é(n))/é(n)) (934)

where g(w), c(w) are the quadrature and co-spectra, respectively (see
equation (8.14)).

Thus, having estimated the cross-spectrum, equations (9.33) and (9.34)
enable us to estimate the gain and phase of the linear system, whether or not
there 1s added noise.

avah o RIARARES 2

We can also use cross-spectral analysis to estimate the properties of the
noise process. The discrete-time version of equation (9.29) is

Y, = Z hX .+ N, (9.35)
k=0
For mathematical convenience, we again assume that E(N,)= E(X,) =0 so that
E(Y,)=0. If we multiply both sides of (9.35) by ¥,_,,, we find
VY, = EhX _ +N)ERX i+ N )
Taking expectations we find
To(m) =2 3 hhpo(m—k+])+7,,(m)
koJ

since {X,} and {N,} are assumed to be uncorrelated. Taking Fourier transforms
of both sides of this equation, we find
1,(@)= H(@)H(@)f(0)+],(@)
But
H(w)H{®)=G*(®)
= C(w)f,(@)/f(w)
so that
Slw)=f(0)[1-C(w)] (9.36)

Thus an estimate of f,(w) is given by

filw)=f,(@)[1-C(w)]
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Equation (9.36) also enables us to see that if there is no noise, so that there is a
pure linear relation between X, and Y,, then f (w)=0and C(w)=1forall . On
the other hand if C(w)=0 for all w, then f (w)=f,(w) and the output is not
lmearlv related to the 1nnut This confirms the nglnt mentioned in Chapter bl

that the coherency C(w) measures the linear correlation between input and
output at frequency w.

The results of this section not only show us how to identify a linear system
by cross-spectral analysis, but also give further guidance on the interpretation
of functions derived from the cross-spectrum, particularly the gain, phase and
coherency. An example, involving a chemical process, is given by Goodman et
al. (1961}, while Gudmundsson {1971) describes an economic application of
cross-spectral analysis.

In principle, estimates of the frequency response function of a linear system
may be transformed to give estimates of the impulse response function
{Jenkins and Watts, 1968, p. 444) but I do not recommend this. For instance
Example 8.4 appears to indicate that the sign of the phase may be used to
indicate which series is leading’ the other. But Hause (1971) has shown that
for more complicated lagged models of the form

Y =

k

L (9.37)

s

0

which are called distributed lag models by economists, it becomes increasingly
difficult to make inferences from phase estimates. Hause concludes that phase
leads and lags will rarely provide economists with direct estimates of the time-
domain relationships that are of more interest to them.

9.4.2 The Box-Jenkins approach

)

This section gives a brief introduction to the method proposed by

G. E. P. Box and G. M. Jenkins for identifying a physically realizable hnear
system in the time domain, in the presence of added noise. Further details can

UC lUUIlU lll DUA dllU JCLU‘.Ile {17 IU}
The input and output series are both differenced d times until both are

stationary, and are also mean-corrected. The modified series will be denoted
by {X.}, { 1.}, respectively. We want to find the impuise response function {h,}
of the system, where

o
Y, = Z hX .« +N, (9.38)
k=0
The ‘obvious’ way to estimate {h,} is to multiply through equation (9.38} by
X _, and take expectations to give

Yay(M)=hoYox(m)+hyy (m—1)+ - (9.39)
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assuming that N, is uncorrelated with the input. If we assume that the weights
{h,} are effectively zero beyond k=K, then the first K+ 1 equations of type
(9.39) for m=0,1,...,K, can be solved for the K+1 unknowns
ho, hy, - . ., hg, on substituting estimates of y_ and y, .. Unfortunately these
equatlons do not, in general, provide good estimators for the {h,}, and, in any
case, assume knowledge of the truncation point K. The basic trouble, as

alreadv noted in Section 8 1 7 is that autocorrelation within the innut and

CGALVGM Y MUV B WUvwnauas O, ALV LA WA LA LE YR A LIMIAL LEAV QMipSNeL

output series will increase the variance of cross-correlation estimates.

Box and Jenkins (1970) therefore propose two modifications to the above
procedure. First, they suggest ‘prewhitening’ the input before calculating the
sample cross-covariance function. Secondly, they propose an alternative form
of equation (9.37) which will in general require fewer parameters. They
represent the linear system by the equation

K—(Sl }It—l— T mar)/t—r
=WoXy =W Xy = —OX (9.40)

This is rather like equation (9.4), but is given in the notation used by Box and
Jenkins (1970) and involves an extra parameter b, which is called the deiay of
the system. The delay can be any non-negative integer. Using the backward
shift operator B, (9.40) may be written as

3(B)Y,=w(B)X,_, (9.41)
where
0(B)y=1—9,B— - —90,B
and
wB)=w,—w,;B—"+ —w,B*
Box and Jenkins (1970) describe equation (9.41) as a transfer function model,

which is a potentially misleading descrlptlon in that the term ‘transfer
function’ is often used to describe some sort of transform of the impulse

erpUﬂbC lLllel.lUﬂ
The Box-Jenkins procedure begins by fitting an ARMA model to the
(differenced) input. Suppose this model is of the form (see Section 3.4.5)

$(B)X,=0(B)a,

where {a,} denotes a purely random process, in the notation of Box and
Jenkins. Thus we can transform the input to a white noise process by

$(B)0~'(B)X, =0,
Suppose we apply the same transformation to the output, to give

¢(B)0~(B)Y, =B,
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and then calculate the cross-covariance function of the filtered input and
output, namely {«,} and {,}. It turns out that this function gives a better
estimate of the impulse response function, since if we write

h(B)=hy+h,B+h,B* +
so that
Y,=h(B)X + N,
I Al Ak 4 t
then
R Aoy
P =@B)U (D},
1
=¢(B)0 (B)[W(B)X,+ N]

h(B)o,+ $(B)8™ (BN,

and
Vap(m)=h, Var(x,) (9.42)

since {a,} is a purely random proccss and N, is uncorrelated with {oc,}
L,quadOﬁ [7 'u,} is of a much buuplcr form to cquauon (9. 37) If we denote the
sample cross-variance function of o, and g, by c,,, and the observed variance of
o, by sZ, then an estimate of h,, is given by

Cy(m)/s? (9.43)

These estimates should be more reliable than those given by the solution of
equations of type (9.39).

Box and Jenkins (1970) give the theoretical impulse response functions for a
variety of models of type (9.40) and go on to show how the shape of the
estimated impulse response function given by (9.43) can be used to suggest

appropriate values of the integers 7, b and sin equation (9.40). They then show
how to obtain least squares estimates of 8,, 8,, . . . , w,, w,, . . ., given values
of r, b and s. These estimates can in turn be used to obtam refined estimates of
{h,} if desired.

Box and Jenkins go on to show how a model of type (9.40), with added
noise, can be used for forecasting and control. Some successful case studies
have now been published (e.g. Jenkins, 1979; Jenkins and Mcleod, 1982) and
the method looks potentially useful. However, it should be noted that the main
example discussed by Box and Jenkins (1970), using some gas furnace data,
has been criticized by Young (1984) and Chatfield (1977, p. 504) on a number
of grounds, including the exceptionally high correlation between input and
output which means that virtually any identification procedure will give good
results.

A modification to the Box-Jenkins procedure has been proposed by Haugh
and Box (1977) in which separate models are fitted to both the input and the
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output before cross-correlating the resuiting residual series. Further exper-
jence is needed to see if this is generally advisable. The modified procedure has
been used by Pierce (1977) to assess the relationship between various pairs of
economic series, and he shows that, after taking account of autocorrelation

within each series, there is usually very little correlation left between the
residual series. Pierce discusses how to reconcile these results with the views of
economists.

The question as to when it is better to use cross-spectral analysis or a time-
domain parametric model approach is still unresolved, though it has been
discussed by a number of authors (e.g. Astrom and Eykhoff, 1971). It seems to
me to be unwise to attempt to make general pronouncements on the relative
virtues of time-domain and frequency-domain methods. The two approaches
appear to be complementary rather than rivals, and 1t may be helpful to try
both.

A transfer function model may be regarded as a special case of a multivariate
ARIMA model (see Section 12.3). If the open-loop nature of the datais open
to question, perhaps because of the presence of feedback (see Section 9.4.3),
then it may be advisable to try to fit the more general multivariate ARIMA
model.

In conclusion, it is worth noting that a similar method to the Box-Jenkins

....... |
approach has been independently developed by two control engineers,

K. J. Astrom and T. Bohlin. This method also involves prewhitening and a
model of type (9.40) (Astrom and Bohlin, 1966, Astrom, 1970), but does not
discuss identification and estimation procedures in equal depth. One
difference in the Astrom-Bohlin approach is that non-stationary series may be
converted to stationarity by high-pass filtering methods other than differenc-

ng.

9.4.3 Systems involving feedback

A system of the type illustrated in Figure 9.7 is called an open-loop system, and
the procedures described in the previous two sections are appropriate for data
collected under these conditions. But data are often collected from systems
where some form of feedback control is being applied, and then we have what is
called a closed-loop system as illustrated in Figure 9.8. For example, when
trying to identify a full-scale industrial process, it could be dangerous, or an
unsatisfactory product could be produced if some form of feedback control is
not applied to keep the output somewhere near target. Similar problems arise
in an economic context. For example, attempts to find a linear relationship
showing the effect of price changes on wage changes are bedevilled by the fact
that wage changes will in turn affect prices.

The problem of identifying systems in the presence of feedback control is

discussed by Granger and Hatanaka (1964, Chapter 7), Astrom and Eykhoff
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Figure 9.8 A closed-loop system.

(1971, p. 130), Gustavsson, Ljung and Soderstrom (1977) and Priestley
(1983), and it is important to realize that open-loop procedures may not be
applicable. The situation can be explained more clearly in the frequency
domain. Let f, () denote the cross-spectrum of X{(t) and Y(¢) in Figure 9.8,
and let f (), f,(w), f.(w) denote the spectra of X(t), N(t) and V(z) respectively.
Then if H(w) and J(w) denote the frequency response functions of the system
and controller respectively, it can be shown (e.g. Akaike, 1967) that

Sl = Hf,+ L)1, + JTf,) (©.44)

where ail terms are functions of frequency, and Jis the complex conjugate of J.
Onlyiff,=0or J=0is the ratio f, /frequal to H asis the case for an open-loop

y a s

system (equation (9.32)). Thus the estimate of Hprovided byf,,/f. willbe poor
unless £,/f, is small. In particular, if f,=0.1,,/f, will provide an estimate of J ~
and not of H.

Similar remarks apply to an analysis in the time

o
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equivalent of (9.44) is given by Box and MacGregor (1974).

The above problem is not specifically discussed by Box et al. (1994),
although it is quite clear from the remarks in their Section 11.6 that their
methods are only intended for use in open-loop systems. However, some
confusion may be created by the fact that Box et al. (1994, Section 13.2) do
discuss ways of choosing optimal feedback control, which is quite a different
problem. Having identified a system in open loop, they show how to choose
feedback control action so as to satisfy some chosen criterion.

Unfortunately, open-ioop identification procedures have sometimes been
used for a closed-loop system where they are not appropriate. Tee and Wu

(1972) studied a paper machine while it was already operating under manual
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control and proposed a control procedure which has been shown to be worse
than the existing form of control (Box and MacGregor, 1974). In marketing,
several authors have investigated the relationship between expenditure on
offers and advertising on the sales of products such as washing-up liquid and
coffee. However, expenditure on advertising is often in turn affected by

changes in sales levels, so that any conclusions obtained by an open-loop
ﬂmﬂvcm are open to doubt.

What then can be done if feedback is present? Box and MacGregor (1974)
suggest one possible approach in which one deliberately adds an independent
programmed noise sequence on top of the noise V(). Alternatively one may
have some knowledge of the noise structure or of the controller frequency
response function. Akaike (1968) claims that it is possible to identify a system
provided only that instantaneous transmission of information does not occur
in both system and controller, and an example of his, rather complicated,
procedure is given by Otomo, Nakagawa and Akaike (1972).

However, a further difficulty is that it is not always clear if feedback is
present or not, particularly in economics and marketing. Some indication may
be given by the methods of Granger and Hatanaka (1964, Chapter 7), or by
observing significantly large cross-correlation coeflicients between (pre-

whitened) input and output at a zero or positive lag. Alternatively it may be
clear from nhvcmal considerations that feedback is or is not present. For

example in studymg the relationship between average (ambient) temperature
and sales of a product, it is clear that sales cannot possibly affect temperature

Ana koo nm ~A- Tane cucta T Asmzravne Ffondlaal 10 tmeacant

SO Lhal. OIiC nnas an Upﬁu-xuup Dyblclll 10WCE VCl I 1I€eQDackK is pl COC1IL, I.hCLl 1L JD
important to realize that cross-correlation and cross-spectral analysis of the
raw data may give misleading results.

EXERCISES

9.1 Find the impulse response function, the step response function, the
frequency response function, the gain and the phase shift for the

1 o . ms

following linear systems (or filters):

(@) y,=3x,_ 1 +X4 3%

(b) yi=5(x, 2+ X, X+ X, +X,,)
(€} y=Vx

(d) y,=V’x,

where in each case t is integer-valued. Plot the gain and phase shift for
filters (a) and (c). Which of the filters are low-pass and which high-pass?
If filters (a) and (b) are joined in series, find the frequency response

function of the combined filter.
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9.2 Find the frequency response functions of the following linear systems in

93

94

9.5

continuous time:

(a) y(t)=gx(t—1)

®) 50 =5 [ "7 Tstem)du

where g, T and 7 are positive constants.
If {X,} is a stationary discrete time series with power spectral density
function f(w), show that the smoothed time series

where the as are real constants, is a stationary process which has power
spectral density function

k k

[Z Y a4, cos(p—q)w]f(w)
Lg=0 p=0 d

In particular, if a,=1/(k+1) for p=0, 1, ..., k, show that the power

spectrum of Y, is

flw)[1 —cos(k+ w]/(k+1)*(1 —cos )

(Hint: Use equation (9.21) and the trigonometric relation cos A cos B
=3[cos(A4 + B)+cos(4— B)].)

Consider the one-parameter second-order AR process
X=0X,_,+7Z

where {Z,} denotes a purely random process, mean zero, variance o2.
Show that the process is second-order stationary if |a|< 1, and find its
autocovariance and autocorrelation functions.

Show that the power spectral density function of the process is given by

flw)=03/n(1-20cos 2w+a?>) O<w<n

romafAreaten [ 3 N -

us ods: (a) u_y uauafuuulug LUiC autocovariance

using it me
function; (b) by using the approach of Section 9.3.4.

Suppose now that {Z} is any stationary process which has power
spectrum f(w). What then is the power spectrum of { X} as defined by the
above equation?

Show that the power spectral density function of the ARMA(1, 1)

process

b gl

X=0X,_+Z+pZ _,
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is given by fy(w)=02(1 +28 cos v+ *)/n(1—2a cos w+a’) for b<w <
7, using the approach of Section 9.3.4. It may helptolet ¥,=Z + 2, _,
(This power spectrum may be shown to be equivalent to the normalized
spectrum in Exercise 6.7 after some algebra.)

More generally, for the MA process X, = 8(B)Z,, show that the transfer
function of the filter Z,— X, is H(w)=0(¢ ““’) so that the spectrum of X, is

...... -r A~ lw Al 2
given by 8(e)8(c'*)a3/n for 0<w < n. Hence show that the spectrum

of the general ARMA process ¢(B)X,=8(B)Z, is given by
0(e " *)0(e'*)a/nd(e ~'“)d(e"). Check this result on the above ARMA
(1,1) process.
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A general class of models, arousing much current interest, is that of state-space
models. They were originally developed by control engineers, particularly for
applications concerning navigation systems such as controlling the position of
aspace rocket. However, they have also been found to be useful in many types
of time-series problem, such as short-term forecasting.

This chapter introduces state-space models for the time-series analyst, as
well as describing the Kalman filter, which is an important general method of
handling state-space models. Essentially, Kalman filtering is a method of

PRGNS 9N G 222075 WR3 . LSV ALIGAR Y ARGRALIGIL daiviing B aiiwiiiNa

signal processing which gives optimal estimates of the current state of a
dynamic system. It consists of a set of equations for recursively estimating the

rrrant gtnta ~AF o cuygtam and fAar Beuding varicmeac Ao Actitimatac

current statc 61 a dydtivill anda ior uuuuls Yallalcey Ui L[leC CSUITIacs. 1V1UlC
details may be found for example in Janacek and Swift (1993) and Harvey
(1989).

10.1 STATE-SPACE MODELS

When the scientist tries to measure any sort of signal it will typically be
contaminated by noise, so that the actual observation X is given (in words) by

observation =signal + noise (10.1)
In state-space models the signal is taken to be a linear combination of a set of
variables, called state variables, which constitute what is called the state vector
at time ¢. This vector describes the state of the system at time ¢, and is
sometimes called the ‘state of nature’.

Wa tenl it tha 14 n
We have used the j Jargon of control eng;ne\,rlng, out the iaeas are cquany

applicable to statistical problems. For example the observation couid be some
observed economic variable, and the state variables could then include such
quantities as the current true underiying ievel and the current seasonal factor
(if any).

It 1s an unfortunate complication that there is no standard notation for the
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problem. We denote the (m x 1) state vector by 0,, and write equation (10.1) as
=h'0, +n, (10.2)

where the (m x 1) vector h, is assumed to be a known vector and n, denotes the
observation error.

The state vector 0,, which is of prime importance, cannot be observed
directly (i.e. is unobservable), and so we wish to use the observations on X, to
make inferences about 0,, Although not directly observable, it is often
reasonable to assume that we know how 0, changes through time, and we

0,=GO,_,+w, (10.3)
wihara tha o v ) mairy £ Ge 2eeiimm o 2T .
nere tne (m X mij matrix G, is assumed known, and W, denotes a vector of
deviations.

The two equations (10.2) and (10.3) constitute the general form of the
(univariate) state-space model. Equation (10.2) is called the observation (or
measurement) equation, while (10.3) is called the transition (or system)
equation.

The ‘errors’ in the observation and transition equations are generally
assumed to be uncorrelated with each other at all time periods, and also to be
serially uncorrelated. We may further assume that n, is N(0, ¢2) while w, is
multivariate normal with zero mean vector and known variance-covariance
matrix denoted by W,.

The state-space model can readily be ralized to the case where X is a
vector by making h, a matrix of appropnate size and by making n, a vector of
appropriate length It is also p ossible to add terms 1nvolv1ng known hnear

ot

nl

combinations o Ul CXpianaior
of (10.2).

The application of state-space models to engineering problems, such as
controlling a dynamic system, is fairly clear. There the equations of motion of a
system are often assumed to be known a priori, as are the properties of the
system disturbances and measurement errors, although some model parameters
may have to be estimated from data. Neither the equations nor the ‘error’
statistics need be constant as long as they are known functions of time.
However, at first sight, state-space models may appear to have little connection
with earlier time-series models. Nevertheless it can be shown, for example, that
it is possible to put many types of time-series model into the state-space
formulation. They include regression and ARMA models as well as the sort of
trend-and-seasonal model for which exponential smoothing methods are
thought to be appropriate. Bayesian forecasting (see Section 10.1.5) also reles

an what ic eccentially a ctate.enace renresentation. while come models with time-
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varying coefficients can also be represented in this way.
Moreover, Harvey (1989) has described a general ¢
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trend, seasonality and irregular variation, but which can also be represented as
state-space models. We pay particular attention to these important models.
Note that the decomposition must be additive in order to get a linear state-
space model. If for example the seasonal effect is thought to be multiplicative,
then logarithms must be taken in order to fita structural model, although this
implicitly assumes that the ‘error’ terms are also multiplicative. A key feature
of structural models (and more generally of linear state-space models) is that
the observation equation involves a linear function of the state variables and
yet does not restrict the modet to be constant through time. Rather it allows
local features, such as trend and seasonality, to be updated through time using
the transition equation.

10.1.1 The steady model
Suppose that the observation equation is given by
X, =u+n, (10.4)

where the unobservable current level g, is assumed to follow a random walk
given by

o=ty W, (10.5)

Equation (10.5) is the transition equation. The state vector, 8,, here consists of
a single state variable, namely u, and so is a scalar, while h, and G, are also
constant scalars, namely unity. The model involves two error terms, namely n,
and w,, which are usually assumed to be independent, normally distributed
with zero means and respective variances 2 and o, The ratio of these two
variances, namely o2 /a2, is called the signal-to-noise ratio and is an important
factor in determining the features of the model. In particular, if o2 =0then y, is
a constant and the model reduces to a trivial, constant-mean model.

The state-space model defined by equations (10.4) and (10.5) is customarily
called the steady model because there is no trend term included {(compare with
the linear growth model in Section 10.1.2). The model is very simple but very
important since it can be shown that simple exponential smoothing produces
optimal forecasts, not only for an ARIMA(0, 1, 1) model (see Chapter 5) but
also for this steady model (see Section 10.2 and Exercise 10.1 ). The reader can
readily explore the relation with the ARIMA(0, 1, 1) model by taking first
differences of X, in equation (10.4) and using equation (10.5) to show that the
first differences are stationary and have the same autocorrelation function as
an MA(1) model. It can also be shown that the steady model and the
ARIMA(0, 1, 1) model give rise to the same forecast function.

Thus the steady model could be considered for data showing no long-term

a3 3 s Tider ot carma g i
trend and no seasonality but some short-term correlation.
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10.1.2 The linear growth model

The linear growth model is specified by the three equations

A/tz‘ur'*'nr
#tzyt—l+ﬂthl+wl,t (106)
ﬁzzﬁ:-1+wz,:

The first equation is the observation equation, while the next two are
transition equations. The state vector 0] = (y,, f,) has two components, which
can naturally be interpreted as the local level y, and the local trend §,. Note
that the latter state variable does not actually appear in the observation
equation, and the reader may readily verify that h! = (1, 0) and

L1
=l 1]

are both constant through time.

The title ‘linear growth model’ is self—explanatory The current level p,
changes linearly through time, but the growth rate (or trend) may also evolve.
Of course if w, , and w,, have zero variance, then the trend is constant (or
deterministic) and we have what is called a global linear trend model.
However, this situation is unlikely to occur in practice and modern thinking
generally prefers a local linear trend model where the trend is allowed to
change. In any case the global model is a special case of model (10.6) and so it
seems more sensible to fit the latter, more general model. It is arguably easier
to get a variety of trend models from special cases of a general structural state-
space model than from the Box-Jenkins ARIMA class of models.

The reader may easily verify that the second differences of X, in equation
(10.6) are stationary and have the same autocorrelation function as an MA(2)
model. In fact it can be shown that two-parameter exponential smoothing

(where level and trend are updated) is optimal for an ARIMA(0, 2, 2) model
and also for the linear growth model (e.g. see Abraham and Ledolter, 1986).

10.1.3 The basic structural model

There are various ways of incorporating seasonality into a state-space model,
such as the following model which is usually called the basic structural model:

X=u+i+n,
.urzﬂz—1+ﬁr—1+wl,t
o (10.7)

_p .
Pt=Pi-1 T Wy,
s—1

f=—) i j+ws,

i=1
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This model inciudes a local level y,, a local trend f,, a local seasonal index i,,
and four separate ‘error’ terms which are all assumed to be additive. If there are
s periods in one year (or season), then the fourth equation in {10.7) assumes
that the expectation of the sum of the seasonal effects over one year is zero. The
state vector now has s+ 2 components, namely g, By, iy, b— 15 - sb_se1- A
full discussion of this model is given by Harvey (1989) who also discusses
various extensions, such as the incorporation of intervention and explan-
atory variables. Further comments on structural models are given by
Chatfield and Yar (1988, Section 6) and Newbold (1988) while Andrews
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10.1.4 State-space representation of an AR(2) process
The AR(2) model can be written as
Xr=¢1Xr-1+¢2Xt—2+Zz (10.8)

Define the (rather artificial) state vector at time ¢ as 07 =(X,, #,X,_,). Thenthe
observation equation may be written as

X,=(1,0)8,
with o2 =0, while (10.8) may be written as part of the transition equation
o, 1 1
= 10.9
0! |:¢2 0 0!— 1 + 0 Zr ( )

since 8;_, = (X, _ 1, ¢2X,-2).

This looks (and is!) a rather contrived piece of mathematical trickery, and
we normally prefer to use equation (10.8) which appears more natural than
equation (10.9). (In contrast the state-space linear growth model (10.6) may
well appear more natural than an ARIMA(0, 2, 2) model.) However, equation
(10.9) does replace two-stage dependence with two equations involving one-
stage dependence, and also allows us to use the general results relating to state-
space models, such as the recursive estimation of parameters, should we need
to do so. For example the Kalman filter provides a general method of
estimation for ARIMA models (e.g. Kohn and Ansley, 1986). However, it
should also be said that the approach to identifying state-space models is
generally quite different to that for ARIMA modelis.

Note that the state-space representation of an ARMA model is not unique
and it may be possible to find many equivalent representations. For example,
the reader may like to find an alternative state-space representation of
equation (10.8) using the (more natural?) state vector 0/ =(X,, X,_,), or using
the (more useful?) state vector ol =[X, X(z, 1)]; see Exercise 10.4.

10.1.5 Bayesian forecasting

Bayesian forecasting (West and Harrison, 1989) is a general approach to
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forecasting which includes a variety of methods, such as regression and
cxponential smoothing, as special cases. It relies on a model, calied the
dynamic linear model, which is closely related to the general class of state-space
models. The Bayesian formulation means that the Kalman filter is regarded as
a way of updating the probability distribution of @, when a new observation at
time ¢ becomes available. The Bayesian approach also enables the analyst to
consider the case where several different models are entertained and it is
required to choose a single model to represent the process, or alternatively to
compute forecasts which are based on several alternative possible models. For
example when the latest observation appears to be an outlier, one could
entertain the possibility that this represents a step change in the process, or
that it arises because of a single intervention, or that it is a ‘simple’ outlier with

1ag anrh e
no change in the underlying model. The respective probabilities of each model

being ‘true’ are updated after each new observation. An expository
introduction is gwen by Bolstad (1986). Some case studies and computer

software are given by Pole et al. (1994). Further developments are described

by West, Harrison and Mignon (1985) and West and Harrison (1989).

The approach has some staunch adherents, while others find the avowedly
Bayesian approach rather intimidating. This author has no practical
experience with the approach, but see Taylor and Thomas (1982) and Fildes
(1983). The latter suggests that the method is generally not worth the extra
complexity compared with alternative, simpler methods, though there are of
course exceptions.

10.1.6 A regression model with time-varying coefficients

Suppose that the observed variable X, is known to be linearly related to a
known explanatory variable u, by

X,=at+b,u,+n,

where the regression coefficients a, and b, are allowed to evolve through time
according to a random waik. If we write 87 =[a,, b,] and hY=[1, u,], then we
may write this model in state-space form by

(10.10)

Of course if the elements of w, have zero variance, then 0, is constant and we are

back to the familiar linear regression model with constant coefficients. The
advantage of equation (10, 10) is that we can consider a much more general

class of models, which mcludes simple regression as a special case, and then
apply the general theory relating to state-space models.
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The Kalman filter

10.1.7 Model building

An important difference between state-space modelling in time-series
applications and in some engineering problems is that the structure and
properties of a time series may not be known a priori. In order to apply state-
space theory, we need to know h, and G, in the model equations and also to
know the variances and covariances of the disturbance terms, namely o2 and
W,. The choice of h, and G, (i.e. the choice of a suitable state-space model) may
be accomplished using a variety of aids including externat knowledge and a
preliminary examination of the data. For example Harvey (1989) claims that
the basic structural model (see Section 10.1.3) can describe many time series
with trend and seasonal terms, but the analyst must for example check that the
seasonal variation is additive (or consider a transformation). In other words
the use of a state-space model does not take away the usual problem of finding
asuitable type of model. (Model fitting is usually easy, but model building can
be hard.)

Another problem in time-series applications is that the error variances are
generally not known a priori. This can be dealt with by guesstimating, and
then updating, them in an appropriate way, or by estimating them from a set
of data over a suitable fit period.

In state-space mo ime obijective is to estimate the signal in the

presence of noise. In other words we want to estimate the state vector 0,. The
Kalman filter provides a general method of doing this. It consists of a set of
equations which aliows us to update the estimate of §, when a new observation
becomes available. This updating procedure has two stages, called the
prediction stage and the updating stage.

Suppose we have observed a time series up to time t— 1, and that 6, _ , is the
‘best” estimator for 0,_, based on information up to this time. By ‘best’ we
mean that it is the minimum mean square error estimator. Further, suppose
that we have evaluated the variance-covariance matrix of ,_; which we
denote by P,_ . The first stage, called the prediction stage, is concerned with
forecasting 0, from time t—1, and we denote the resulting estimator in an
obvious notation by ér|:—1- Considering equation (10.3), where w, is still
unknown at time t— 1, the obvious estimator for 8, is given by

0,-1=Gb,_, (10.11)

with variance-covariance matrix
P,|,_1=G,P,_1G,T+ W, (10.12)
Equations (10.11) and (10.12) are the prediction equations. Equation (10.12)
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follows from standard results on variance-covariance matrices for vector
random variables (e.g. Chatfield and Collins, 1980, equation (2.9)).

When the new observation at time ¢, X, becomes available, the estimator of
0, can be modified to take account of this extra information. The prediction
error is given by

=X,~h0, ,
and it can be shown that the updating equations are given by
0,=0,_, +Ke, (10.13)
and
P=PF, | — Kr,h!TP,!I_1 (10.14)
where
K.=P,_ h/[hIP, _ h+c?] (10.15)

l.||71 [ ’1_1”[

is called the Kalman gain matrix, which in the univariate case is just a vector.
Equations (10.13) and (10.14) constitute the second stage of the Kalman filter
and are called the updating equations.

We will not attempt to derive the updating equations or to demonstrate the
optimality of the Kalman filter. However, we note that the results may be
found via least squares theory or using a Bayesian approach. A clear
introduction to the Kalman filter is given by Meinhold and Singpurwalla
(1983), while more detailed accounts are given by Abraham and Ledolter
(1983, Section 8.3.1), Harvey (1989; 1993, Chapter 4) and Aoki (1987).

A major practical advantage of the Kalman filter is that the calculations are
recursive, so that although the current estimates are based on the whole past
history of measurements, there is no need for an ever-expanding memory.
Recursive methods, such as exponential smoothing, are increasingly popular
in many areas of statistics. A second advantage of the Kalman filter is that it
converges fairly quickly when there is a constant underlying model, but can
also follow the movement of a system where the underlying model is evolving
through time.

The Kalman filter equations look rather complicated at first sight, but they
may readily be programmed in their general form and reduce to much simpler
equations in certain special cases. For example, consider the steady model of
Section 10.1.1 where the state vector 0, consists of just one state variable, the
current level y,. After some algebra (e.g. Abraham and Ledolter, 1986), it can

be shown that the Kalman filter for this model in the steady-state case (as
t—c0) reduces to the simple recurrence relation

ﬁr=ﬁ:—1 +ae, (1016)

where the smoothing constant « is a (complicated) function of the
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signal-to-noise ratio ¢./a} (see Exercise 10.1). When o2 tends to zero,
so that y, is a constant, we find that « tends to zero as would intuitively be
expected, while as o] /02 becomes large, then « approaches unity. Equation
(10.16) is of course simple exponential smoothing.

As a second example, consider the linear regression model with time-
varying coeflicients in Section 10.1.6. Abraham and Ledolter (1983, Sec-

tion 8.3.3) show how to find the Kalman filter for this model. In particular it is

easy to demonstrate that, when W, is the zero matrix, so that the regression
coeflicients are constant, then G, is the identity matrix, Py_,=PF,_,, and the
Kalman filter reduces to the equations

0,=0, ,+Ke,
P=P,_,~KMhFP,_,
where
e,=X,—h[0,_ 1
K,=P,_ h[h'P,_ h +c2]!

Abraham and Ledolter (1983, Section 8.3.3) demonstrate that these equations
are the same as the ‘well-known’ updating equations for recursive least squares
provided that starting values are chosen in an appropriate way.

In order to initialize the Kalman filter, we need values for @, and P, at the
start of the series. This can be done by a priori guesswork, relying on the fact
that the Kalman fitter will rapidly update these quantities so that the initial
choices become dominated by the data. Alternatively, one may be able to
estimate the (m x 1) vector 0, at time ¢t =m by least squares from the first m

observations, since if we can write

X, =M0, +e
where Xg=(X,,, X,,_,, . .., X), M is a known non-singular (m x m) matrix,
and e is an m- vector of independent ‘error’ terms, then

6, =M1X, (10.17)

is the least squares estimate of @,, (since M 1s a square matrix). An example is
given in Exercise 10.2.

Forecasts may easily be obtained from the state-space model. At time ¢, the
k-step-ahead forecast is given by

X(t, k)=h, 8.,
=htT+th+kGr+k—1 -Gy 16:
Of course if G, is a constant, say G, then

X(t, k)=h", ,G*6, (10.18)
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The Kalman filter is applied to state-space models which are linear in the
parameters. In practice many time-series models, such as multiplicative
seasonal models, are non-linear. Then it may be possible to apply a filter,
called the extended Kalman filter, by making a locally linear approximation to
the model. Applications to data where the noise is not necessarily normally
distributed are also possible (Kitagawa, 1987), but we will not pursue these
more advanced topics here.

10.2.1 The linear growth model

We will evaluate the Kalman filter for the linear growth model of
Section 10.1.2. Suppose that from data up to time (t—1) we have estimates
fi,_, and f,_ , of the level and trend. At time (t— 1) the best forecasts of w, , and
w, , are both zero so that the best forecasts of g, and B, in equation 10.6 are
clearly given by

ﬁrlr-1=ﬁr— 1+Bi-y
and

Brlr—-1=ﬁz—1

These agree with equation (10.11). When X, becomes available, we can find
€, = X,— fi,;_, so that we may use equation (10.13) to give
:ur=ﬁr|r—1 +Cre=f—y +Br— 1 +C e
and
Br =Br|t— 1+ C2,tet=Bz— 1+ Cz,ret

'D

where C, ,, C, are the elements of the Kalman gain ‘matrix’ (here a 2 x 1

vector), K;, which can be evaluated after some algebra. It is interesting to note

that these two equations are of similar form to those in the 2-parameter non-
~fTT 14 1Y nec fcmo SRS I

seasonal version of Holt-Winters {s€¢ Section 5.2. 3) There the level and trend
are denoted by L,, T, respectively and we have for example that

L=aX4 (1) (L, +T,-)
=Lf_1+T_1+<Xe

where e, =X, —[L,_,;+T,_,]. In the steady state as t—o0, C,, tends to a
constant which corresponds tothe smoothing parameter a. This demonstrates
that 2-parameter Holt-Winters is optimal for the linear growth model.

An mtuitively obvious way to initialize the two state variables from the first

two observations is to take 4, =X, and §,=X,— X, (see Exercise 10.2).
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EXERCISES

10.1

10.2

Consider the steady model in Section 10.1.1, and denote the signal-to-
noise ratio o2/02 by c. Show that the first-order autocorrelation
coefficient of (1 — B)X,is — 1/(2+ c) and that higher-order autocorrela-
tions are all zero.

For the ARIMA(0, 1, 1) model

(1-B)X,=Z+6Z,_,

show that the first-order autocorrelation coefficient of (1-B)X, is
6/(1+62) and that higher-order autocorrelations are all zero. Thus

the two models have equivalent autocorrelation properties when
8/(1 _1_92\— _1/1’) +c). Hence chow that the invertible solution with

Vis A Swilwe Siivs LAiay viaiW fAAa VWA RALAW JWAwenAnsal VY anai

0| <1is 9 I[(c +4c)”2 c]-1.
Applying the Kalman filter to the steady model we find, after some

[T PR T IR sta hava

algebra, that in the steady state (as {— oo and F,—constant) we have

f=f,, +ae,

a=1+0=13{(ct+4c)"*—]

and this is simple exponential smoothing. Now the ARIMA model is
invertible provided that — 1 <6< 1, suggesting that 0 <a <2. However,

the steady model restricts a to the range 0 <o < 1 (and hence — 1<6<0)
and physical considerations suggest that this is generally a more

CLALNS Pll; Diwili WWALJIM WAL iaRAN AL 2 vaata s waaait £ =2l ell27

sensible model. Do you agree?
Consider the following special case of the linear growth model:

‘Xt"‘:.ut'*'nr
.ut=ﬂt—l+ﬁr—1
Bt=Bt—l+wt

where n,, w, are independent normal with zero means and respective
variances o2, 2. Show that the initial least squares estimator of the
state vector at time t=2, in terms of the observations X, and X, is
[4,, B,1=[X,, X, — X,] with variance-covariance matrix

L[ e
272 20+l

If 62=0, so that we have ordinary linear regression with constant
coeﬁicwnts and a third observatlon X becomes available, apply the

Kalman filter to show that the estimator of the state vector at time t =
is given by

[ﬁga Bs]=[%X3+?1¥X2—%X1a (XS_Xl)/Z]
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10.3

10.4

State-space models and the Kalman filter

Verify that these are the same results that would be obtained by
ordinary least squares regression.

Find a state-space representation of (a) the MA(1) process X,=
Z,+BZ,_,, (b) the MA(2) process.

(Hint for (a): Try 8T =[X,, X(t, )]=[X,, BZ].)

Find a state-space representation of the AR(2) process in equa-
tion (10.8) based on the state vector 87 = (X, X, _,), and show that

¢ ¢,
G =
o
Also find the state-space representation based on the state vector

of =[X,, X(t, 1)], where X(t, 1) is the optimal one-step-ahead predictor
at time t, namely ¢, X, + ¢, X, _,, and show that

0 1
G=[l p —|
|92 @i
with w' = (1, ¢,)Z.



Most of this book (like most of the time-series literature) is concerned with
linear methods and models. However there is no reason why real-life
generating processes should all be linear, and one suspects the assumption
of linearity is often made for mathematical convenience rather than because
it is really believed. This chapter introduces various types of univariate non-
linear model, in order to reflect the growing interest in such models over
recent years. A brief bibliography is given at the end of the chapter.

11.1 INTRODUCTION

This section motivates the need for non-linear models and attempts the
difficult task of distinguishing between linear and non-linear models.

11.1.1 Why non-linearity?

Figure 11.1 dispiays (part of) a famous time series giving the average number
of sunspots recorded in successive months. The data are listed, for example,
by Andrews and Herzberg (1985) and the (updated) series may be obtained
electronically over the internet — see Appendix D.6. Two representations of
the data from 1850 to 1977 are given, with different vertical axes. Close
inspection of either graph reveals that there is regular cyclic behaviour with
a period of approximately 11 years. At first sight, the upper graph seems a
more natural way to display the data, but the graph goes up and down so
rapidly that it is really only possible to see where the maxima and minima
occur. The lower graph arranges the slope of the graph to be around 45° as
the series rises and falls, and it is this graph which enables us to see that the

< time nlat
series generally increases at a faster rate than it decreases. This time plot

provides an excellent example of the care that is needed in drawing graphs,
particularly as regards the choice of scales (see Section 2.3 and Appendix
D.4). One representation may be ‘good’ for one purpose (e.g. displaying the
maxima) while a second representation may be ‘good’ for a different purpose
(e.g. looking at the slope of increases and decreases). The plotting of the
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with additional relevant examples and advice.

Another famous time series records the annual numbers of lynx trapped in
the Mackenzie River district of North-West Canada between 1821 and 1934
(see, for example, Hand et al. 1994, Data Set 109). These data are also
available over the internet — see Appendix D.6. This series also shows
asymmetric cyclic behaviour but with the series falling faster than it rises.
Asymmetric behaviour can also arise in studying the economy since the
relationships between economic variables tend to be different when the
economy is moving into a recession rather than when coming out of a
recession — downturns are often steeper and more short-lived than upturns.
Thus ‘it seems to be generally accepted that the economy is nonlinear’
(Granger and Terdsvirta, 1993, p. 1). As yet another example, the amount of
water flowing down a river tends to increase sharply after a heavy storm and
then tail off gradually. For seasonal series with a fixed cycle length, it may be
possible to model such asymmetric behaviour with a non-sinusoidal seasonal
component, but when the cycle length is not fixed, as in the above examples, a
non-linear model is much more compelling for describing series with
properties such as ‘going up faster than coming down’. Non-linear models
are also needed to describe data where the variance changes through time —
see Section 11.3 and Figure 11.2.

Non-linear models can also be used to explain, and give forecasts for, data
exhibiting regular cyclic behaviour. As such they provide an interesting
alternative to the use of harmonic components, especially if the behaviour is
asymmetric. For some non-linear models, if the noise process is ‘switched
off’, then the process will converge asymptotically to a strictly periodic form
called a limit cycle (Priestley, 1988; Tong, 1990).

Questions about non-linearity also arise when we consider transforming a
variable using a non-linear transformation such as the Box-Cox

transformation (see Section 2.4). Data may be transformed for a variety of

reasons such as to make the data more normally distributed or to achieve
constant variance

3 : —~ | .
However if we are able to fit a linear model to the

transformed data, this will imply that a non-linear model is appropriate for
the original data. In particular a series which shows multiplicative
seasonality can be transformed to additive seasonality by taking logs which
can then be handled using linear methods. However the multiplicative model
for the original data will be non-linear.

There are various technical procedures described in the literature for
assessing and testing different aspects of non-linearity, and some will be
mentioned later in this chapter. However the simplest, and often the most
important, tool (as in the rest of time-series analysis!) is a careful inspection
of the time plot. Behaviour such as that seen in Figure 11.1 can be self-evident
provided the scales are chosen carefully. It should also be noted that tests for
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non-linearity can have difficuity in distinguishing between data from a non-
linear model and data from a linear model to which outliers have been added.
While some non-linear models can give rise to occasional ‘sharp spikes’, the
same is true of a linear model with occasional outliers. Here again, a careful

inspection of the time plot can be both crucial and fruitful, especially when
allied to expert contextual knowledge as to when, where and why unusual

Ahcarvatinng miaght arcnir Thic hioghliochte the slace sannentinn hetwaean
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non-linearity and non-normality. If, for example, a time series exhibits more
‘spikes’ up than down, then it is often not clear if this is due to the former, or
the latter, or both.

The first point to make is that there 1s no clear consensus as to exactly what ts
meant by a linear stochastic time-series model and hence no consensus as to
what is meant by a non-linear model. In much of statistical methodology, the
term general linear model is used to describe a model which is linear in the
parameters but which could well involve non-linear functions of the
explanatory variables in the so-called design matrix. In contrast a linear
modet (or linear system) in time series would certainly exclude non-linear

functions of lagged or explanatory variables. To complicate matters further,

an MA process, which is certainly a linear process (as in Section 3.4.7) and
which, at first sight, appears to be linear in the parameters, is actually
regdraea 4as non- lll'ledI' m [ﬂe pdrdmeters 1I1 U]d.I lﬂC one- ble-dﬂCdU €Irors
(on which least-squares estimation is based) are non-linear functions of the
parameters, This means that explicit analytic formulae for estimators may
not be available (see Section 4.3.1) and Box and Jenkins (1970) use the term
non-linear estimation to describe procedures for minimizing a sum-of-squares
function when numerical methods (such as hill-climbing) have to be used.
This chapter only discusses the use of the term ‘non-linear’ as applied to
models and forecasting methods.

The most obvious example of a linear model is the general linear process
(see Section 3.4.7) which arises when the value of a time series, say X, can

be expressed as a linear function of the present and past values of a purely
random process, say 7 This class of models includes cfnhnnqrv AR

LasatelUais pra AN, a¥alh,

and ARMA models. The linearity of the process is clear when the model is
viewed as a linear system (see Chapter 9) for converting the sequence of Z,’
into a sequence of X,s. In addition the state-space model defined uy
equations (10.2) and (10.3) is generally regarded as linear provided the
disturbances are normally distributed and h, is a constant known vector and
G,, W, are constant known matrices (or, at least, are non-stochastic, so that if
they change through time, they do so in a predetermined way).

A linear forecasting method is one where the k-steps-ahead forecast at time

t can be expressed as a linear function of the observed values up to, and
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(though not the multiplicative) version of Holt Wmters It also applies t
minimum mean square error (abbreviated MMSE) forecasts derived from a
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general linear process (see above). However, note that when the model
parameters have to be estimated from the data (as is normally the case), the
MMSE forecasts will not be linear functions of past data!

The status of (non-stationary) ARIMA modeis is not so obvious. Apart
from the non-stationarity (which means they cannot be expressed as a
general linear process), they iook linear in other respects. An ARI model,
for example, can be regarded as a linear system by treating { X} as the input
and {Z,} as the output. Moreover MMSE forecasts from ARIMA models
(assuming known model parameters) will be linear functions of past data.
This suggests that it might be possible to define a linear modet as any model
for which MMSE forecasts are linear functions of observed data. However,

while this 1s a necessary condition, it is not sufficient, because some models
give linear prediction rules while exhibiting clear non-linear properties in

including, time t. This applies to exponential smoothing, and the ad

Atha i
ouner fCSp"Cta A further wuxuylu’atnuu is that it is pOSSibIC to have models

which are locally linear, but globally non-linear (see Sections 2.5 and 10.1.2).
Thus it appears that it may not be fruitful to try to define linearity precisely,
but rather that it is possible to move gradually away from linearity towards
non-linearity.

11.1.3 What is a non-linear model?

A non-linear model could be defined by exclusion — any model which is not
linear. However this is not helpful since (i) linear models have not been
exactly defined, and (ii) there is a blurred borderline between linearity and
non-linearity. For example, some long-memory models (see Section 13.5.7)
are more linear than non-linear, while for non-stationary models, the non-
stationarity property is often more important than whether or not the model

IC 117‘\90!' In anveace ac nnfor‘ aarhpr a \!arlal’\lp \llh‘lf"l‘\ oan I'\Q {“PC{‘IW]’\PI‘ l‘\\r ')
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linear model becomes non-linear after applying a non-linear transformation.

This chapter therefore restricts attention to certain classes of model which
areconventionally regarded as non-linear models, even though some of them
have some linear characteristics, while some excluded models have non-
linear characteristics.

11.1.4 Whatis white noise?

When examining the properties of non-linear models, it can be very
important to distinguish between independent and uncorrelated random
variables. In Section 3.4.1, white noise (or a purely random process) was
defined to be a sequence of independent and identically distributed (i.i.d.)
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random variables. This is sometimes called strict white noise (SWN), and the
phrase uncorrelated white noise (UWN) is used when sucessive values are
merely uncorrelated, rather than independent. Of course if successive values
follow a normal (Gaussian) distribution, then zero correlation implies

independence so that Gaussian UWN is SWN. However, with non-linear
models, distributions are generally non-normal and zero correlation need

mat srmmly indonandan
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In reading the literature, it is also helpful to understand the idea of a
martingale difference. A series of random variables, {X,}, is called a
martingale if E[X,,,| data to time ¢] is equal to the observed value of X,, say
x,. Then a series {Y;} is called a martingale differeuce if E[Y;,,| data to time
t] = 0. This last result follows by letting { ¥;} denote the first differences of a
martingale, namely Y, = X, — X, ;. A martingale difference (MD) is like
UWN except that it need not have constant variance. Of course a Gaussian
MD with constant variance is SWN.

Uncorrelated white noise and martingale differences have known linear,
second-order properties. For example, they have constant mean and zero
autocorrelations. However the definitions say nothing about the non-linear
properties of such series. In particular, although {X;} may be UWN or a
MD, the series of squared observations {X?} need not be. Only if {X,} is

CWIN “71" IY2lL ha TTWN Thara ara manv tacte far linsarity whnee nower
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depends on the particular type of non-linearity envisaged for the alternative
hypothesis (e.g. see Brock and Potter, 1993). These tests generally involve
looking at the properties of moments of {X,} which are higher than second-
order, particularly at the ac.f. of {X?}, which involves fourth-order
moments.

Some analysts also like to look at polyspectra which are the frequency-
domain equivalent of this and involve taking the Fourier transform of
higher-order moments of the process. The simplest example is the
bispectrum which is the transform of third-order terms of the general form
x;X,—jX;—k. For linear Gaussian processes, all polyspectra (including the
bispectrum) vanish for order three or more and so bispectra can be used in
tests for normality and for linearity. The sunspots data and the lynx data,
for example, are both found to be non-linear and non-normal using tests

based on the hmpppfrnm or on time-domain statistics. This author has little

(8391w

experience with polyspectra and will not discuss them here. They can be
useful as a descriptive tool for the analyst interested in frequency-domain
A P, [ R [N,

Dﬂdrdblcrlh[lbb Ui Ud.l.d. UUL ulcy' cal UC u1umuu to lIlLCl PICL dllU d1C Pl Obably
not best suited for use in tests of linearity.

11.2 SOME MODELS WITH NON-LINEAR STRUCTURE

This section introduces a variety of stochastic time-series models with a
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non-linear structure. No attempt is made to cover all the models which have
been proposed in the literature, but rather attention is restricted to some
important classes of model of particular theoretical and/or practical
importance.

11.2.1 Non-linear autoregressive processes

An obvious way to generalize the (linear) autoregressive model of order pis to
assume that

Xo=f(Xer, Xo 2, Xosy) + Z, (11.1)

where fis some non-linear function and Z, denotes a purely random process.
This is called a non-linear autoregressive model of order p (abbreviated
NLAR(p)). Note that the ‘error’ term is assumed to be additive. A more
general ‘error’ structure is possible, perhaps with Z, incorporated inside the
f function, but will not be considered here.

For simplicity consider the case p = 1. Then we can rewrite (1L.1)as

Xt:qb(Xt—l)Xt—l + Z; (112)

where ¢ is some non-constant function. It can be shown that a sufficient
Lo 1

condition for model (11.2) to be stable is that ¢ must satisfy the constraint
that |¢(x)| < 1, at least for large |x|. A model such as

X, =aX2 | + 2,
which does not satisfy this condition, will generally be explosive (uniess Z, is
constrained to an appropriate finite interval) and so will not be much use for
describing real data, even though a comparable quadratic model, with X 2
replaced by the square of some explanatory variable, might seem plausible in
aregression, rather than autoregression, context. Clearly non-linearity has to
beintroduced in a more subtle way in a time-series context.

Several variations of an AR model have been proposed which allow the
parameter(s) of the AR model to change through time, either deter-
ministically (unusual) or stochastically or determined in some way by past
data. Considering the stochastic option first, and taking the first-order case
as an example, we could let

Xi=X\_1+ Z; (11.3a)
where

% =9+ Poy_1 + & (11.3b)
and y, B are constants with {¢} being an i.i.d. sequence independent of the

{Z,} sequence. Thus the parameter of the AR(]) process for X, itself follows
an AR(1) process. Such models are called time-varying parameter models (e.g.
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see Nichoils and Pagan, 1985). In the case when f = 0 in equation (11.3b),
the model reduces to what is sometimes called a random coefficient model.
While such models appear intuitively plausible at first sight (the world is
changing), they can be tricky to handle and it is hard to distinguish between
the constant and time-varying parameter cases. It is also not immediately
obvious if the model is linear or non-linear. The model may appear to be

knear in equation (l 1.3a), but annears non-linear if eguations (11.3a) and
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(11.3b) are combmed, with f = O for simplicity, as
Xe=yXa+Z +eX

The last term is non-linear. The ‘best’ point forecast at time tis yx,. This looks
linear at first sight, but of course y will involve past data leading to a non-
linear function (though a similar situation arises for the constant-parameter
AR model when the parameter(s) have to be estimated from the data). A
more convincing argument for non-linearity is that, when model (11.3) is
expressed as a state-space model (equation 10.2), it is not a linear model
since h, = «, changes stochastically through time. Moreover it can be shown
that the width of prediction intervals depends in a non-linear way on the
latest value of the series.
Another possibility arises if we write a NLAR(1) model in the form

X, =f(Xi1) + Z, (11.4)

If we assume that f is piecewise linear, then we effectively allow the
parameters to be determined partly by past data. This leads to the idea of a
threshoid model which is considered in the next subsection.

11.2.2 Threshold models

One way of letting the parameter(s) of an AR model be determined partly by
the data, is to assume that they depend on the vaiue taken by one or more of
the lagged values of the time series. Thus the model

(aX,_ +Z, if X, <
X, =% ST o= 115
{a(z)Xt—l +Z, X, ,>r ( )

1

where a'V), (¥ are constants, is in one sense an AR(1) model. However the
AR parameter depends on whether X,_; exceeds the value r, called the
threshold. Below r the AR parameter is «!!), but above r it is a(?. This feature
makes the model non-linear and the model is an example of a large class of
models called threshold autoregressive (abbreviated TAR) models.

The above model can readily be extended to higher-order autoregressions
and to more than two thresholds depending on the values of one or more past

data values. Tong calls a TAR model self-exciting (and uses the abbreviation
SETAR) when the choice from the various sets of nncmhle parameter values
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is determined by just one of the past values, say X,_4, where 4 is the delay. In
model (11.5), the choice 1s determined by the value of X;_; and the model is

indeed self-exciting.

The theory of threshold modeis is given by Tong (1990) and an interesting
example, using economic data, is given by Tiao and Tsay (1994). Although
the latter authors found little improvement in forecasts using a threshold
model, the modelling process required to fit a non-linear model led to
greater insight into economic relationships, in particular that the economy
behaves in a different way when it 1s going into, rather than coming out of,
recession.

Threshold models are piecewise linear in that they are linear in a particular
subset of the sample space, and can be thought of as providing a piecewise
linear approximation to some general non-linear function as in equation
(11, 4) Threshold models sometimes give rise to periodic behaviour with a

Tivs 1 A ha frtfial 1t A trat choa tvr Wy
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X, against X, |, or, more generally, by plotting X, against X, . Such a
graph is sometimes called a phase diagram (actually a discrete-time version
of such a diagram). Such graphs are useful not just for TAR models, but,
more generally, in assessing the general form of a lagged relationship,
particularly whether it is linear or non-linear.

A key feature of TAR models is the discontinuous nature of the
autoregressive relationship as the threshold is passed. Those who believe
that nature 1s generally continuous may prefer an alternative model such as
the smooth threshold autoregressive (abbreviated STAR) model where there
is a smooth, continuous transition from one linear AR model to another,
rather than a sudden jump. For example, consider the model

14 14
Xe=a0+> aXe;+bo+ > bXc (X a)+Z (11.6)
i=1 i—

where I is a smooth function with sigmoid characteristics. One example is the
logistic function

I(x) = 1/{1 + exp{(r — x) /4]
which depends on two parameters, namely r, which is comparable to the
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the other. Of course a STAR model reduces to a simple threshold model by
choosing I to be an indicator function taking the value zero below a
Ull'esrl()lu anu one aoove ll rurtr‘ler aelaus dn(l references may DC IOUDG 1n
Terasvirta (1994), but note that he uses the T in STAR to denote the word

transition rather than threshold.

11.2.3 Bilinear models

A class of non-linear models, calied the bilinear class, may be regarded as a
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plausible non-linear extension of the ARMA model, rather than of the AR
model. Bilinear models incorporate cross-product terms involving lagged

values of the time series, say {X +}, and of the innovation process, say {Z ,}
The model mav also incorporate nrrhnarv AR and MA terms. Thus a simble
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example could be

Xt:aXt_]+ﬁZ[_]Xt_]+Zt (11.7)
where « and f are constants. As well as the innovation term, Z,, this model
includes one AR term plus one nrncc-nrndn(‘t term 1nvglv1ng Z. yand X,_;.

It is this last term Wthh is the non- hnear term.

One natural way for such a model to arise is to consider an AR(1) model
where the autoregressive parameter is not constant but is itself subject to
innovations. If the perturbations in the AR parameter may be described by

the model
th (a'!‘ﬂzt_l)xt_] +ZI (11.8)

this leads to equation (11.7).
A bilinear model could appear to be uncorrelated white noise when
examined in the usual way by inspecting, and perhaps testing, the sample

ac.f. For exampie, consider the model

Xt:ﬁzt_]Xt_2+Zt (11.9)

It can be shown (after some horrid algebra — see Granger and Andersen,
1978) that p(k) = O for all k # 0, but if we examine the series {X?}, then its
ac.f. turns out to be of similar form to that of an ARMA(2,1) model. Thus
the model (11.9) is certainly not strict white noise.

This example re-emphasizes the earlier remarks that there is no point in
looking at second-order properties of { X,} and hoping they will indicate any
non-linearity, because they won’t! Rather, the search for non-linearity must

ralv an enaciallv tailared nracediiree Ac nated sarlisr ane general annrasch
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is to look at the properties of the { X2} series. If both {X,} and {X?} appear to
be uncorrelated white noise, then {X,} can reasonably be treated as strict
white noise.

Bilinear models are interesting theoretically but are perhaps not
particularly helpful in providing insight into the underlying generating
mechanism and my impression is that they have been little used in practice.
They have, for example, been found to give a good fit to the famous sunspots
data (see Figure 11.1), but subsequent analysis revealed that they gave poor
long-term forecasts. The forecasts diverged and were not able to predict the
periodic behaviour observed, because bilinear models are not designed to
reflect such behaviour.
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11.2.4 Some other models

Several other classes of non-linear models have been introduced in the
literature and we refer briefly to two of them. State-dependent models are
described by Priestley (1988). They include threshold and bilinear models as
special cases and can be thought of as locally linear ARMA models.

The key feature of regime-switching models, which have been widely
applied in econometrics, is that the generating mechanism is different at
different points in time and may be non-linear. When the model changes, it
is said to switch between regimes. The time-points at which the regime
changes may be known in advance, or the regimes may change according to
a Markov process. Alternatively, as with SETAR models, the change points

could be partly or wholly determined hv nast data. The models are usually
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multivariate (unlike SETAR models) and may be partly deterministic as
well as non-linear. A simple illustration is provided by the following model

lUl bd.le Ild.IIlCly
Sales, = Min[Demand,, Supply,]

where the two regimes are (1) demand exceeds supply; and (i) supply exceeds
demand. While the above equation is deterministic, as well as non-linear,
separate equations are needed to model demand and supply and these are
likely to be stochastic. The reader is referred to Harvey (1993, Section 8.6)
for an introduction to these models. In fact, although it is often convenient
to treat regime-switching models as a separate class of models, they can be
written as special cases of the general threshold model (see Tong, 1990) by
the use of indicator variables.

11.3 MODELS FOR CHANGING VARIANCE

The non-linear models introduced in the previous section could be described
as having structural non-linearity and allow improved point forecasts of the
observed variable to be made when the true model is known. This section
considers various classes of non-linear model of a completely different type.
They are primarily concerned with modelling changes in variance (or

~t qte hn ad
volatility). They do not generally lead to better point forecasts but may lead

to better estimates of the (local) variance which allows more reliable
prediction intervals to be computed and a better assessment of risk. This can
be especially important for some financial time series, when there is clear
evidence of changing variance in the time plot of the data — for example, see
Figure 11.2.

Suppose we have a time series from which any trend and seasonal effects
have been removed and from which linear (short-term correlation) effects
may also have been removed. Thus {X,} could, for example, be the series of
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Figure 11.2 A time plot of a financial time series exhibiting periods of excessive

t
volatility (note: the units of price are excluded for confidentiality).

residuals from a regression or autoregressive model. Alternatively, X, might
be the first differences of a financial time series such as (natural log of) price.
In this sort of application the random walk model is often used as a first
approximation for the (undifferenced) series so that the first differences are
(approximately) uncorrelated but with a variance which is often found to
vary through time, rather than be constant. For all such series we may
represent X, in the form

tho-rﬁt (11.10)

where {¢} denotes a sequence of i.i.d. random variables with zero mean and
unit variance and ¢, may be thought of as the local conditional standard
deviation of the process. The ¢ may have a normal distribution but this
assumption is not necessary for much of what follows. In any case the
unconditional distribution of X, generated by a non-linear model will not
generally be normal but rather fat-tailed (or leptokurtic). Suppose we
additionally assume that the square of o, depends on the most recent value
of the series by

af:y+5x,2_, (11.11)
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where y, & are chosen to ensure that o2 must be non-negative. This model is
called an autoregressive conditionally heteroscedastic model of order 1, or
ARCH(1) for short. Note that (11.11) does not include an ‘error’ term and
so does not define a stochastic process. More generally an ARCH(p) model
depends on the last p squared values of the time series. It can be shown that
ARCH models are martingale differences, so that knowledge of the value of
o, does not lead to improved point forecasts of X.... Moreover, the
unconditional variance of X, is (usually) constant, so that {X,} behaves like
uncorrelated white noise, even though the conditional variance of X, does
change through time. The value of modelling {o,} lies in getting more
reliable bounds for prediction intervals and in assessing risk more generally.
The one-step-ahead 100(1 — a)% prediction interval will generally be of the
form =+ z,/; 6.

While ARCH models are UWN, it is not of course the case that they are
SWN. For example, if {X,} is ARCH(1), then it can be shown that { X7} has
the same form of ac.f. as an AR (1) model. Once again, the analyst cannot rely
on the usual second-order tests to indicate non-linearity. A review of ARCH
models is given by Bollerslev et al. (1992).

The ARCH model has been generalized to allow dependence on past values
of a2. The generalized ARCH (or GARCH) model of order (p, q) is given by

4 q
F=y+ Y 6xt i+ By, (11.12)
i=1 j=1

GARCH models are also martingale differences and have a constant finite
variance provided that the sum of } d; and S B; is less than unity.
Identifying an appropriate GARCH model is not easy, and many analysts
assume GARCH(1,1) as the ‘standard’ model. A GARCH(1,1) model
generally appears to be UWN and once again the non-linearity has to be
demonstrated by examining the properties of {X 21 which can be shown to
have an ac.f. of the same form as an ARMAC(1,1) process. GARCH models
have been used in forecasting the price of derivatives such as options (to buy
a certain share at a prespecified time in the future) where estimation of
variance 1s important.

The use of ARCH and GARCH models does not affect point forecasts, and
it is therefore rather difficult to make a fair comparison of the forecasting
abilities of different models for changing variance. Thus the modelling
aspect (understanding the changing structure of a series), and the
assessment of risk, are both more important than the forecasting aspect of
such models. Also note that failure to account for changing variance can
lead to biases in tests on other properties of the series.

The reader will notice that the formulae for o2 in equations (11.11) and
(11.12) are essentially deterministic in that there is no ‘error’ term in either

[$4)
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equation. An alternative to ARCH or GARCH models is to assume that o,
in equation (11.10) follows a stochastic process. This is usually done by
modelling the logarithm of 62 or of ¢, to ensure that ¢? remains positive. A
simple example is to assume that log(a?) = h,, say, follows an AR process
with an ‘error’ component which is independent of the {¢} series in (11.10).

Models of this type are called stochastic volatility or stochastic variance
madale Althanoh the likelihand function is more difficuit to handle the
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model ties in more naturally with other finance models and is easier to
generalize to the multivariate case. Moreover, it seems intuitively more
reasonable to assume that ¢, changes stochasticaily through time rather
than deterministically, especially when one sees the sudden changes in
volatility which can occur in the financial market as a result of a special
event like a war involving oil-producing countries. More details may be
found in Harvey (1993, Section 8.4). Taylor (1994) suggests that a judicious
combination of both ARCH and stochastic volatility models may provide
more satisfactory results than a single model.

Several other classes of model which allow conditional volatility have also
been proposed. They include further varieties of ARCH models, a class of
models called flexible Fourier forms, as well as neural network models,
which are introduced in Section 11.4. It is difficult to choose between

different models for changing variance using the data alone and so it 1s

especially advisable to use the context and background theory where
possible, as well as exploratory analysis.

11.4 NEURAL NETWORKS

Neural networks (abbreviated NNs) form the basis of an entirely different
non-linear approach to the analysis of time series. NNs, sometimes called
connectionist networks, originated in attempts at mathematical modelling of
the way that the human brain works, but have since been applied to a wide
variety of problems, many of which have little or no relation to time-series
analysis. For example, NNs have been widely used in pattern recognition,
where applications include the automatic reading of hand-writing and the

recognition of acoustic and visual facial features corresponding to speech
ennnde Qnmn nf thace apr\hnahnne hnUP hpen \IPI‘V Q'II(“(‘E‘QQflI] 2“d fhf‘ tnm(-
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has become a rapidly expanding research area. Recent reviews from a
statistical perspective include Cheng and Titterington (1994) and Ripley
(1993), while the introductory chapter in Weigend and Gershenfeld (1994)
presents a computer scientists’ perspective on the use of NNs in time-series
analysis.

A neural network can be thought of as a system connecting a set of inputs
to a set of outputs in a possibly non-linear way. The connections between

inputs and outputs are typically made via one or more hidden layers of
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Figure 11.3 An example of a neural network with three inputs, one hidden layer of
four neurons, and one output.

neurons (also called processing umits or nodes). Figure 11.3 shows a (very)
simple example of a NN with three inputs, one hidden layer containing four
nodes, and one output, The arrows indicate the direction of each relationship
and the NN illustrated is typical in that there are no connections between
units in the same layer and no feedback. The NN is therefore of a type called
a feed-forward NN, and NN are generally assumed to have this structure
unless otherwise stated.

The structure, or architecture, of a NN has to be determined from external
considerations or from data. This includes determining the number of layers
and the number of neurons in each layer. Using the architecture of Figure
11.3 as an example, we will attach the weight w; to the connection between
input x; and the jth neuron in the hidden level. The value to be attached to
the neuron may then be found in two stages. First a linear function of the

inputs is found, say

-

v = (Z wiX;) + bj

where b; denotes what is usually called the bias term. The latter term can be
incorporated into the summation S~ wyx; by adding an extra ‘input’ which 1s
a constant unit value. The quantity v; is then converted to the required value
for the jth neuron, say z;, by applying a function called an activation function.
This function could be linear, but is more usually a non-linear sigmoid
transformation such as the logistic function

zi=1/(1 +e7Y)
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or the hyperbolic tangent
Zj = tanh(vj)

Anexample of a discontinuous non-linear activation function is the indicator
I s
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otherwise.

Having calculated the required neuron values, a similar set of operations
can then be used to get the predicted value for the output usmg the values at
the four neurons. This requires a further set of weights, say w;, to be attached
to the links between the neurons and the output as well as selecting an
appropnate activation function for this new stage. Overall, the output, y

say, is related to the inputs for the architecture of Figure 11.3 by the

expression
y=1_wig)_ wyxi))
J i

where fand g denote the activation functions at the two stages. In time-series
analysis, fis often chosen to be the identity function. This exposition can be
generalized in obvious ways to handle more than one hidden layer of neurons
and more than one output. Overall, a NN can be likened to a sort of non-
linear regression model.

There are many questions to be considered when trying to fit NNs to raw
data and specialist computer software is needed. As well as specialist
packages, some macros are now available using general- -purpose packages
such as SAS and S-PLUS. An important question is what architecture to
use. How many hidden layers should be chosen and how many nodes are
needed in each layer? A suitable sigmoid function must also be chosen. The
weights to be attached to the connections must then be estimated so as to
give a good fit to a set of training data using some sort of training algorithm.
A technique called back-propagation is commonly used, though other
algorithms exist which may be more efficient. Details will not be given here —
see for example Ripley (1993). These algorithms can take a large number (e. g
thousands) of iterations to converge, and are meant to mimic the sort of way
the brain ‘learns’. There are typically a large number of parameters to
estimate. For example, even the simple architecture in Figure 11.3 has 16
connections and hence 21 parameters (including the five bias terms for the
four neurons and the output). There is a real danger that the algorithm may

‘overtrain’ the data and produce a spuriously good fit which does not lead to
good forecasts. Thus the algorithm must be told when to stop training, and
recent work has focused on the use of a penalty function akin to the AIC (see
Section 13.1) to prevent the fitting of spurious parameters.

The approach is non-parametric in character in that no subject-domain
knowledge is used in the modelling process (except in the choice of which

variables to include). When applied to forecasting (where the ‘inputs’ are

b



Neural networks 209

present and past values of the series and the ‘output’ is the forecast), the
whole process can be completely automated on a computer ‘so that people
with little knowledge of either forecasting or neural nets can prepare
reasonable forecasts in a short space of time’ (Hoptroff, 1993). This could be
seen as an advantage or a disadvantage! The use of neural networks is
arguably a rather extreme example of a black-box approach where a
particular model is selected from a large class of models in a mechanistic
way using little or no subjective skill and where the resulting model leads to
little 1mprovement in understanding the underlymg mechanism. A problem
with ‘black boxes’ is that they can sometimes give silly results and NNs are
no exception — see below.

The empirical evidence regarding the forecasting ability of NNs is mixed
(see Chatfield, 1993b). There are difficuities in making a fair comparison
between the use of NNs and of alternative statistical methods, since few
statisticians know much about NNs, while those who are mainly trying out
NNs, the computer scientists and physicists, may know little about
statistical alternatives. Moreover, the importance of ensuring that forecast
comparisons are made on genuine out- of-sample (or ex ante) forecasts is not
always appreciated. Clearly there are exciting opportunities for collaborative

work between statisticians and other scientists.
Thare 1c cnrme nncitive evidence for the use ﬂFNNQ Fﬂr examn]e de GI‘OOt
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and Wurtz (1991) compare NNs with standard non-linear time- -series
models, such as threshold and bilinear models, for the classic sunspots data
and obtain encouraging results. However, other applications have been less
successful. G. Aharonian is quoted by Ripley (1993) as saying that using
neural networks for activities such as forecasting the closing price of IBM’s
stock ‘is no more accurate than using traditional statistical techniques’.
That is also my experience with economic data. In many subject areas where
NNs have been applied, several thousand observations are typically available
for fitting. However, recent applications in economic and sales forecasting
have sometimes tried to ‘get away with’ as few as 100 observations, and this
seems generally unwise. The Santa Fe competition (Weigend and
Gershenfeld, 1994) took place using six very long series (of several thousand
observations) and the organizers kept back holdout samples for three of these
series. The participants in the competition tried to produce the ‘best’
forecasts of the holdout samples using whichever method they liked. There
Were some interesting results. For the one time series from the economics
area (exchange rate data), NNs were not successful. There was a ‘crucial
difference between training and test set performance’ and ‘out-of-sample
predictions are on average worse than chance’ (my italics). Thus we are back
to the random walk as being the best model for making forecasts. This is
disappointing to say the least! Other points from that study (italics are mine)

are:
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(a) Predictions ‘based solely on visually examining and extrapolating the
training data did much worse than the best techniques, but also much
better than the worst’.

(b) ‘There was a general failure of simplistic “black-box” approaches — in all
successful entries, exploratory data analysis preceded the algorithm
application’ (of NNs).

(c) The use of NNs gave competitors ‘unprecedented opportunities for the
analysis to go astray’. In particular ‘the best, as well as many of the
WOrSst, forecasts of Data Set A’ (some data from a physics experiment)

It is hard to summarize the current state of the art. For the sort of short
time series typically available in sales and economic forecasting (e.g. less
than 150 observations), there is not enough data to reliably fit a NN and I
cannot recommend their use. On the other hand, NNs will sometimes
outperform standard forecasting procedures for very long series exhibiting
clear non-linear characteristics (as for some of the Santa Fe series).
However more empirical evidence is badly needed. Even with long series,
there are still problems in fitting NN satisfactorily, and the nature of NN
models means that the analyst may get a model which is unhelpful in
interpreting and understanding the given situation. Moreover the black-box
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nature of NN model-fitting means that it is easy to go badly wrong.

11.5 CHAOS

ARim

The topic of chaes has attracted much attention in recent years, not only from
applied mathematicians, but also in many scientific areas where non-linear
models may be relevant. It is difficult to give a formal definition of chaos. A
non-technical overview is given by Gleick (1987), while Isham (1993) gives a
statistical perspective. Tong (1990, especially Section 2 11} also includes
some helpful material. The main reason why chaos is of interest to
statisticians is that a chaotic deterministic system can appear to behave as if
it were ‘random’, and it can be difficult in practice to decide whether an
apparently random time series has been generated by a stochastic or a
chaotic (non-linear) deterministic model or a combination of the two. It
would be of great interest to scientists if fluctuations, previously thought to
be random, turned out to have a deterministic explanation.

The main idea is well illustrated by the famous example of chaos called the
logistic map (sometimes called the quadratic map). This is an example of what
mathematicians would call a difference equation or map, but which
statisticians would probably regard as a deterministic time series.

Suppose a time series is generated by the (deterministic) equation

Xy = er—l(l - X¢-1)
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for t =1,2,3,... with xo € (0,1). Then, provided 0 < k < 4, the series will
stay within the range (0,1). For low values of k, the deterministic nature of the
series will generally be self-evident. The series will decline to zero for
0 < k < 1, and will converge to the stable (or fixed) point (1 —1/k) for
1< k<3. For 3 <k<3.57, the series exhibits cyclic behaviour whose
period depends on k but as k approaches 4, the series looks ‘chaotic’ with no
apparent pattern. Indeed, when k = 4, it can be shown that the series hasa flat
spectrum and has the second-order properties of uncorrelated white noise.
Thus the series looks completely random. Of course the deterministic nature
of the series can readily be demonstrated in this case by plotting x, Versus x;—
as the points willlieon a quadratic curve, as illustrated in Figure 11.4.

The behaviour of the series depends on the gradient of the quadratic curve
where it cuts the 45° line. For 1 < k <3, the stable point is at the point of
intersection of the 45° line and the quadratic curve, but in the example
illustrated, the series does not converge for ¢ large, but rather ‘jumps
around’ all over the interval (0,1).

A chaotic system has the property thata small change in initial conditions
will generally magnify through time rather than die out. This is exemplified in
the so-called butterfly effect, whereby a butterfly flapping its wings may set in
traina tropical storm. The sensitivity to initial conditions (the rate at whicha
small perturbation is magnified) is measured by a quantity called the
Lyapunov exponent. This will not be defined here, but values greater than
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Figure 11.4 A plot of x, versus X, for the logistic map with k = 4. The 45° line
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zero indicate divergence. Moreover, some starting values lead to greater
instability than others (e.g. Yao and Tong, 1994) so that the width of ‘error
bounds’ on predictions will depend on the latest value from which forecasts
are to be made.

A chaotic series also has the property that a sequence of m values will
generally lie in a restricted area of m-space. For example, the values of
(%, x,_1) for the logistic map lie on the quadratic curve illustrated in Figure
11.4 rather than anywhere in the unit square. This leads to the concept of the
dimension of a chaotic system. Whereas random processes generally have
infinite dimension, chaotic deterministic behaviour can take place in a much
lower dimension. The dimension of a time series has been defined in several
different ways, but none of the definitions is very accessible and none will be
given here. Note that non-integer values of dimension are possible as in the
so-called fractal behaviour, which will also not be discussed here except to
note that fractals are self-similar in that they look to have the same
properties regardless of the scale at which they are studied.

For1 < k < 3, thelogistic map leads a series, whatever its starting value, to
the stable point x, = 1 — 1/k for large t and this point is called an attractor.
Chaotic behaviour can lead to successive values lying in a restricted subspace
(as in Figure 11.4) and may lead to an attractor of strange geometrical form

Af ntbamn~
(e.g. fractals) called a strange attractor, though the domain of attraction in

the case of Figure 11.4 is just the whole unit interval.

As another example of the sort of strange behaviour which can result,
Bartlett {1990) reproduces an example of a process which i1s random when
considered as going forward through time (as is usually the case!) but which
becomes a non-linear chaotic deterministic series when time is reversed. The
fascinating topic of time-reversibility is reviewed by Lawrance (1991). It can
be shown that a stationary (Gaussian) ARMA model is reversible in that the
properties of data generated by such a model look the same in either
direction. In contrast, a non-linear mechanism typically gives data which
are not time-reversible. For example, the sunspots data (see Figure 11.1)
look different backwards in that they will decrease faster than they rise.

The study of chaos leads to much fascinating mathematics both with
difference equations in discrete time (as considered here) or with non-linear
differential equations in continuous time. But how are these results of use to
statlst1c1ans? One obvious question is whether it is possible to forecast a
chaotic series. Because of scnsitivity to initial conditions, long-term
forecasting is not possible. However, for short-term forecasting of low-
dimensional chaotic series, some progress is possible if we know the model
(Berliner, 1991). Unfortunately, the analyst does not generally know the
model and the next important question is whether it is possible to
distinguish between chaotic and stochastically random series. In economics,
we would like to go further and disentangle the systematic component of a
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chaotic model from the ‘noise’ which will inevitably affect the system, either
in an additive way, so that x, = f(x,-1) + noise, or as measurement error, so
that we actually observe y, = X, + noise, even though the system equation for
the {x,} series remains deterministic. Unfortunately, it seems to be difficult to
tell whether a series is stochastic or deterministically chaotic or in some
combination of these states, though some progress is being made. For long

financial series, a test called the BDS test (Granger and Terasvirta, 1993,

Chapter 6; Brock and Potter, 1993) is often used to test the null hypothesis
that a series is (linear) i.i.d. against a (non-linear) chaotic alternative, but it
is not clear when this test is superior to other tests for non-linearity. More
generally, the extent to which a non-linear deterministic process retains its
properties when corrupted by noise is also unclear. More work 1s needed on
these difficult questions. Unfortunately, it does appear to be the case that
very large samples are needed to identify attractors in high- dimensional
chaos.

A few years ago there were high hopes that the use of chaos theory might
lead to improved economic forecasts. Sadly, this has not yet occurred. For
example, Granger (1992) says that it seems unlikely that the stock market
could obey a 51mple deterministic model, while Granger and Terisvirta
(1993, p. 36) and Brock and Potter (1993) both say that there is strong
evidence for non-linearity in economic data but weak evidence that this is
also chaos. On the other hand, May (1987) has argued that chaos is likely to
be pervasive in biology and genetics. My current viewpoint is that the analyst
will generally find it difficult to apply chaos theory to real time-series data,
but research is continuing (e.g. Tong, 1995) and the position may well
change in the future. In any case, a study of chaos can contribute to our
understanding of random behaviour in time-series modeliing. It may even
cause us to re-examine the meaning of the word ‘random’. Even if a system
under study is regarded in principle as deterministic, the presence of chaotic
effects with unkown initial conditions (as will usually be the case in practice)
means that prediction becomes difficult or impossible. Moreover, a system
may appear deterministic at the microscopic level, but appear stochastic at
the macroscopic level. Put another way, it can be argued that whether a
system is ‘random’ depcnds not on its intrinsic properties, but on how it
v given context with available knowledge. These
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are deep waters!

11.6 CONCLUDING REMARKS

The world is changing and so alternatives to linear models with constant
parameters should often be considered. The possible need for non-linear
models may be indicated in several ways, namely:
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(a) looking at the time plot and noting asymmetry, changing variance, etc.;
(b) plotting X, against X, ;, or, more generally, against X,_; fork =1,2,....,
and looking for strange attractors, limit cycles, etc.;

(c) lookingat the properties of { X?} as well as at those of { X, 1
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(d) taking account of context, background knowledge, known theory, etc.

Non-linear models often behave quite differently to linear models. In
general they are harder to handle, require considerable technical and
numerical skill, and may even give counter-intuitive results. For example,
when constructing forecasts from a non-linear model, it is usually easy to do
this one step ahead, since an analytic formula is generally available.

However, forecasting becomes increasingly difficult for longer lead times
where some sort of numerical approach will generally be needed to calculate

here some sort of numerical approach will generally be needed to calculate
conditional expectations. Fortunately, spec1ahst computer packages, such as
STAR (see Tong, 1990, p. xv), are becoming available to do this. An
additional feature of non-linear models, which may be uﬁt‘:xpt‘:CLcu at first, is
that the width of prediction intervals need not increase with the lead time.
This may happen, for example, for data exhibiting multiplicative
seasonality, where prediction intervals tend to be narrower near a seasonal
trough rather than near a seasonal peak. Another peculiarity of non-linear
models, even with normal errors, is that the distribution of the forecast error
1s not, in general, normal, and may even be bimodal or have some other
unexpected shape. In the bimodal case, a sensible prediction interval may
comprise not a single interval, but two disjoint intervals. This seems most
peculiar at first sight, but second thoughts remind us of situations where we
might expect a ‘high’ or ‘low’ outcome but not an intermediate result. Sales of
anew fashion commodity could be like this. In such circumstances it could be
particularly misleading to give a single point forecast by calculating the
conditional expectation.

It 1s difficult to give advice on how to choose an appropriate non-linear
model. As always contextual information and background knowledge are
vital, but the only statistical advice I can give is that periodic behaviour
suggests trying a threshold model, while, with a very long series, some
analysts believe that it may be worth trying a neural network. It is also
worth remembering that alternatives to linear models include not only non-
linear models, but also models where the parameters change throughtimeina
predetermined way and models which allow a sudden change in structure.
While the latter may be regarded as non-linear, it may be more helpful to
think of them as non-stationary (see Section 13.2).

Non-linear models are mathematically interesting and sometimes work
well in practice. The fitting procedure is more complicated than for linear

models, but may lead to greater insight, and it should be remembered that
the prime motivation for modelling is often to improve understanding of the
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underlying mechanism. This so, it would be a bonus if non-linear
models gave better forecasts as well. Sadly, forecasting gains are often
(usually?) modest, if they exist at all, and may not, by themselves,

o

compensate for the additional effort tequired to compute them, For
example, Davies et al. (1988) show that data generated from a TAR model
can often be forecast better using a linear model. Thus, even when the data
are definitely non-linear, it may still be better to use a linear model for
forecasting purposes. Clearly, more empirical results are needed to ascertain

when non-linear models are worth using for forecasting.

Bibliography

The literature on non-linear models is growing rapidly and many references
have been given throughout this chapter. Some useful general references for
the beginner are Granger and Newbold (1986, Chapter 10) and Harvey
(1993, Chapter 8). More detailed accounts are given by Priestley (1981,
Chapter 11; 1988) and by Tong (1990). The advanced text by Granger and
Terisvirta (1993) is concerned with economic relationships and extends
discussion to multivariate non-linear models.
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12.1 INTRODUCTION

Observations are often taken simultaneously on two or more time series. For
example, in meteorology we might observe temperature, air pressure,
rainfall, etc., at the same site for the same sequence of time points. In
economics, many different series measuring various forms of economic
activity are recorded at regular intervals. Examples include the retail price
index and the level of unemployment. Faced with multivariate data like
these, it may be helpful to develop a multivariate mode! to describe the
interrelationships among the series. The growing interest in this topic arises

partly from the enormous improvement in computing capability over recent
VPHT‘Q

Section 5.3.1 briefly discussed some multivariate forecasting procedures,
focusing particularly on the use of multiple rcgrcssion models. This chapter
takes a more detailed look at some multivariate time series mOQCIS glvmg
particular attention to vector autoregressive (VAR) models.

While univariate models can be very useful for describing short-term
correlation effects, for forecasting large numbers of series, and as a
benchmark in comparative forecasting studies, it is clear that multivariate
models should also have much to offer in gaining a better understanding of
the underlying structure of a given system and (hopefully) in getting better
forecasts. Sadly, as noted in Section 5.4.2, the latter does not always
happen. While multivariate models can usually be found which give a better
fit than univariate models, there are a number of reasons why better forecasts

need not necessarily result (though of course they often do). Sometimes the
required values of the explanatory variables are not available and need

1Ll alilvs Ul L1IG gL iiaQilitze QLriB Ui

themselves to be forccast. In addltlon, multivariate models are perhaps
more vulnerable to misspeciﬁcation than univariate models. This emphasizes

the i importance of 5cu1ug sufficient b Udbl&gl ound information so as to
understand the context and identify all relevant explanatory variables. As
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always, it is vital to ask appropriate questions and formulate the problem
carefully. An iterative approach to model building (see Section 4.8) is
generally required, and the use to which the model will be put should be
considered as well as the goodness-of-fit. There is always tension between
seeking a parsimonious mode! (so that fewer parameters need to be
estimated) and ensuring that important variables are not ignored.

One basic questionis whether the model should involve a single equation or

several equations. In a (single) multiple regression equation for example, the
model explains the variation in a response variable, say Y, in terms of the
variation in one or more predictor, or expianatory, variables, say
X1, X,,.... There should be no suggestion that the value of the response
variable could itself affect the predictor variables. In other words, the
regression equation assumes there is an open-loop system (see Figure 9.7).
Some people would then say that there is a causal relationship between the
variables, though in practice it is difficult to decide if there is a direct link or
if both variables are related to a third, possibly unobserved, variable. A
completely different situation arises when the ‘outputs’ affect the ‘inputs’ so
that there is a closed-loop system (see Figure 9.8). Then a regression model is
unlikely to be appropriate. Rather, a model with more than one equation will
be needed to satisfactorily model the system.

Asa simple examnle of a closed-loon system in economics. we know t
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rise in prices will generally lead to a rise in wages, which will i
further rise in prices.

An econometric simultaneous equation model (see Section 5.3.2)
comprises a number of equations, which need not be linear, and which are
generally constructed using economic theory. By including relevant policy
variables, they may be used to evaluate alternative economic strategies and
improve understanding of the system (the economy) as well as produce
forecasts (which may not be the prime objective). We have already
contrasted the differing viewpoints of econometricians and statisticians,
while emphasizing the complementary nature of their skills. It is certainly
true that models based on economic theory need to be validated with real
data, but a statistical data-based approach will not get very far by itself

without some economic guidelines, because an unrestricted analysis will find
it difficult to select a sensible model from a virtually infinite number of

A1EX

choices. In a time-series text, it is not appropriate to say much more about
this except to note the following.

(a) Building a ‘good’ model from data subject to feedback can be difficult.
For a well-controlled physical system (e.g. a chemical reactor), there
may not be enough information available to identify the structure of the

system, so that known perturbations may need to be superimposed on the
system in order to see what effect they have. An economy is naturally

subject to feedback, but is generally not as we
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system such as a chemical reactor. Efforts to control the economy are
often made in a subjective way and the amount of information in the
system may be less than one would like. Furthermore, it is difficult to
carry out experiments on the economy in the same sort of way that
perturbations can be added to a physical system.

(b) The economy has a complex, non-linear structure which may well be

changing through time, and yet data sets are often quite small.

(c) Statistical inference is usually carried out conditional on an assumed
model and focuses on uncertainty due to sampling variation and having
to estimate model parameters. However, specification errors (due to
having the wrong model) are likely to be more serious.

12.1.1 Initial data analysis

In time-series analysis, the first step should normally be to plot the data. With
multivariate data, this step is no less important. A time plot for each variable
will indicate the presence of trend, seasonality, outliers and discontinuities.
For stationary series, it may also be helpful to calculate the ac.f. for each
series as well as the cross-correlation function for all meaningful pairs of
variables.

With a good interactive graphics package, it can also be fruitful to scale all
the series to have zero mean and unit variance, and then to plot pairs of
variables on the same graph. One series can be moved backwards or

. . .o o L. .
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as closely as possible. This may, or may not, be helpful in alerting the
analyst to the possible presence of linear relationships, possibly with an in-
built delay mechanism. Note that if the cross-correlation between two series
1s generally negative, then it may be necessary to turn one series ‘upside-
down’ in order to get a good match,

With a large number of variables, it can be very difficult to build a good
multivariate time-series model, especially when many of the cross-
correlations between predictor variables are ‘large’. Then it may be fruitful
to make some sort of multivariate transformation of the data (e.g. by using
principal component analysis or factor analysis) so as to reduce the effective
dimensionality of the data. This type of approach will not be considered here
—see for example Pena and Box (1987).
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The difficulties in fitting (multiple) regression models to time-series data were
discussed in Section 5.3.1. We extend that discussion by considering the

following simple model, namely:
Y=a+bX, 4+e (12.1)
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where g, b, d are constants and e, denotes an error term (which may be
autocorrelated) If d is an integer greater than zero, then X, is said to be a
leadmg indicator for Y,. This model enables forecasts of ¥, to be made for up

JRUEE, M, ET nssrnnra Frrarnag
to d steps ahead. However, to forecast more than d steps ahead, the required

value of X, will probably not be available and must itself be forecasted. In this
sort of situation, a multivariate model is only able to give ‘good’ forecasts
when forecasts of explanatory variables can be made much more accurately
than those of the response variable.

Although (12.1) appears to be a simple linear regression model, the errors
may be autocorrelated and it may not be possible to control the values of X,.
Moreover, there may be feedback from Y, to X,, although this is not always
immediately apparent. For all these reasons, it is often safer to fit some
alternative class of models. With an open-loop causal relationship linking a

single predictor variable to the response, it may be preferable to fit a transfer
function model (see Section 9.4.2) of the form

AR aRL AR oy ALV L1G

Y, = h(B)X_a + 1 (12.2)

where H(B) =hy+mB+ nzD +..isa pun_yu""i‘u’i' in the backward shif

operator, B, and n, denotes noise. If d>0, then X, is a leading indicator for
Y, Models of the type described by equation (12.2) are often called
distributed lag models by econometricians.

The reader will recall that the general linear process, whichisan MA model
of infinite order, can often be parsimoniously represented as a mixed ARMA
process of low order. By the same token, equation (12.2) can sometimes be
parsimoniously rewritten in the form

L

A ¥4 Yy

o(B)Y, = w(B)X,_4+ & (12.3)

where 6(B), w(B) are low-order polynomials in B such that w(B) = é(B)h(B)

md 2 — SR, 1 nenally acenmead to fallaw come sort of AR MA nrnreqq In

n
QLI € — UL 10 BOoLUQRIL Y QOO0 WLIIVAL LV LAV VY oLl oA R I3 B2aANIVASS pla WwwD. a2l

this form equation (12.3) may include lagged values of ¥, as well as of X,.
Models of this type can be fitted using the tools summarized in Section 9.4.2
and fully described by Box et al. (1994, Chapter 12), although alternative
approaches are also available (e.g. Pankratz, 1991).

12.3 VECTOR AUTOREGRESSIVE MODELS

When data are generated by a closed-loop system, it no longer makes sense to
talk about an ‘input’ and an ‘output’, but rather there are two (or more)
variables which, to a greater or lesser extent, ‘arise on an equal footing’, and
which are all interrelated. Modelling such variables is often called multiple
time-series modelling. With k variables, a natural way to represent them is
by means of a (kx 1) vector X,, where X! = (X, , X kr) For simplicity

restrict attention to the case k=2. For tmignary series, we may, without

A WS L
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loss of generality, assume the variables have been scaled to have zero mean.
Then a simple two-equation model for the two time series could be

Xy=0 X101+ @12X2,0-1 +81t1
Xo = 01 X101 + 922 X2,01 +82r]

where ¢,; are constants and the error terms &y, and &, could, in general, be
correlated. The modei can be rewritten in vector form as

X[ = ¢Xl‘—l + 8[ (12.5)
where &7 = (g1, £2,) and

2((»011 (PIZ\
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Since X, depends on X,_, it is called a vector autoregressive model of order 1,

Tr A T s S TR )

abbreviated V AR(]). nquauon (12. 3) can be further rewritten as
(I —DB)X, =¢ (12.6)
where B denotes the backward shift operator, I is the (2x2) identity matrix,

and @B represents the operator matrix ((P“B (P”'B) . More generally, a
\02B @B,

VAR model of order p can be written in the form
o(B)X; =& (12.7)

where X, isa(k x 1) vector of observed variables, ¢ denotes a (k x 1) vector of
‘noise’ variables, and ¢ is a matrix polynomial of order p in the backward
shift operator B such that

oBy=1—¢B—...— ¢, B
where I is the (k x k) identity matrix and {¢;} are (k x k) matrices of
parameters.
Looking back at equation (12 4) we notice that if ¢, is zero, then X, does

not depend on lagged values of X5,. This means that while X5, dcpend S on
X 1., there is no feedback from X, to X ;. Put another way, this means any

Airar - 1
Lauaauty EOC3 in one direction uul_y and the model could, in fa\,t, be

rewritten in the form of a transfer function model. More generally, a

transfer function model may be regarded as a special case of the VAR model
in equation (12.7) if the variables can be ordered in such a way that each ¢;
matrix is lower triangular (meaning that all coefficients above the diagonal
are zero). The last component of X, is then the output (or response variable)
in an open-loop system. In contrast, in a closed-loop system, the ‘outputs’
feed back to affect the ‘inputs’ and the general VAR model may then be

appropriate to describe the behaviour of the mutually dependent variables.
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The definition of a VAR model in equation (12.7) does not attempt to
account for features such as trend and seasonality. Some authors add
deterministic terms to the right-hand side of the equation (e.g. seasonal

dummv variables) to account for a constant term. for trend and/or for
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seasonality. Other people prefer alternative approaches. For example, the
data could be deseasonalized before modelling the data, eSpecially if the aim
is to pruuuu:: seasonauy aujuatcu ugures and forecasts. Another way of
treating seasonality is to incorporate it into the VAR model by allowing the
maximum lag length to equal the length of the seasonal cycle, but this may
increase the number of model parameters to an uncomfortable level.
Differencing may also be employed, with seasonal differencing used to
remove seasonality and first differencing used to remove trend. However,
the use of differencing is also not without problems, particularly if co-
integration is present (see Section 12.6 below).

Fitting VAR models to real data is not easy, and is discussed separately in
Section 12.5 below.
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Equation (12.7) may be generalized to include moving average (MA) terms

hv writing

I =

p(B)X, = 8(B)Z, (12.8)
where 8(B) =1+ 6,B+ ...+ §,B is a matrix polynomial of order g in the
backward shift operator B and 0,,0,,...,0, are (k x k) matrices of

parameters. Then X, is said to follow a vector ARMA (or VARMA) model
of order (p, g). Note that (12.8) reduces to the familiar univariate ARMA
model when k = 1, and equation (12.8) is a natural generalization of the
univariate ARMA model in equation (3.6a).

If @(B) includes a factor of the form I(1 — B), then the model acts on the
first differences of the components of X,. By analogy with the acronym
ARIMA, such a model is called a vector ARIMA or VARIMA model. Note

that it may not be m'mmal in nm(‘h(‘e to difference each component of X, in

the same way. Moreover, the possrble presence of co-integration (see Secnon
12.6 below) also needs to be considered before differencing multivariate data,
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different, but equivalent (or exchangeable) ways of writing the same model.
There are various ways of imposing constraints on the parameters involved
in equation (12.8) to ensure uniqueness of representation but they wiii not
be considered here.

Finally we note that VARM A models can be further generalized by adding
terms involving additional exogenous variables to the right-hand side of
equation (12.8) and such a model i1s sometimes abbreviated as a VARMAX
model.
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12.5 FITTING VAR AND YARMA MODELS

There are various approaches to the identification of VARMA models which
involve assessing the orders p and g, estimating the parameter matrices in
equation (12.8) and estimating the variance-covariance matrix of the ‘noise’
components. Some references include Priestley (1981), Tiao and Tsay (1989),
Liitkepohl (1993) and Reinsel (1993). Identification is inevitably a difficult
and complicated process because of the large number of model parameters
which may need to be estimated. The number of parameters increases
guadratically with k and can become uncomfortably large when the lag

length is more than one or two. This suggests that some constraints need to
be placed on the model. It can be helpful to use external knowledge or a

amwe ] g aan ' 1 tn
preliminary analysis to identify coefficient matrices where most of the

parameters can a priori be taken to be zero. Such matrices are called sparse
matrices. However, even with such restrictions, VARMA models are still
very difficult to fit, and most analysts restrict attention to vector AR (VAR)
models as a, hopefully adequate, approximation to VARMA models. Even
then, there is still a danger of over-fitting and VAR models do not appear to
provide as parsimonious an approximation to real-life multivariate data as
AR models do for univariate data.

Because of the dangers of over-fitting, a technique called Bayesian vector
autoregression (abbreviated BVAR) is increasingly used to fit VAR models
rather than ordinary least squares. This approach can be used whether or
not the analyst is a Bayesian. The technique essentially aims to prevent over-

fitting by shrinking parameters higher than first-order towards zero. The
usual prior that is used for the parameters, called the Minnesota prior, has

mean value° which assume a prlorl that every series ‘° PYpr‘de to be a

random walk. Other priors have also been tried (e.g. Kadiyala and
Karlsson, 1993). A tutorial paper showing how to select an appropriate
BV AR model is given by Spencer (1993).

One important tool in VARMA model identification is the matrix of cross-
correlation coefficients. The case of two time series has already been partially
considered in Chapters 8 and 9, although even here the author must admit
that he has typically found it difficult to interpret cross-correlation (and
cross-spectral) estimates. The analysis of three or more series is in theory a
natural extension, but in practice is much more difficult and should only be
attempted by analysts with substantial experience in univariate ARIMA
model building. As previously noted, the interpretation of cross-
correlations is complicated by the possible presence of autocorrelation

within the individual series and by the possible presence of feedback
between the series, and one unresolved nnpqhnn is the extent to which series
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should be filtered or prewhitened before looking at cross-correlations.
A number of studies have been published which suggest that when
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can lead to improved forecasts as compared with univariate and other
multivariate models. For example, the results in Boero (1990) suggest that a
BVAR model is better than a large-scale econometric model for short-term
forecasting, but not for long-term forecasts where the econometric model
can benefit from judgemental interventions by the model user and may be
able to pick up non-linearities not captured by (linear) VAR models. As is

™m mnlamantary
usually the case, different approaches and models are complementary.

There 1s evxdence that unrestricted VAR models do not forecast as well as
when using Bayesian vector autoregression (e.g. Kadiyala and Karlsson,
1993), presumably because unrestricted models generally incorporate too
many parameters of spuriously large size. One unresolved question is
whether and when it is better to difference data before trying to fit VAR
models. There is conflicting evidence on this point, some of which can be
found in a special issue of the Journal of Forecasting (1995, No. 3) which is
entirely devoted to VAR modelling and forecasting and gives many more
references on this and other aspects of VAR modelling.

12.6 CO-INTEGRATION

Modelling multivariate time series data is complicated by the presence of
non-stationarity, particularly with economic data. One possible approach is
to difference each series until it is stationary and then fit a vector ARMA
model. However, this does not always lead to satisfactory results,
particularly if different degrees of differencing are appropriate for different
series or if the structure of the trend is of intrinsic interest in itself (and in
particular assessing whether the trend is deterministic or stochastic). An
alternative approach, much used in econometrics, is to look for what is

called co-integration,
As a simple example, we might find that X, and X, are both non-

simple example, might find that X, and X3 are both
stationary but that a particular linear combination of the two variables, say
(X1 — kXy), is stationary Then the two variables are said to be co-
mtegrated If we now build a model for these iwo varlames the constraint
implied by the stationary linear combination (X, — kX,) needs to be
incorporated in the model.

A more general definition of co-integration is as follows. A series {X,} is
said to be integrated of order d, written I(d), if it needs to be differenced d
times to make it stationary (see Section 3.4.6 on ARIMA models). If two
series {X|;} and {X ]} are both I(d), then any linear combination of the two
series will usually be I(d) as well. However, if a linear combination exists for
which the order of integration is less than d, say I(d — b), then the two series
are said to be co-integrated of order (d, b), written CI(d, b). If this linear
combination can be written in the form a'X,, where XIT ={(X1, Xy), then
the vector a is called a co-integrating vector.
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In the example given earlier in this section, where (X, — kX2) is
stationary, if X, and X, are both I(1), thend = b = 1, X, is CI(l, 1), and a
co-integrating vectoris a¥ = (1, —k).

In a non-stationary vector ARIMA model, there is nothing to constrain
the individual series to ‘move together’ in some sense, yet the laws of
economics suggest that there are bound to be long-run equilibrium forces

whinl « meavant aarie anamAamiio cartag frame driftima tan for onaet
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where the notion of co-integration comes in. The constraint(s) implied by
co-integration enable the analyst to fit a more realistic multivariate model.
In an introductory text, it is not appropriate to give further detaiis here,
Two useful general references on co-integration are Engle and Granger
(1991) and Banerjee et al. (1993), but there have been many other
contributions to the subject dealing with topics such as tests for co-
integration, error-correction models and ways of describing ‘common
trends’. An amusing non-technical introduction to the concept of co-
integration is given by Murray (1994). I recommend that co-integration
should always be considered when attempting to model multivariate

Bibliography

The beginner may find it helpful to read Chapters 7 and 8 of Granger and
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Some other topics

This chapter provides a brief introduction to a number of topics not covered
earlier in this book. References are provided to enable the reader to get
further details if desired. Further up-to-date reviews of many standard and
non-standard aspects of time-series analysis, including recent research
developments, are given by Cox (1981), Newbold (1981, 1984, and 1988)
and in the collections of papers edited by Brillinger and Krishnaiah (1983),

Hannan et al. {1 985) and Br 1111115\,1 et al. (1992, 1991)

13.1 MODEL IDENTIFICATION TOOLS

The two standard tools which are used to identify an appropriate ARMA
model for a given stationary time series are the sample ac.f. and the sample
partial ac.f. (see Chapter 4). Several other potentially useful diagnostic tools
are also available, and detailed reviews of methods for determining the order
of an ARMA process are given by de Gooijer et al. (1985) and Choi (1992);
see also Newbold (1988).

An alternative to the partial ac.f. is the inverse ac.f., whose use in
identifying ARMA models is described by Chatfield (1979). The inverse
ac.f. of the ARMA model (see equation (3.6a))

o(B)X: = 0(B)Z,

is exactly the same as the ordinary ac.f. of the corresponding inverse ARMA
model given by

0(B)X: = @(B)Z

where # and @ are interchanged. It turns out that the inverse ac.f. has similar
properties to the partial ac.f. in that it ‘cuts off” at lag p for an AR(p) process
but generally dies out slowly for MA and ARMA processes. The inverse ac.f.
often contains more information than the partial ac.f., extends easily to
seasonal ARIMA models, and is a viable competitor to the partial ac.f.

Instead of subjectively examining functions like the ac.f., an alternative

type of approach is to choose the ARMA model which optimizes a suitably
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chosen function of the data. One approach, based on Akaike’s final
prediction error (FPE) criterion, is concerned with comparing AR processes
of different order. The order p is essentially selected so as to get the estimated
one-step-ahead predictor with the smallest mean square error (Priestley,
1981, p. 372). A more general criterion for model selection is to minimize a
quantity called Akaike’s information criterion (AIC), which is equal to

[—2In (maximized likelihood)+2 (number of independent parameters

estimated)]. The AIC can be used to compare ARMA models as well as AR
models. A third possible criterion is Parzen’s autoregressive transfer function
criterion (CAT), which also tends to give similar results {(e.g. Landers and
Lacoss, 1977). Unfortunately, all these criteria may give more than one
minimum and depend on assuming that the data are normally distributed.
Furthermore, simulation studies of AR models show they tend to identify
too many parameters. Akaike has also developed a Bayesian modification
of AIC, denoted by BIC, which penalizes models with large numbers of
parameters in a more severe way than the AIC. If the number of
independent parameters is denoted by p, and N denotes the number of
observations to which the model is fitted, then BIC replaces the term 2p in
the AIC criterion by (p + plog N). The Schwartz criterion is yet another

alternative which is somewhat similar to BIC in its dependence on log N.
Priestley (1981 Chapter 5) gives a general review of these criteria
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Computer packages routmely produce numerical values for several such
criteria so that the analyst can pick the one he or she likes best. My advice is
to suggest that such criteria should be used omy as llClpl ul guluca in model
fitting. There is a real danger that the analyst will try many different models,
pick the one that appears to fit best according to one of these criteria, but then
make predictions as if certain that the best-fit model i1s the true model.

Further remarks on this problem are made in Section 13.3.

13.2 MODELLING NON-STATIONARY SERIES

Much of the theory in the time-series literature is applicable to stationary
processes, In practice most real time series do change with time, albeit

slowly in many cases.
It is |mpnrf2nt to understand the many different types of non angnant
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which may arise and methods for dealmg with them (see also Cox, 1981,
Section 4; Priestley, 1988, Chapter 6). For example, we have already
discussed wvarious methods of Li’ﬁi’iSfuuuiug data to maLionarny (eg
differencing) in order to be able to fit stationary models and use the theory
of stationary processes. This approach is ideal when the non-stationary
features are not of primary concern, as, for example, when tnstrument drift
arises. Alternatively, the non-stationary features of the data may be of

intrinsic interest in themselves in which case it may be more rewarding to



e AT e Avaalisitles
model them explicitly, rather than remove them and concentrate on

modelling the stationary residuals. Thus there is, for example, a
fundamental difference between fitting an ARIMA model, which describes
non-stationary features implicitly, and fitting a state-space model, which
describes them explicitly.

Slow changes in mean are one common source of non-stationarity. If a
global (deterministic) function of time can be assumed, then such
components can easily be fitted and removed (e.g. by fitting a polynomial).
However, it is now more common to assume that there are local changes in
the mean and perhaps fit a local linear trend which is updated through time.
Some sort of filtering or differencing may then be employed, the choice
depending in part on whether the differenced series has a natural

interpretation. Cyclical changes in mean (e.g. seasonality) can also be dealt
with by filtering, by differencing or by fitting a global model such as a few

cima amnd Amcitna Farm 1
sine and cosine terms of appropriate frequency.

If we consider a linear model, such as an AR process, then it is useful to
distinguish several different ways in which non-stationarity may arise. If the
coefficients do not satisfy the stationarity conditions, then the roots of
equation (3.5) may lie on the unit circle, in which case the series can be made
stationary by differencing. Alternatively, the roots may lie inside the unit
circle, leading to explosive behaviour. Another possibility is that the
coefficients are changing through time perhaps suddenly (e.g. Tyssedal and
Tjostheim, 1988) or perhaps slowly through time, the latter being one
example of a slow change in the underlying model structure. The latter can
also be studied in the frequency domain and there are various ways of
generalizing the spectrum to cope with non-stationary behaviour. The use of
evolutionary spectra (Priestley, 1981, Chapter 11; 1988) is one possibility.
Complex demodulation is an alternative approach, which studies signals in
a narrow frequency band to see how they change through time (e.g.
Bloomfield, 1976; Hasan, 1983). More generally, even with a long,
apparently stationary series, it is still a good idea to split the series into
reasonably long, non-overlapping segments and compare the properties of
the segments, particularly the general form of the ac.f. and spectrum.

Finally, the most difficult type of non-stationarity to handle is a sudden
change in structure, due perhaps to the occurrence of a known external
event such as an earthquake or a labour dispute. The change may produce a
short-term transient effect or a long-term change in the model structure. With
short-term effects, one or more outliers may be visible in the time plot and
these can create problems with standard time-series methods. Box et al.
(1994, Chapter 12) show how to model sudden changes with a technique
called intervention analysis which is somewhat similar to the use of dummy
variables in regression. Alternatively, Bayesian forecasting (see Chapter 10)
can allow one to specify a range of models which can deal with outliers and

3
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step changes in the mean and trend. More generally the identification of
change points is a very important problem in time-series analysis with a
growing literature. Wherever possible, external knowledge of the given
context should be used to decide where change points have occurred, though

this may have to be backed up by examination of the data.
Despite the above remarks, in some situations it may be wiser to accept

that th
that there is no sensible way to model a process. For example, Figure 5.1(a)

shows data on the sales of insurance policies where I was asked to produce
forecasts. It is clear that there has been a sudden change in the underlying
structure. Rather than try to model these data in isolation, it is more
important to ask questions to get appropriate background information as to
why the time plot shows such unusual behaviour. In this case I found that the
two large peaks corresponded to two recent sales drives. Thus the most
important action is to find out if there is going to be a third sales drive. Even
if such information is forthcoming, it may still be difficult to incorporate it
formally into a mathematical model. In the absence of such information, it
would be most unwise to try and produce forecasts at all.

EL UNCERTAINTY
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the analyst will try many dlfferent dels choose the one that fits best
according to some criterion such as AIC (see Section 13.1), and then make
inferences and predictions as if certain that the selected model is true. Thus
while such inferences take account of uncertainty due to random variation
and to having estimates of model parameters, no account is generally taken
of uncertainty arising from (mis)specifying the model. This seems generally
unwise and statisticians have only recently started to address the issues
involved in model uncertainty. A review of the present situation is given by
Chatfield (1995b).

The effects of model uncertainty can be particularly alarming in regression
and time-series analysis where the analyst often picks a ‘best’ model from a
very wide range of choices. Thus an ARIMA(p.d g} model may be chosen by
considering all combinations of p, d and g such that0 < p,q < 3andd =0or
1, so thata total of 32 (= 4 x 4 x 2) models are entertained, quite apart from
any additional models implied by considering whether or not to transform
variables and whether or not to adjust or remove outliers. Clearly, thereis a
real danger that the analyst may go to excessive lengths to get a good fit to the
observed data. Yet, having for example chosen suitable values of p, d and ¢
for an ARIMA model, the analyst will typically make inferences and
predictions as if the values of p, d and g were known a priori. This policy is
hardly surprising given that most (all?) time-series books, including this
one, effectively suggest this approach, mainly because there is no simple
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alternative. Clearl

3 L1X1D 13

n arly
that the accuracy of time-series predictions is generally not as good as would
be expected from the goodness of fit and thisis at least partly due to the effects
of model uncertainty. The true model may not have been selected or the
model may be changing through time or there may not be a ‘true’ model
anyway. It is indeed strange that we admit uncertainty about the underlying
model by searching for a best fit, but then ignore this uncertainty when
making predictions.

It can readily be shown that, when the same data are used to formulate and
fit a model as is typically the case in time-series analysis, then least squares
theory does not apply. Parameter estimates will be biased, often quite
substantially, and predictions will be overly optimistic in regard to the
narrowness of prediction intervals. Many analysts think a narrow interval 1s
‘good’, but it is often better to give a wider interval which properly reflects
model uncertainty as well as other sources of variation (see Chatfield,
1993a, for a review of the empirical evidence).

There will be many situations where several different models fit a set of data
about equally well and where it would be particularly unwise to pick a single
‘best’ model. Then, if forecasts are required, it may be better to produce a
range of forecasts based on different, clearly stated assumptions (called
scenario analysis — see Schoemaker, 1991}, or, alternatively, to take some
sort of weighted average to combine the forecasts from the different models.
Clemen (1989) reviews the encouraging empirical evidence for this sort of

strategy.
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To many statisticians, the word ‘control’” implies statistical quality control
using control charts, but in this section we use the word as in control
engineering to denote the search for an automatic control procedure for a
system whose structure may or may not be known. This is often the ultimate
objective in identifying linear systems as in Chapter 9.

There are many different approaches to control. such as those based on

linear parametric models of the form (cf. equation (9.41))
5(B)Y, = w(B)X, + 8(B)Z,

where {Y;} denotes an ‘output’, {X,} denotes an ‘input’, {Z;} denotes a
purely random process, and 3, o, 9 are polynomials in the backward shift
operator B. Many other approaches have been described, including the use
of cross-spectral analysis and of instrumental variables, but we do not
attempt to discuss them here. The main contributions to control theory have
naturally been made by control engineers, though mathematicians,

statisticians and operational researchers have also played a part.
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Control engineers were originally concerned mainly with deterministic
control (and many of them still are). Some of the reported research, such as
the solution of non-linear differential equations subject to boundary
conditions, has an obvious relevance to control theory but may equally be
regarded as a branch of applied mathematics. In recent years, attention has
widened from deterministic problems to the consideration of stochastic

} : ihian PR
control, where the system being controlled is subject to random

disturbances. Some references covering the whole field include Astrom
(1970), Davis and Vinter (1985), Fuller (1970), Jacobs (1993) and Priestley

{1QR 1Y

(1981).

In stochastic control, a basic problem is that of separating the signal from
the noise (see Section 5.6), and there has been much work on the filtering
problem starting with the work of Wiener and Kolmogorov. One major
development has been the Kalman filter, which is a recursive method of
estimating the state of a system in the presence of noise (see Chapter 10),
Kalman filtering has been used in many applications including the control
of a space rocket, where the system dynamics are well defined but the
disturbances are unknown.

Although many statistical problems arise in control theory, statisticians
have made a relatively small contribution to the subject. Box et al. (1994,
Chapter 13) 1s one exception, and this book shows how to identify a linear
parametric model for a system (see Section 9.4.2) and hence find a ‘good’
control procedure. The Box-Jenkins approach has been compared with the
control engineer’s state-space representation approach by Priestley (1981).

Itisregrettable that there has been relatively little communication between
statisticians and control engineers, partly because of understandable
differences in emphasis and interest. In particular, the Box-Jenkins
approach involves identifying a system using observed data, while much of
the control literature appears to assume knowledge of the system structure.
It1s to be hoped that the future will bring more collaboration.

13.5 MISCELLANEA

This section gives a very brief introduction to a number of diverse topics,
concentrating on giving appropriate references for the reader to follow up if
desired.

13.5.1 Autoregressive spectrum estimation

Spectral analysis is concerned with estimating the spectrum of a stationary
stochastic process. The approach described in Chapter 7, which is based on
Founer analysis, is essentially non-parametric in that no model is assumed



Miscellanea 23!

a priori. A parametric approach called autoregressive spectrum estimationisa
possible alternative method, and this will now be briefly described.

Many stationary stochastic processes can be adequately approximated by
n AR process of sufficiently high order, say

a
a
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The spectrum of (13.1) at frequency e is inversely proportional to
4

The procedure requires the user to assess the order of the process, possibly
using Akaike’s information criterion. Then the AR parameters are
estimated, as described in Section 4.2, and substituted into the expression
for the spectrum of (13.1). The approach tends to give 2 smoother spectrum
than that given by the non-parametric approach, though it can also pick out
fairly narrow peaks in the spectrum. Convincing examples are given by Jones
(1974), Griffiths and Prieto-Diaz (1977), and Tong (1 977), and the approach
is certainly worth considering. Note that the selected order of the process is
typically higher than when fitting models for forecasting purposes, as values
around 10 are common and values as high as 28 have been reported.
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An obvious development of this approach is to fit ARMA models rather
than AR models to give what might be called ARMA spectrum estimation,
but the simplicity of fitting AR models is likely to inhibit such a development.

13.5.2 “Crossing’ problems

If one draws a horizontal line (an axis) through a stationary time series, then
the time series will cross and recross the line in alternate directions. The times
at which the series cuts the axis provide valuable information about the
properties of the series. Indeed, in some practical problems the crossing
points are the only information available. The problems of inferring the
properties of a time series from its ‘level-crossing’ properties are discussed
by Cramer and Leadbetter (1967), and a comprehensive survey and
bibliography is given by Blake and Lindsey (1973).

13.5.3 Wavelets

Wavelet functions are an orthonormal set of functions which can
approximate a discontinuous function better than Fourier series. They can
be used to analyse non-stationary time series and give a distribution of
pOWer In two dimensions, namely time and frequency (rather than just one,
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namely frequency, as in spectral analysis). The functions themselves look
‘rather pecuiiar’ and are not intuitively meaningful. They are the subject of
much current research. An introduction is given by Strang (1993), and other
recent references include Nason and Silverman (1994) and Donoho et al.
(1995), but note that most of the literature is not concerned specifically with
applications to time-series analysis.

13.5.4 Observations at unequal intervals

This book has been mainly concerned with discrete time series measured at
equal intervals of time. When observations are taken at unequal intervals,
either by accident or design, there are additional complications to time-
series analy51s. The situation where observations are taken at ‘random’ time
points is different in many ways to the situation where some observations are
missing from a time series measured at equal intervals. In the latter case it is
important to assess whether points are missing ‘at random’ (whatever that
means) or if there is some systematic pattern, such as every Sth observation
missing. The reason why observations are missing must be taken into
account in the modelling process. For example, special techniques are
needed when the data are censored, meaning, for example, that every
observation which exceeds a certain threshold value is missing.

The general definition of the periodogram (equation (7.17)) still applies to
unequally spaced data but the values of ¢ need no longer be integers. The
computation of autocorrelation coefficients is more seriously affected, and it

may be easier to compute a function, calied the (semi)variogram, denoted by
V”(\ which ig related to the ac n(b\ by the formula

CAvL LV v Avedy )

V(k) = 3(0)[! - p(k)] (13.2)

where y(0) denotes the variance of the process. The estimation of V(k) is
rarely discussed in time-series books (but see Diggle, 1990, p. 44). The
function is generally used to assess spatial autocorrelation and is covered in
books on geostatistics and spatial statistics (e.g. Cressie, 1993), especially in
relation to a technique called kriging which is concerned with predicting a
response variable from spatial data.

A technique, called spline regresion, can be used to compute a smoothed
approximation to a, possibly unequally spaced, time series (see Diggle,
1990, Section 2.2.3). A spline is a piecewise continuous polynomial function
increasingly used in computational work and a tutorial introduction is given
by Wegman and Wright (1983). Further references on unequally spaced and
missing observations include Roberts and Gaster (1980), Jones (1985) and the
collection of papers edited by Parzen (1984), while additional references are
listed by Priestley (1981, p. 586) and Hannan (1970, p. 48).



Miscellanea 233

13.5.5 OQutliers and robust methods

As in other areas of statistics, the presence of outliers can spoil an analysis.
We have bricﬂy referred to the problems raised by outliers in Sections 1.3,
2.7.2, and 13.2. Here we make some more general remarks and 51\«: a few
more references. Outliers are often visible in the time plot(s) of the data. If
they are clearly errors, then they need to be adjusted or removed. Some
measuring instruments record occasional values which are clearly
anomalous and can be dealt with fairly easily. The situation is more difficult
when an outlier may be a genuine extreme value and the context is crucial in
deciding what to do. Recent research includes the following: Hillmer (1984)
shows how one outlier can affect several consecutive forecasts unless
adjusted. Chang et al. (1988) discuss parameter estimation in the presence of
outliers. Abraham and Chuang (1989) discuss outlier detection for time
series. Chen (1993) shows that outliers are particularly dangerous when they
are near the forecast origin at the end of the series, and considers four types of
outlier as well as some strategies for reducing potential dlﬂicultles Chen
(1993) is also a good source of further references on outliers. The new
edition of Box et al. (1994, Section 12.2} also includes material on outlier
analysis.

Instead of adjusting or removing outliers, an alternative approach is to use
robust methods (see p. 6) which automatically downweight extreme
observations. Three examples of this type of approach will be briefly
mentioned. The use of running median smoothers (e.g. Velleman and
Hoaglin, 1981) can be used to produce a smoothed version of a time series.
Locally weighted regression, abbreviated LOWESS or LOESS, can also be
used to smooth a time series and, used iteratively, to get smooth estimates of
different components of a time series (Cleveland, 1993). The Kalman filter

can also be robustified (Meinhold and Singpurwalla, 1989).

13.5.6 Repeated measures

In a longitudinal study, a series of measurements is taken through time on
each of a sample of individuals or subjects. The data therefore comprise a
collection of time series which are often quite short. Special methods have
been developed to tackle the analysis of such data. A modern introduction is
given by Diggle et al. (1994), while Jones (1993) gives a more advanced state-
space approach.

13.5.7 Long-range dependence, fractional differencing and tests for unit roots

For most stationary time series models (including ARIM A models), the ac.f.
decreases ‘fairly fast’ as demonstrated, for example, by the exponential decay
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in the ac.f. of the AR(1) model. However, for some models the correlations
decay to zero very slowly, implying that observations far apart are still
related to some extent. An intuitive way to describe such behaviour is to say
that the process ‘has a long memory’, or that ‘there is long-range dependence’.
More formaily, a stationary process with ac.f. p(k) is said to be a long-
memory process if ) .| p(k)| does not converge (a more technical
definition is given by Beran (1994, Definition 2.1)). It follows from equation
(6.16) that the spectral density function of such a process will become infinite
(mathematically it is said to have a pole) at zero frequency.

I Long-memoryry mndplc hﬂ\up anumber nflnfprpchng Fpa atures. It 15 generally
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more difficult to get good estimates of some parameters of such a process,
notably the mean, but it is usually possible to make better forecasts. First
consider estimation of the mean. The usual formula for the variance of a
sample mean is ¢°/N, but this applies to the case of N independent
observations having constant variance ¢2. In time-series analysis, successive
observations are generally correlated and the variance of a sample mean can
be expressed as

7 §;<1 - e/ N.

When the correlations are positive, as they usually are, the latter expression
can be much larger than the ‘usual’ formula of 6?/N, especially for N large
and for long-memory processes where the correlations die out slowly. In
contrast to this result, it is intuitively clear that the larger and more long-
lasting the autocorrelations, the better will be the forecasts from the model,
and this can readily be demonstrated theoretically.

A variety of long-memory models are described by Beran (1994). Here we
briefly mention just one class of such models, namely fractional ARIMA
models. The ARIMA (p, 4, ) model in equation (3.7b) is writte

RBEUULET. R LIV SRANLIVESY (P U, U ) lllUu\.«l 1kL \.«Liuallklll \J- IU} iS5 Writilni
d
¢(B)(1 - B)'X, = 6(B)Z,

where d is an integer (usually 0 or 1). Fractional ARIMA models extend this
class by allowing d to be non-integer. The range of particular interest here is
0<d< %, where it can be shown that the process is stationary, For% <d <1,
the process is not stationary in the usual sense. A drawback to fractional
differencing is that it is difficult to give an intuitive interpretation to a non-
integer difference. It is also more difficult to calculate them and details will
not be given here.

A major problem in practice is distinguishing between a long- memory

rorocess A featiire of hoth
(stationary) process and a non-stationary process. A feature of both models

is that the empirical autocorrelation function will die out slowly and the
spectrum will be ‘large’ at zero frequency. Given a set of data with these
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properties, so that it appears to be non-stationary, or at least ‘nearly non-
stationary’, then it may be worth considering a fractional ARIMA model,
with 0 < d < 1, as well as an ordinary ARIMA model with d =1. The
problem then is how to estimate d. This is not easy though some progress
has been made. One basic question which is often asked is whether 4 is
exactly equal to one, meaning that a unit root is present. There is a large and
growing literature in econometrics (e.g. Dejong and Whiteman, 1993) on
testing for a unit root. There are several types of test designed for different
alternative hypotheses, one example being the so-called augmented Dickey-

Tl at Ao
Fuller test, details of which will not be given here. The tests generally take

the null hypothesis to be that there is a unit root (so thatd = 1), presumably
on the grounds that many economic series are known to be ‘close’ to a
random walk or ARIMA (0,1,0) process. However, it is not obvious that
this is necessarily a sensible choice of null hypothesis and the statistician is
likely to be interested in assessing an appropriate value for d, as well as for p
and g, with no prior assumptions other than assuming that some member of
the ARIMA class of models is appropriate.

The econometrican may well have a different class of models in mind which
attempt to model the trend more explicitly. In particular they distinguish
between difference-stationary series, where stationarity can be induced by
first differencing (so d does equal 1), and trend-stationary series where the
deviations from a deterministic trend are stationary. Spurious auto-
correlations can readily be induced, either by mistakenly removing a

Aata +
deterministic trend from difference-stationary data, or by differencing

trend-stationary data. This illustrates the importance of identifying the
‘right’ form of trend in order to assess the ‘right’ form of differencing.

Unfortunately tests for unit roots generally have poor power, even for
moderate size samples, quite apart from the question as to whether and
when it is sensible to take d = 1 as the null hypothesis. Newbold et al. (1993)
gosofar asto say that ‘testing for unit autoregressive roots is misguided’. The
topic is too large, complex and unresolved to consider here, except to re-
iterate that it is generally difficult to distinguish between the cases (i) d = 1,
(i) 0 < d < 1, (iii) d =0, and (iv) trend-stationarity. To show that an
ARIMA model with d = 0 can be arbitrarily close to a model with d = 1,
consider the model

Xe=o0Xi1+ 2+ BZi 1.

W lain A 9 “A [» J— NO the mracece 1 ofat; narv RMA {1 1Ymaodel
A A Ad L] A

WhHeEn o = ana —0.9, the process 1s a stationar ¢MA (], tmocel
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sothat d = O when expressed as an ARIMA (1,0,1) model. When the value of
xis changed ‘slightly’ toa = 1, the opcrator (1 — B) appears on the left-hand-
side of the equation so that the process becomes a non-stationary ARIMA
(0,1,1) model with d = 1. However, if in addition we now change the value

of 8 ‘slightly’ to —1, then the operator (1 — B) will appear on both sides of
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the equation and can be cancelled. Then X, is white noise and we are back to
the stationary case (d = 0). With a typical sample size, it would be nearly
impossible to distinguish between these three cases. For short-term

difference, but, for long-range forecasts, choosing a stationary, rather than
non-stationary, model would be very influential especially on the width of
prediction intervals.

Returning to fractional ARIMA models, suppose that, despite the above
difficulties, we nevertheless manage to fit what appears to be an appropriate
fractional ARIMA model for a given set of data. The question then arises as
to whether the resulting forecasts are likely to be better than those from
alternative models. While there are some encouraging results (e.g. Sutcliffe,
1994}, the resuits in Smith and Yadav (1994) suggest that littie will be lost by
taking first, rather than fractional, differences. More work remains to be
carried out on this class of models.

Note that the fractional autoregressive (FAR) model defined by Tong
(1990, Section 3.5) is unrelated to fractional ARIMA models. Also note that
a completely different definition of the long-memory property is given by
Granger and Terdsvirta (1993, Chapter 5). It concerns the asymptotic
properties of the expected value of the forecast for long lead times, and
applies to many non-stationary processes.

13.5.8 Spatial series

In some scientific areas, particularly in ecology and agriculture, data often
arise which are ordered with respect to one or two spatial coordinates rather
than with respect to time. Methods of analysing spatial data have been
described, for example, by Ripley (1981) and Cressie (1993). Although there
are many similarities between time-series and spatial analysis, there are also
fundamental differences (Chatfield, 1977, Section 9). Two commonly used
terms in the analysis of spatial data are the (semi)variogram and kriging
which are briefly introduced in Section 13.5.4 above.
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The Fourier, Laplace and
7, transforms

This appendix provides a brief introduction to the Fourier transform, which is
a valuable mathematical tool in time-series analysis. The related Laplace and
Z transforms are also introduced.

Given a (possibly complex-valued) function h(t) of a real variable t, the
Fourier transform of h(t) is usually defined as

-~
el

H(w)= J h(t)e ' dt (A.1)
-0

provided the integral exists for every re: )

complex. A sufficient condition for H(w) to exist is

o0

J |h(t)] dt < o0

If (A.1) is regarded as an integral equation for h(t) given H(w), then a simple
inversion formula exists of the form

(" 1 “OO Himel?t d (A2
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and h(7) is called the inverse Fourier transform of H(w), or sometimes just the
Fourier transform of H(w). The two functions h(t) and H{w) are commonly
called a Fourier transform pair.

The reader is warned that many authors use a slightly different definition of
a Fourier transform to (A.1). For example, some authors put a constant
1/4/(2n) outside the integral in (A.1)and then the inversion formula for h(t) is
symmetric. In time-series analysis many authors (e.g. Cox and Miller, 1968,
p. 315) put a constant 1/2x outside the integral in (A.1). The inversion formula
then has a unity constant outside the integral.

Some authors in time-series analysis (e.g. Jenkins and Watts, 1968) define

)
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Fourier transforms in terms of the variable f= w/2n rather than ®. We then
find that the Fourier transform pair is
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Note that the constant outside each integral is now unity.
In time-series analysis, we will often use the discrete form of the Fourier
transform when h(t) is only defined for integer values of ¢. Then

p—
>
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Hw)= % h(t)e i —nT<W<n (A.5)

urier transform of A(t). Note that H(w) is only defined in the

- ] aSa 131 H L LV

g te Fo
interval [ —n, n]. The inverse transform is
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nity=— f(w)e™ do (A.0)
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Fourier transforms have many useful properties, some of which are used
during the later chapters of this book. However, we do not atempt to review
them all here. The reader is referred for example to Hsu (1967).

One special type of Fourier transform arises when h(t) is a real-valued even
function such that h(t) = h(—t). The autocorrelation function of a stationary
time series has these properties. Then, using (A.1) with a constant 1/r outside
the integral, we find

H(w)=- “w h(t)e "' dt

o

_2 J " hit)cos ot dt (A7)

T

and it is clear that H(w) is a real-valued even function. The inversion formula is
then

h(t) = % Jw H()e" dow
=Jw H(w)cos ot dw (A.8)
0

Equations (A.7) and (A .8} are similar to a Fourier transform pair and are
useful when we only wish to define H(w) for «w>0. This pair of equations
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appears as equations (2.73) and (2.74) in Yaglom (1962). When h(t) is only
defined for integer values of ¢, equations (A.7) and (A.8) become

] [+8]
H(w)=— {}1(0}4.—2 > h(t)cos wt (A.9)
T 1 =1 f
n
hit)= Jr H(w)cos ot dw (A.10)
Y]

and H(w) is now only defined on [0, n].
The Laplace transform of a function h(z) which is defined for ¢ > 01s given by

H(s)= fw h(t)e ™ dt (A.11)

0

where s is a complex variable. The integral converges when the real part of s
exceeds some number called the abscissa of convergence.

The relationship between the Fourier and Laplace transforms is of some
interest, particularly as control engineers often prefer to use the Laplace
transform when investigating the properties of a linear system, as this will cope
with physically realizable systems which are stable or unstable. If the function

h(t) is such that
h(t)=0  t<0 (A.12)
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and the real part of s is zero, then the Laplace and Fourier 1(t)
are the same. The impulse response function of a physically realizable linear
system satisfies (A.12) and so for such functions the Fourier transform is a
special case of the Laplace transform. More details about the Laplace
transform may be found in many mathematics books.

The Z transform of a function h(r) defined on the non-negative integers is

given by

H(z)= ) h(t)z™" (A.13)

In discrete time, with a function satisfying (A.12), some authors prefer to use

the Z transform rather than the discrete form of the Fourier transform (i.e.
(A.5)) or the discrete form of the Laplace transform, namely

H(s)= i h(t)e ™™ (A.14)

Comparing (A.13) with (A.14) we see that z=e’. T wi serve that
when {h(t)} is a probability function such that h(t) is the probability of
5

observing the value £, forr=0, 1, .. ., then (A.13) s related to the probability
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generating function of the distribution, while (A.5) and (A. 14) are related to
the moment generating function.

EXERCISES
Al h(t) is real, show that the real and imaginary parts of its Fourier
,,‘f orm, as defined by equation (A.1), are even and odd functions

respectlvely

A2 Ifh(t)=e ¥ forall realt wherealsap051t1ve real constant, show that its
Fourier transform, as defined by equation (A.1), is given by

H(w)=2a/(a*+ »?) —W<W< L
A.3  Show that the Laplace transform of h(t)=e~* (t>0), where a is a real

constant, is given by

where Re(s) denotes the real part of s.



Appendix B
The Dirac delta function

Suppose that ¢(t) is any function which 1s continuous at f =0. Then the Dirac
delta function 6(t) is such that

r 5(1)p (1) dt = $(0) (B.1)

Because it is defined in terms of its integral properties alone, it is sometimes
called the ‘spotting’ function since it picks out one particular value of ¢(t). Itis
also sometimes called simply the delta function.

Itis important to realize that () is not a function. Rather it is a generalized
function, or distribution, which maps a function into the real line.

Some authors define the delta function by

t#0

=

0
oft)= {oo {B.2)

<

such that

Jm o(r)yde=1

-

74

But while this is often intuitively helpful, it is mathematically meaningless.

The Dirac delta function can also be regarded {e.g. Schwarz and Friedland,
1965) as the limit, as ¢—0, of a pulse of width ¢ and height 1/¢ (i.e. unit area)
defined by

u{t)

_ 51/8 O<t<e
B [O otherwise

This definition is also not mathematically rigorous, but is heuristically useful.
In particular, control engineers can approximate such an impulse by an
impulse with unit area whose duration is short compared with the least
significant time constant of the response to the linear system being studied.

Even though 4(t) is a generalized function, it can often be handled as if it
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were an ordinary function except that we will be interested in the values of
integrals involving 4(t) and never in the value of &(¢) by itsell.
The derivative 6'(t) of 6(t) can also be defined by

f* o
o'()p(r) dr=—¢'(0) (B.3)
e &)
where ¢'(0) is the derivative of ¢(t) evaluated at t =0. The justification for (B.3)
depends on integrating by parts as if §'(t) and 6(t) were ordinary functions and

using (B.2) to give

jm o' (t)p(t) de = &Jw o(t)p'(t) dt

and then using (B.1). Higher derivatives of §(t) may be defined in a similar way.
The delta function has many useful properties (see for example Hsu, 1967).

EXERCISES
B.1 The function ¢(t) is continuous at t=¢,. If a<b, show that
b
t a<ty<b
[ st~ to16(0 ar = {710 0
a 0 to<a, tyo>bh
v u AN v ? v

B.2  The function ¢(t) is continuous at t =0. Show that ¢(t) 5(t)= ¢(0) 5(t).



Appendix C
Covariance

Any reader who is unfamiliar with the laws of probability, distributions,

st A T +
expectation, and basic statistical inference should consult a more elementary

text such as Chatfield, C. (1983), Statistics for Technology (3rd edn),
Chapman & Hall; or Lindgren, B. W. (1993), Statistical Theory (4th edn),
Chapman & Haii.

The idea of covariance is particularly important in the study of time series,
and will now be briefly revised.

Suppose two random variables, X and Y, have means E(X)=yp,, E(Y)=p,,
respectively. Then the covariance of X and Y is defined to be

If X and Y are independent, then
E[(X —p) (Y —p,)]= E(X — p ) E(Y — p,)
=0

so that the covariance is zero. If X and Y are not independent, then the
covariance may be positive or negative depending on whether ‘high’ values of
X tend to go with ‘high’ or ‘low’ values of Y.

Covariance is a useful quantity for many mathematical purposes, but it is
difficult to interpret as it depends on the units in which X'and Y are measured.
Thus it is often useful to standardize the covariance between two random
variables by dividing by the product of their respective standard deviations to
give a quantity called the correlation coefficient. It can easily be shown that the
correlation coefficient must lie between +1 and is a useful measure of the
linear association between two variables.

Given N pairs of observations, {(x;, y;); i=1 to N}, the usual estimator of

the covariance between two variables is given by

N
Sep= 2. (=) (v, = HN-1)

i=1
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The usual estimate of the correlation coefficient between the two variables is

then giv by equation (2.2).
If X and Y are random variables from the same stochastic process at
different times, then the covariance coefficient is called an autocovariance

coefficient, and the correlation coefficient is called an autocorrelation

coefficient. If the process is stationary, the standard deviations of X and Y will

) B T T T I WO S Y PRy
Wlll DT tllC valliallte vl A (ul Uf },}

e

be the same and their product



Appendix D
Some worked example

p)

This appendix presents some detailed worked examples to give more of the
flavour of practical time-series analysis as well as more guidance on drawing
a time piot. First, l make some general remarks on the difficulties invoived in
time-series analysis as well as some comments on computer packages. The
final section lists some sources for obtaining more time-series data and gives
some ideas for practical exercises.

™ 1
D.1 GENERAL COMMENTS

I have been fascinated by time-series analysis since taking a course on the
subject as a postgraduate student. Like most of my fellow students, I found
it difficult but feasible to understand the time-domain material on
autocorrelation functions, ARMA models, etc., but found spectral analysis
initially incomprehensible. Even today, despite many years of practice, [
still find time-series analysis more difficult than most other statistical
techniques (except perhaps multivariate analysis). This may or may not be
comforting to the reader! It may be helpful to try to assess why time-series
analysis can be particularly challenging for the novice.

The special feature of time-series data is that they are correlated through
time rather than being independent. Now, most classical statistical inference
assumes that a random sample of independent observations is taken. Clearly
any consequences of this assumption will not apply to time series. Correlated
observations are generally more difficult to handle (whether time series or
not) and this is arguably the main reason why time-series analysis is difficult.

The analysis of time-series data is often further complicated by thg possible
presence of trend and seasonal variation, which can be hard to estimate and/
or remove. It is hard to define trend and seasonality satisfactorily and it 1s
important to ensure that the right sort of trend (e.g. local or global) 1s
modelled. More generally, considerable subjective skill is required to select
an appropriate time-series model for a given set of data. The interpretation
of the correlogram and the sample spectrum is not easy, even after much
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practice. As in other areas of statistics, data may be contammated by

missing observations and outliers and the sequential nature of time- -series

data can make such anomalies harder to deal with. If the analysis of a single
fime cariee ncing linear madels ie not easv. then the analvsis nfmultlvarlate

Lllll\/ oWl 1w UDIIIE LILIVGL LARUNWID 40 AU E WUy g w22WaAL SRihy S22 ) @ B2 2235220

non-stationary and/or non-linear time series will be even more difficult. The
reader is not advised to tackle such problems before getting plenty of

B uiiivaria g By P

experlcncc with standard univariate Provicmis.

D.2 COMPUTER PACKAGES

In recent years, many computer packages have become available for carrying
out different aspects of time-series analysis. The fast-changing nature of the
computing world means that there is littie point in providing detailed
information on packages as such information will date rapidly.

The examples in Section D.3 were carried out using the MINITAB
package. This easy-to-use interactive package performs most of the usual
statistical tasks (including regression and ANOVA) as well as time-series
analysis, where it will plot data, calculate the ac.f. of the raw data and of
various differenced series, the partial ac.f., the cross-correlation function for
two series, and will fit ARIMA and SARIMA models. It does not (at the time

At cvmantnl e s
of writing) have special commands to carry out spectral analysis, though

macros could be written to do this. The package is particularly useful for
teaching purposes, but it is also suitable for intermediate-level problems

In addition to MINITAB, most general-purpose packages now offer time-
series options usually in both mainframe and PC versions. They include
BMDP, GENSTAT, SPSS, SAS and STATGRAPHICS. The S-PLUS
package has good graphics capabilities for producing time plots, and also
has a variety of time-series modules, including spectral analysis. There are
also many more specialized time-series packages, designed primarily for use
on a PC. They include AUTOBOX for Box-Jenkins modelling, AUTOCAST
and FORECASTPRO for Holt-Winters forecasting, BATS for Bayesian
forecasting, STAMP for structural modelling, X-11-ARIMA for combining

the X-11 seasonal adjustment method with ARIMA modelling, RATS for
ﬁtting regression and ARIMA models and SCA for more advanced time-

series analysis including vector ARMA modelling. Many other packages

are available and the reader is advised to check with his/her computer unit
to see what is available.

D.3 EXAMPLES

I have selected three examples to try and give the reader further guidance on
practical time-series analysis. In addition to the examples given below there
are several more scattered through the text, including three rather brief
forecasting problems in Examples 5.1-5.3 and a more detailed spectral
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analysis in Example 7.1. Many o
time-series literature.

Example D.I  Monthly air temperature at Recife Table D.1showstheair
temperature at Recife in Brazil, in successive months over a 10-year period.

Year Jan Feb Mar Apr May June July Aug Sept Oct Nov Dec

1953 268 272 27.1 263 254 239 238 236 253 258 264 269
1954 271 275 274 264 248 243 234 234 246 254 258 26.7
1955 269 263 257 257 248 240 234 235 248 256 262 265
1956 268 269 267 261 262 247 239 237 247 258 261 265
1957 263 27.1 262 257 255 249 242 246 255 259 264 269
1958 27.1 271 274 268 254 248 236 239 250 259 263 206
1959 268 27.1 274 264 255 247 243 244 248 262 263 270
1960 27.1 27.5 262 282 271 254 256 245 247 260 265 268
1961 263 267 266 258 252 251 233 238 252 255 264 267

1962 27.0 274 270 263 259 246 241 243 252 263 264 267

The individual observations are obtained by averaging over a one-month
period.

The objective of our analysis is simply to describe and understand the
variation in the data. In fact this set of data has been used throughout the book
as an example, and it is convenient to bring the results together here.

The first step is to plot the data, and this has been done in Figure 1.2. The
graph shows a large regular seasonal variation with little or no trend. As one
would expect, the spectrum of the raw data shows a large peak at a frequency
of one cycle per year (see Figure 7.5(a)). The frequency of one cycle per year
corresponds to seasonal variation. As the seasonal variation is such a high
proportion of the total variation (about 85%), the spectrum tells us very littie
that is not obvious in the time plot. The correlogram (Figure 2.4(a)) also
shows little apart from the seasonal variation.

In order to make any further progress we must remove the seasonal
variation from the data. This can be done by seasonal differencing (see
Section 4.6) or by simply calculating the overall January average, the overall
February average, and so on, and then subtracting each individual value from
the appropriate monthly average. We adopted the latter procedure in this
case. The correlogram of the seasonally adjusted data is shown in
Figure 2.4(b), and this shows that the first three coefficients are significantly
different from zero. This indicates some short-term correlation in that a menth
which is say warmer than average for that month is likely to be followed by one
or two further months which are also warmer than their appropriate average.

The periodogram of the seasonally adjusted data is shown in Figure 7.5(c),
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and exhibits wild fluctuations which are typical of periodograms. Nothing can
be learnt from this graph. To estimate the underlying spectrum, we proceed

either by smoothing the periodogram or by computing an appropriate
weighted transform of the autocorrelation function. The latter approach was

LA LI ARSI IAD AL 22N QRS IR AL SRSV LV K< A R AvVaN 2

used with a Tukey window to produce Figure 7.5(b). The spectrum shows
something of a peak at zero frequcncy, indicating the possible presence of
some trend or low-frequency variation, but there is otherwise littie to note in
the graph.

We summarize our analysis by saying that the series contains high seasonal
variation together with a limited short-term correlation effect. The analysis
has been rather negative in that we have found little of interest apart from what
is evident in the time plot of the data. It is, in fact, a fairly common occurrence
in statistics to find that a very simple technique provides most of the
information, and this emphasizes the importance of starting any time-series

analysis by drawing a time plot.

Example D.2  Yield on short-term government securities Table D.2 shows
the yield on British short-term government securities in successive months
over a 2l-year period, mainly in the 1950s and 1960s. This series was
previously analysed in Chatfield (1978). The problem is to find a suitable

Table D.2 Yield on short-term government securities

Year I IT m 1 Vv vl vil VIl IX X XI Xl

222 223 222 220 209 197 203 198 194 179 1.74 186
1.78 172 1.79 1.82 189 199 189 183 1.71 170 197 221
236 241 292 315 326 351 348 3.6 3.01 297 288 29i
345 329 3.17 3.09 302 299 297 294 284 285 286 289
293 293 287 282 263 233 222 215 228 228 206 254
229 266 3.03 3.17 3.83 399 4.11 451 4066 437 445 458
458 4.76 489 465 451 465 452 452 457 465 474 510

500 474 479 483 480 483 477 480 538 6.18 6.02 591

[ 4 AN & NL A TN A =12 A LA A £ A AO A A
566 542 506 470 473 464 462 448 443 433 432 430

426 402 406 408 409 414 415 420 430 426 4.15 427
469 472 492 510 520 556 608 6.13 6.09 599 558 559

g A g & AA £17 &£721 S47 K06 K80 K4 A00 S5RF 5401

74 S IY R [ A Skl S Fe [ V.o V.o LSRNV, O o 3

598 591 564 549 543 533 522 503 474 455 4.68 453

467 481 498 500 494 484 476 467 451 442 453 4.0
475 400 506 499 496 503 522 547 545 548 557 633

Tl T RV .77 .79 R [ SVpa L0 e |

6.67 652 660 678 679 683 691 693 6.65 653 650 6.69
6.58 642 679 6.82 676 688 722 741 727 7.03 709 7.18
18 669 650 646 635 631 641 660 657 659 680 7.16 751
19 752 740 748 742 753 7795 780 7.63 751 749 7.64 792
20 810 818 852 856 900 934 904 908 9.14 899 896 886

21 879 862 829 805 800 789 748 731 742 751 771 799

oW N =

S B W = OND S0 O

T ey




Examples 249

ries model for the data and compute forecasts for up to 12 months
ahcad

The first stcp is, as always, to plot the data, and this has been done in
Figure D.1. The graph shows some interesting features. F:rst, we note that
there is no discernible seasonal variation. Secondly, we note a marked trend in
the data from about 2% at the beginning of the series to over 7% at the end of
the series. However, the trend is by no means regular and it would be a gross
oversimplification to simply fit a straight line to the data. Thus the use of a
trend-and-seasonal model, as in the Holt-Winters forecasting procedure, or
the use of linear regression seems inappropriate. With a singie important time
series like this it is worth investing some effort on the analysis, and the use of
the Box-Jenkins procedure is indicated.

The given time series is clearly non-stationary and some sort of differencing
is required. To confirm this, the autocorrelation function of the data was
calculated and, as expected, the coefficients at low lags were all ‘large’ and
positive as in Figure 2.3. The values at lags 1 to 5 were 0.97,0.94,0.92, 0.89
and 0.85, while the value at lag 24 was still as high as 0.34,

The Duuywat type of d}ﬁ‘eren@ng prn(‘Pd re is to take first differences of the
data, and this was done next. The autocorrelation function of the first
differences turned out to be of a part1cularly simple form. The coefficient at
lag 1 was 0.31, which is signific

cantl
that values outside the range +2/,/N are significantly different from zero,

Yo + f
tly different from zero. Here, we use the rule

10

~J

=
—

End
of
ﬁth’ng

-
- P
2 M period
1

Yield on short-rerm governmentsecurifies (%)

Year
Figure D.1 Yield on short-term government securities.
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where N is the number of terms in the differenced series. However, all
subsequent coeflicients up to about lag 20 were not significantly different from
Zero.

This tells us two things. First, the differenced series 1s now stationary and so
no further differencing is required. Secondly, the fact that there is only one

significant coefficient at lag 1 tells us that a very simple ARIMA model can be
fitted. The autocorrelation function of the first-order movineg average model

SAS . 2 R QLRI ANAGAANAAL AN LAV AL VAL i MANSWAL RAAU Viiag Vidig aa e

(see Section 3.4.3) has the same form as the observed correlogram, and we can
therefore try fitting an ARIMA(O 1, 1) model to the observed data (or
(“Jq{ii‘v'c'ilﬁﬁuy an ARLV{!‘\\U, 1} model to the first differenc S)

Using MINITAB this model was fitted giving
VX,=2,+037Z,_,

A similar model was also tried with an added constant on the right-hand side
of the above equation, in view of the trend in the series. The residual sum of
squares was not in fact much smaller and the estimated constant was not
significantly different from zero. This is perhaps somewhat surprising at first
sight, but variation due to the trend is ‘small’ compared with the variations
about the trend.

We are now in a position to compute forecasts. The above model was
actually fitted to the first 17 years’ data with a view to comparing forecasts for
the last four years with the observed values. However, the simple form of the
fitted model means that the point forecasts from a given origin {(e.g. the end of

A 1 ruale A f
the 17th year) are all the same, although the confidence intervals do of course

get wider as the distance ahead increases. For our fitted model, we wish to
forecast Xy, ,, Xy+,,... given data up to time N. Now Xy, , =2y, +
0.37Zy. At time N, Z, ., is unknown and is estimated as zero, while Z, is
estimated by the residual at time N. This cannot be written out explicitly as it
involves the residual at time N — | and is obtained iteratively. Nevertheless, we
find that our forecast of Xy,, (and of Xy,,, Xy+3,...) is given by
Xy +0.37(residual at time N). The difference between this forecast and Xy, ,
gives the residual at time N + 1, which can in turn be used to compute forecasts
from origin N+ 1.

It is interesting to note that the above forecasting procedure is in fact
equivalent to exponential smoothing (see Section 5.2.2), which we have
already noted is optimal for an ARIMA(O, 1, 1) model. Thus simpie

exponential smoothing could be used in this case (though not the more
general Holt-Winters method) provided the smoothing parameter is

MwaiwAdea aalsie T saiiea D A2ANRAINL S AV YA IS LV USRS SY &  pei&aaaiaNag

properly optimized. However, the careful choice of an ARIMA model using
the Box-Jenkins procedure is more satisfying.

This caamplc is one of the SlI‘I‘lpu‘:SL Box-Jenkins dndlyses that the reader is
likely to come across. An even simpler class of time series consists of those

share price series where it is found that the first differences have a correlogram
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cannot be distinguished from that of a completely random series. In
other words none of the autocorrelation coefficients of the differenced series is
significantly different from zero. This suggests that the (undifferenced) time
series can be described by a random walk model.

In the next example, we present a much more difficult example of a Box-

Jenkins analysis.

Example D.3  Airline passenger data  Table D.3 shows the monthly totals
of international airline passengers from January 1949 to December 1960. This

famous set of data has been analysed by many people including Box and

Jenkins (1970, Chapter 9). The problem is to fit a suitable model to the data
and produce forecasts for up to one year ahead.

As always we begin by plotting the data as in Figure D.2. This shows a clear
seasonal pattern as well as an upward trend. The magnitude of the seasonal
variation increases at the same sort of rate as the yearly mean levels, and this
indicates that a multiplicative seasonal model is appropriate.

It is relatively straightforward to use the Holt-Winters forecasting
procedure on these data. This procedure can cope with trend and with additive
or multiplicative seasonality (see Section 5.2.3). The details of the analysis will
not be given here as no particular difficulties arise and reasonable forecasts
result. The reader who prefers a nice simple procedure is advised to use this

method for these data.

Following Box and Jenkins (1970) and other authors, we will also try to fit
an ARTMA madel and concider fhp manv nroblems Wh](‘h QI’IQP
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The first question which arises is whether or not to transform the data. The
question of transformations is discussed in Section 2.4, and, in order to make

Table D.3 Monthly totals (X)) of international airline passengers in thousands from
January 1949 to December 1960

Year Jan Feb Mar Apr May June July Aug Sept Oct Nov Dec

1949 112 118 132 129 121 135 148 148 136 119 104 118
1950 115 126 141 135 125 170 170 158 133 114 140
1951 145 150 178 163 172 199 199 184 162 146 166
1952 171 180 193 181 183 218 230 242 209 191 172 194
1953 196 196 236 235 229 243 264 272 237 211 180 201
1954 204 188 235 227 234 264 302 293 259 229 203 229
1955 242 233 267 269 270 315 364 347 312 274 237 278
1956 284 277 317 313 318 374 413 405 355 306 271 306
1957 315 301 356 348 355 422 465 467 404 347 305 336
1958 340 318 362 348 363 435 491 505 404 359 310 337

1959 360 342 406 396 420 472 548 463 407 362 405
1960 417 391 419 461 472 535 622 606 508 461 390 432

Lh
n
o
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Figure D.2 Monthly totals of international airline passengers.

the seasonal effect additive, it looks as though we should take logarithms of the
Aata an and Tankinc (107“ n 303%) alcn took lnonrn‘hmc nf fhP data Tn
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justify this, they simply say that ‘logarithms are often taken before analysing
sales data, because it is percentage ﬂuctuation which might be expected to be
comparable at different sales volumes.” This seems rather unconvincing, and
the long discussion of Chatfield and Prothero (1973) indicates some of the
problems involved in transformation. Nevertheless, it seems fairly clear that
we should take logarithms of the data in this example, and so we shall proceed
with the analysis on this assumption. It is easy to plot the logged data using
MINITAB, which shows that the size of the seasonal variation is now roughly
constant.

We now use MINITAB to plot the autocorrelation function (ac.f.) of the
raw logged data and of various differenced series in order to see what form of
differencing is required. The first 36 coefficients of the ac.f. of the logged data
are all positive as a result of the obvious trend in the data. Some sort of
differencing is clearly required. With monthly seasonal data, the obvious

operators to try are V, V,,, VV,, and V2,

Letting ¥, (=log X,) denote the logarithms of the observed data, we start by
lanling at tha ar € AFf \7V With AN ahcarvatinane in tha diffarancad cariec a
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useful rule-of-thumb for dec1d1ng if an autocorrelation coefficient is signifi-
cantly different from zero is to see if its modulus exceeds 2/\/ N. Here the
critical value is 0.17 and we find significant coefficients atlags 1,4, 8,11, 12,13,
16, 20, 23, 24, 25 and so on. There is no sign that the ac.f. is dampmg out, and

further differencing is required. For V,,Y, the first nine coefficients are all
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positive and significantly different from zero, after which there is a long run of
negative coefficients. The series is still non-stationary and so we next try
VV,, Y,. The first 26 coefficients are shown in Figure D.3 in the same form as
presented by the MINITAB package. (One needs to look at more than two
seasonal cycles of coefficients. I actually looked at the first 38 coefficients but
only plot the first 26 to save space.) The number of terms in the differenced
series 1s now 144—12—1=131, and an approximate critical value is
2/,/131=0.18. We note ‘significant’ values at lags 1, 3, 12 and 23, but most of

the other values are ‘small’ and there is no evidence of non-stationarity. Thus

we choose to fit an ARIMA model to VV,, Y,.

It has to be admitted that our choice of the differencing operator is
somewhat subjective, and some authors prefer a more objective approach.
One possibility is to choose the differencing operator so as to minimize the
variance of the differenced series, but we did not try this here.

In order to identify a suitable ARMA model for VV, , Y, we need to calculate
the partial ac.f. as well as the ac.f. (An alternative is to use the inverse ac.f. — see
Section 11.4 - but this is not available in MINITAB.) The partial ac f. is given
in Figure D.4. As for the ac.f., coefficients whose moduli exceed 0.18 may, as a
first approximation, be taken to be significantly different from zero. In the

partial ac.f. we note significant values at lags 1, 3,9 and 12. When ‘significant’

-1.0 —0;8 -06 -0.4 -0.2 00 0.2 0.4 0.6 0.8 1.0
T Y + } :

+ 4 I
F ¥ T Ll L T

1 -0.341 2O XK HHKK XX XX
2 0.105% XXX X
3 -0.202 XX XX XX
4 0.021 XX
5 0.05%6 XX
6 0.0 XX
7 -0.056 XX
8 -0.00 X
9 0.176 XX XXX
10 -0.076 XXX
Tt 0.064 XXX
12 -0.387 POOK XXX X X KX X
13 0.152 XXX X X
14 -0.058 XX
t5 0.150 XXX XX
16 -0.139 XXX X
17 0.070 XXX
18 0.016 X
19 -0.01M X
20 -0.117 XXX X
21 0.039 XX
22 -0.09 XXX
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25 -0.100 RKXRX
26 0.049 XX

Figure D.3 The autocorrelation function of VV,, log X, as printed by MINITAB.
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2 -0.013 X

3 -0.193 XXX XXX

4 -0.125% XXX X

5 0.033 XX

6 0.035 XX

7 ~-0.060 XXX
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10 0.043 XX
1 0.047 XX
12 -0.339 WX KX XXX

13 -0.109 XX XX

14 -0.077 XXX

t5 -0.022 XX

16 -0.140 XXX X

17 0.026 XX
18 0.115 HHXX
18 -0.013 X
20 -0.167 XX XXX
21 0.132 XXX X
22 -0.072 XXX
23 0.143 XXX KX
24 -0.067 XXX
2% -0.1013 XXX X
26 -0.010 X

Figure D4 The partial autocorrelation function of VV,, log X, as printed by
MINITAB.

values occur at unusual lagged values such as 9 they are usually ignored unless
there is external information as to why such a lag should be important.

We should now be in a position to identify an appropriate seasonal ARIMA
model to fit to the data. This means that we want to assess values of p, g, Pand
Q in the model defined by equation (4.16). The seasonal values P and Q are
assessed by looking at the values of the ac{. and partial ac.f. at lags 12, 24,
36, . . ..In this case the values are ‘large’ at lag 12 but ‘small’ at lags 24 and 36,
indicating no autoregressive terms but one seasonal moving average term.
Thus we take P=0 and Q = 1. The values of the non-seasonal values p and ¢
are assessed by looking at the first few values of the ac.f. and partial ac.f. The
only ‘significant’ values are at lags 1 and 3, and these values are not easy to
interpret. An AR(3) model, as suggested by the partial ac.f., would generally
have a slowly decaying ac.f., while the MA(3) model, suggested by the ac.f,,

14 1 3 1 1
would generally have a slowly decaying partial acf. Noting that the

coefficients at lag 3 are only just ‘significant’, we could, as a first try, take just
one moving average term and set p=0 and g=1. If we now work out the
standard error of the autocorrelation coefficient at lag 3 using a more exact
formula, we find that it is notin fact significantly different from zero. This more
exact formula (Box and Jenkins, 1970, p. 315) assumes that an MA (1) model s
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appropriate rather than a completely random series for which the formula
1//N is appropriate. This result gives us more reliance on the choice of p=0
and g=1. Thus we now use MINITAB to fit a secasonal ARIMA model with
p=0,d=1,q9g=1and P=0,D=1,Q0=1.

Setting W,=VV,, log X, the fitted model turns out to be

W,=(1—0.396B) (1—0.614B8'%)a,

MINITAB readily provides estimates of the residual variation as well as a
variety of diagnostic checks. For example one should inspect the ac f. of the

1diinle that ¢
residuals to see that ‘none’ of the coefficients is significantly different from zero

(but remember that about 1 in 20 coefficients will be ‘significant’ at the 5%
level under the null hypothesis that the residuals are random). One can also
plot the observed values in the time series against the one-step-ahead forecasts
of them. In this example there is no evidence that our fitted model is
inadequate and so no alternative models will be tried.

MINITAB will readily provide forecasts of the logged series for up to
12 months ahead. The first three forecasts are 6.110, 6.056 and 6.178. These
values need to be anti-logged to get forecasts for the original series.

I hope that this example has given some indication of the type of problem
which may arise in a Box-Jenkins ARIMA analysis and the sort of subjective
judgement which has to be made. A critical assessment of the method has been

made in Section 5.4. The method sometimes works well, as in Example D.2.

However, for the airline data, the variation is dominated by trend and

seasonality and yet the complicated ARMA modelling is carried out on the

differenced data from which most of the trend and seasonality have been
removed. The reader must decide for himself if he thinks the method has beena
success here. In my view, a trend-and-seasonal modelling approach (such as
Holt-Winters) would not only be easier to apply but would arguably give more
understanding of this particular set of data.
For the reader’s assistance, I now give the MINITAB commands used in the
above analysis. Numbers are manipulated by MINITAB in columns labelled
from cl to ¢50. We read the data in cl, and put the logs in c3 and the
differenced series into c6, ¢7 and ¢8. I hope that the rest of the commands are
self-explanatory. The commands are:
set cl
- reads in data in rows of, say, six observations separated by a space or
comma. The last row of the input must be END. Data go into a column
denoted by cl. OR put the data in a datafile (outside the Minitab
package) called, say, airline and read by:
set ’airline’ cl

tsplotcl

- givesa time plot. The graphs are of much better quality if high resolution
graphics are used — see manual.
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let c3=log (cl)

tspiot c3

acf38¢3

- calculates first 38 coefficients of the ac.f. of logged data.

difference lag 1 ¢3 ¢c6

- orjust "diff 1 c3 c6". Calculates first differences of logged series.

acf 38 c6

diff 12 ¢3c7

acf 38 ¢7

diff 1 c¢7 c8

acf 38 c8

- givesac.f. of VV;logX,.

gives partial ac.f.

arlma(p 0 d=1g=1)(P=0D=1Q=1)s=12c3resinclOpredcil
orjust"arim0 1101 112c3cl0cll". This gives parameter estimates
plus their standard deviations, and the residual SS and MS. It also
looks at the ac.f. of the residuals by calculating various values of the
modified Box-Pierce (Ljung-Box) chi-square statistic (see Section 4.7)
to assess goodness-of-fit. At lag 24, for example, the statistic is 25.5 on
22 DF which is not significant and so the model is not rejected. The
command puts the residuals (= 1-step-ahead prediction errors) into c10
and the 1-step-ahead predictionsintocl].

g

1

tsplotcl0

- plots the residuals.

acfclO

- gives ac.f. of residuals. The largest autocorrelation coefficient of the
residuals up to lag 22 is —0.156 at lag 16 which is not significantly

different from zero.

ele1:13cii

- deletes the first 13 values of the l-step-ahead prediction errors in cl1
which are all zero (because of differencing).

copy c3¢23

dele 1:13 ¢c23

- deletes the first 13 values of the logged data.

plotc23cll

- plots observed logged values against 1-step-ahead predictions excluding
first 13 observations.

arim01101112c3;

forecast 12 cl12.

- same as previous arima command except that it now calculates forecast
up to 12 steps ahead together with associated prediction intervals. The

point forecasts are placed incl2.

Cn.

(l)

(=%
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let c14 = expo(ci2)

- exponentiates the forecasts so as to get forecasts of the raw, rather than
logged, data.

princl4

- prints the forecasts up to 12 steps ahead. The ]-step-ahead forecast is
450.3, for example, and the 12-step-ahead forecastis 478.2.

stop

D.4 MORE ON THE TIME PLOT

The three examples in Section D.3 have highlighted the need fora good, clear
time plot to start any time-series analysis. Some simple guidelines for

J 111

presenting clear time plots were given in Section 2.3. They include:

(a) Giveaclear, self-explanatory title.

(b) Units of measurement should be stated.

(c) Scales should be carefully chosen, including the size of the intercept.

(d) Axesshould be clearly labelled.

(e) The way the points are plotted is important. This includes the choice of
plotting symbol for each point (e.g. -, *,0r +) and whether or not points

i T

should be joined by a straight line.

The analyst needs to exercise care and judgement in applying these rules, both
in graphs drawn by hand or (more usual today) in choosing appropriate
options to produce graphs on a computer. This section takes a more detailed
look at the construction of time plots and gives two examples of poor graphs
which could readily be improved. Some useful books which cover this
material are Cleveland (1994) and Chatfield (1995a, Section 6.5.3).

Consider Figure D.5 which re-presents the airline data already plotted in
Figure D.2. I have deliberately drawn this to illustrate some common
graphical mistakes. The title ‘airline data’ does not describe the graph in
anything like enough detail. Sadly, this is the sort of title which often
appears in published graphs. The reader has to check the accompanying text
but may still not be able to find out what the graph represents. The vertical
axis is simply labelled X. The reader will therefore not know what the
variable is, nor the units of measurement. Moreover, the scale starts at 100,
rather than zero (compare with Figure D.2), and this choice of intercept
makes the percentage growth appear larger. The horizontal scale is clearly
labelled in months, but the markings on the scale are not well chosen. In
order to assess the seasonal variation, the horizontal scale needs to be
marked in years or in multiples of 12 months (not of 10).

The overall shape of a graph also needs careful attention. Some general
advice which is often given is that the slope of a graph should preferably be
between about 30° and 45° to best display a relationship. This applies, for
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Figure D.6 Anexample of a deficient computer time plot which re-presents the data
from Figure 5.1(a) using poorly labelled axes.
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example, to Figure D.1 where the overall trend is about 30° to 35°.
However, for seasonal or cyclic time series it is not aiways obvious how to
apply the guideline. Thus in Figure D.2 the slope of the trend is under 30°
while the slope of the within-year seasonal variation is much larger than 45°
in later years. It may be that more than one graph is necessary to display
different features of a series as in Figure 11.1. Do not be afraid to adopt a
trial-and-error approach.

With a good computer package, it is easy to try out different choices for a

time plot in order to see which graph is ‘best’ for the purpose intended. In
pnrtlcu}ar onecan fry rliﬁ’r—\rr-nf Phnlhpe nf QPQIP dlﬁerpnt nlnttmg vahﬂlQ

and joining up successive points or not. Sadly, many packages stlll give the
analyst little or no control over the output Figure D.6 shows a ‘typical’
example of a poor computer plot which re-presents the data shown earlier in
Figure 5.1(a). Note the poor choice of scales and the absence of labels for the
axes. If your computer package produces a graph like this, do not be satisfied
with it but rather take steps to compute an improved version of it using
different graphical options or a different package.

D.5 CONCLUDING REMARKS

I hope the examples in this appendix have illustrated some of the practical
difficulties involved in time-series analysis. They include the subjective

assessment of correlograms and spectra (not easy), decisions on whether to

transform and/or difference the data, and decisions on a choice of model.
The choice of an appropriate analysis procedure depends in part on the
objectives, which depend in turn on the particular practical context. A clear
formulation of the problem, including a careful statement of objectives, is
vital.

The possible use of ancillary information should also be considered,
although it has not been possible to incorporate it into the examples.
Example D.2, for example, demonstrates how to construct a univariate
model for the yield on short-term government securities, but this takes no
account of other economic variables. As discussed in Chapter 5, it is not
always possible to take account of such additional information in an explicit
way in a statistical model, but neither should the information be ignored. It
may, for example, be advisable to adjust the forecasts subjectively if it is
known that some special event, such as a change in interest rates, is
imminent. Alternatively, it may be worth contemplating the construction of
a multivariate model. This is just one example of how the analyst should
always be prepared to apply common sense within a given practical context
in order to carry out a successful time-series analysis (or, indeed, any
statistical investigation).
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D.6 DATA SOURCES AND EXERCISES

In order to fully appreciate the concepts of time-series analysis, it is essential
for the reader to ‘have a go’ at analysing and modelling some real time-series
data. This should preferably be some data known to the reader so that he/she
knows the context. If this is not possible, then there are numerous datasets
now available electronically and so there is little point in listing further
series here, as errors would be likely to creep in if the data were to be
retyped, quite apart from the extra effort this entails.

A large number of a datasets, including many time series, are available in
the Datasets Archive in the StatLib Index, which can be accessed via the

World-Wide-Web (WWW) at:
http://lib.stat.cmu.edu/

This gives access to numerous datasets which can readily be transported back
to fhP ana]vcr s home dlrpnfnrv Thev include. for examnle all the data listed

A fRiakeiy AANSLAINS RBLL W wLRSE F AWy AIAWILINEW, LW vl\ullll-’l.\/ CAEL Lilw SALd LIOoVWwAS

in Andrews and Herzberg (1985), which can be obtained by ‘clicking’ on the
dataset called Andrews. This dataset includes the monthly sunspots data and
the annual Canadian lynx trapping data referred to in Section 11.1.1, to
name but two series. The StatLib Index also includes many other time
series including some 300 series in a dataset called hipel-mcleod and the
time series used in Percival and Walden (1993) in a dataset called sapa.
The lynx and sunspots series are also available in the datasets supplied
with the S-PLUS package. Many other packages, such as MINITAB, also
incorporate files containing a variety of datasets in such a way as to make
them readily available to the user. Additional datasets can also be accessed
in other ways via the internet. In addition to Andrews and Herzberg (1985),
several other books also list specimen datasets and Hand et al. (1994), for
example, include a data disk containing all the data listed in the book. The

time series include the lynx data and the annual (but not monthly) sunspot
numbers.

It is difficult to set realistic practical exercises here. | suggest the reader
1111511{ like to start b oy \1c )anary'smg the airline data (See Tabie D. .J} and
working through Example D.3. This analysis can then be readily extended in
various ways. The dataset is rather unusual because the operator V'V, acting
on the raw (as opposed to the logged) data actually looks rather more
stationary than when applied to the logged data. Check to see if you agree.
The ac.f. may suggest the (very simple) seasonal ARIMA (SARIMA) model
of order (0 1 0) (0 1 0);,. Fit this model using MINITAB (or some other
suitable package) and examine the residuals. Do any other SARIMA
models look worth trying? A standard procedure for removing a trend and
multiplicative seasonal effect is to use the operator V*}Z rather than VV,.

Apply this operator and see if you get a stationary series. Compare the
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out-of-sample forecasts you get of, say, the last year’s data by using your
preferred SARIMA model for the raw and for the logged data. (Calculate
the mean absolute forecast error or the sum of squares of the forecast errors
according to taste.) You will of course have to back-transform the forecasts
of the logged data in order to make this comparison. Remember that for
forecasts to be ‘fair’, they should not use the data to be forecast when fitting

the model. Thus all your models should be constructed without using the last

year’s data if the latter are to be used in your forecasting competition. This
exercise is by its nature rather open-ended as will normally be the case when
modelling real data. It illustrates the difficulty of modelling when the
structure of the model is not assumed a priori.

The reader should now move on to analyse some new data, either from
problems known personally to him/her or using the data sources given
above. It may be wise to start with a non-seasonal series, such as that listed
in Table D.2 and analysed in Example D.2. The identification of a model for
non-seasonal series is easier than for a seasonal series. The only differences
which need to be considered are V and possibly V2.

Whatever analyses you do, always start by plotting the data. Look for
trend, seasonality, outliers, errors and missing observations. If you are
trying to fit an ARIMA model, look at the ac.f. and the partial ac.f. of the

original series and of various differenced series. Consider the possibility of

transforming the data. Look at the within-sample fit but also look at out-of-
sample forecasts. Remember that more comphcated models with more
parameters will usuaily give a smaller (within-sample) residual sum of
squares (where a residual is a one-step-ahead forecast error) but that this
better fit may not be translated into better (out-of-sample) forecasts. A
measure of fit such as AIC (see Section 13.1) is needed to balance goodness-
of-fit with the numbers of parameters.
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Answers to exercises

Chapter 2

2.1

2.2

24

2.5

(b) There are various ways of assessing the trend and seasonal effects.
The simplest method is to calculate the four yearly averages in 1967,
1968, 1969 and 1970, and also the average sales in each of periods I,
II,..., XIII (i.e. row and column averages). The yearly averages
estimate trend, and the differences between the period averages and the
overall average estimate the seasonal effects. With such a small
downward trend, this rather crude procedure may well be adequate. It
has the advantage of being easy to understand and to compute. A more
sophisticated approach is to calculate a 13-month simple moving
average, moving along one period at a time. This will give trend values
for each period from period 7 to period 46. Extrapolate (by eye) the
trend values to the end of the series. Calculate the difference between
each observation and the corresponding trend value. Hence estimate

the average seasonal effects in periods I, . . ., XIII.

This exercise is easy to do using MINITAB. We find r, = —055. If a
calculator is used, note that

N-1
; (xt—f) (xt+1_“i)

t=1 t=1

N-1 N—-1 N
= Z x:xt+1_i( Z X, + Z x:\'*‘(N_l)fz
=2/

For this particular set of data, X happens to be one, and it is easier to
subtract one from each ob iot

-

~
1V,

%)

1 ODSErvatlion

iZ/\/N = +0.1. Thus r, is just ‘significant’, but unless there is some
physical explanation for an effect at lag 7, there is no real evidence of

non-randomness, as one expects 1 in 20 values of r, to be ‘significant’
when data are random.

(b) Vi.



272  Answers to exercises
Chapter 3
3.1 j 1 k=0
0.56/1.53 k=+1
plg= < 02010 k=
—VY.2/1.00 K= T
L 0 otherwise
3.3 Var(X))is not finite. Y,=2,+(C—-1)Z,_,
1 k=0
py(l)= < (C=1/[1+(C-1)*]  k=+1
0 otherwise
34 pk)=07M k=0, +1, +2,...
Note that this does not depend on .

3.6 We must have 2)1/2| < 1. If A2+44,>0, we can easily
show J _L) <1, and A, _.42‘3 _.I 1f JZJ—AJZ<Q roots are ggrpnlpv
and we ﬁnd hy>—1.

3.8 yyk)=2yx(k)—yx(k+1)—yx(k—1)

3.9

3.1

[
;--A
[\

3.13

2—24 k=0
Yy(k)z{“

A1 -2 k=41, +2,...

All three models are stationary and invertible. For model (a) we have
X=Zt+0'3 Zt—‘l +0.3ZZI_2+

First evaluate y(k). Find
y0)=0az(1+ B* +2af)/(1—a?)

y()=0z(x+af® +a?B+p)/(1—o?)
yk)=ay(k—1) k=2,3,...

Note that E(X,Z,)=03, and E(X,Z,_,)=(x+ B)o3

(@) p=d=g=1
(b) N
{c) 0.7,0.64, 0.628.
(d) 0.7, 0.15, 0.075, 0.037.
45 (3\K 7 71\
g =33(f) _36(;) k=0, £1, £2
SO \"f/ SO \'1’/
The AR(3) process is non-stationary, as the equation (1— B—cB*+

CRIV=0Q has A taat ax the, waik csale, namely =1,

3.14 Cov[Ye®, Ye ?t*9]=¢~ " Cov[Y, Y] does not depend on t.

Chapter 4
42 E(x,—x%)(x,_,—%X)=8,Z(x,_, — %)+ +d,Z(x,-,— %) (x,~, —X)

2(x,— %) (x,_,—X)=8,Z(x,_, —X) (X, ,~X)+ - +4,2(x,_,—X)?
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All summations are for t =(p+ 1) to N. These equations are the same as
the sample Yule-Walker equations except that the constant divisor
2(x,—X)? is omitted and that v, is estimated from (N—p) instead of
(N —k) cross-product terms,

4.3 When fitting an AR(2) process, 7, is the coefficient «,. For such a
process, the first two Yule-Walker equations are: p(2)=a,p(1)+a,;
p(1)=o, +a,p(—1)=0, +a,p(1). Solve for a, by eliminating o, .

4.4 Ip =9/21 =1

../,

ND

o

i>0
Note that «, satisfies the equality in Exercise 4.3,

4.5 Values outside +2/,/100= +0.2 are ‘significant’, ie. r, and r,. A
second-order MA process has an ac.f. of this type.

46 The acf. of X, indicates non-stationarity in the mean. Take first
differences. None of the autocorrelations for VX, is significantly large
(all are less than + 2/\V/60). So an ARIMA(O, 1, 0) or random walk is a
possible model. Would like to see a time plot of the data and get any
relevant external information.

Chapter 5
5.4 Suppose we denote the model by

nl2yvrrs

(i—aB “)W,=(1+6B)Z or

X=Z+0Z_+(1+a)X,_,—aX,_,

1+o?)x,\,+k_12 axN+k_24 k=2,3,...,12

£ K A 1Y —1 D+ Ny N K
[ e J\a\i', 'l}_‘l"")\'N ULAN 1 . V 9 JLN

X(N,2)=12%(N, 1)—0.2x,

Varle(N, k)]=03 when k=1,1.49¢; when k=2 and 1.900% when k=3,
Chapter 6

6.1 (a) f(w)=0%/n(1—-2Acosw+4*) forO<w<n
(b) f*(@)=(1—22)/n(1 — 24 cos w+ i2)

6.2 (a) flw)=03[3+2(2 cos w+cos 2w)]/n
(b)J( ) %[1 J*++4\U35COS(1)—UJC"32 ]/
6.3 The non-zero mean makes no difference to the acv.f.,, ac.f. or spectrum.
(18907 k=0
1.2 62 k=+1
MK=90562 k=42

L0 otherwise
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(1 k=0
CJ1.2/189  k=+1
plk) = i 0.5189 k=+2
0 otherwise

-

6.4 pk)= f"f*(w) cos wk dw

0
P cos wk'|"
== 252
L " n _]0
6.5 Clearly E[X(t)]=0
ETX(t)X(t+u)]=P[X(t) and X(t +u) have same sign]

— P[X(t) and X(t + u) have opposite sign]
Hint: P(even number of changes in time u)

=C-Au[1+uu) , ) *J

2! 4!

=e—Au(e.‘m +e—}m)/‘2

Chapter 7

Mo nk\ 2
7.6 2N/ Y —<1+cos-) =8N/(3M +2)->8N/3M as M— 0

k=M 4 M
Chapter 8

0.2
81 fo (@ =-2[8,.8,+B..8,,+8,, e ®+8,,e"]
Xy s e LF11FZ1 F12F 22 Fil 12 i |

8.2 Use the fact that Var[4, X(¢) + 4, ¥Y(¢t +1)] =0 for any constants 4, 4,
(e.g. pllt A‘l :GY’ Azzax_)pxy'; - 1).

[ 08462 k=0
k) = —046; k=1
W= 1046l k=—1

0 otherwise
c(w)=0.84 o/n
q(w)= —0.8 63 sin w/n
(@) = % J/(0.842 +0.8? sin® w)

NQ cin /N QA
V.0 51l (W/V.0%
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Chapter 9
9.1 Selected answers only:
(a) 3 k=+1
h,=+1 k=0
0 otherwise
(0 t<—1
0 t=-—1
— 2
5= 13 t=0
2 t>1

H(w )——;,_e_“”+1+2 e'¢ = 1+cos
G(w)=

H(w) since H(w) is real.

CD

1 2
(b) H(w)=;+;cosw+20032w

- < -

(c) j+1 k=0

L 0 otherwise

(a) and (b) are low-pass filters. (c) and (d) are high-pass filters. The
combined filter has

1 2 2
H(w)=(1+cos w)(:+;cosw+;cos 2w\
\» D J

9.2 (a) Hw)=ge ™" w>0
(b) H(w)=g(i—iwT)/(1+’T") >0
k12152 /(1 — kev

94 'V(k) ja ¢ /( a) ] Je_ln
10 K 0Gd

frlw)=fz(w)/(1 —2x cos 2w+ a?) O<w<m

Chapter 10
10.2 We have
Xy=pp+n,
Xi=p +n=p,— B +m
=p,—Brtn +w,
Thus

FIE I ke
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1 o1t ofx,
Tl -1 x| {1 —1]lx

(see equation (10.17))

So

To find P,, var(,) for example is
E(X, =X, —B,)* =E(n,—n, + f,—w,— §,)* =202 +02
Using the Kalman filter, find
_ [5/6:'
1/2

~ 2X,— X, 5 3
0,,=|"7% "t pP =03[ ],K
3[2 [Xz-Xl:l 3]2 3 2 3

Hence 93 using equation (10.13).

0 1
103 (a) h™=[1,0]; G= [O 0} w; =[1, f]Z. Alternatively if we take
67 =X, Z), then 6= g}
(b) Try 8] =[X,, X(1, 1), X(t, 2)1=[X,, ,Z+ B,Z,_ 1» B2Z,] with

o]

Ortry 8/ =[X,Z,Z_,].
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Aggregated series 5, 85
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Akaike’s information criterion (AIC)
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Amplitude 92, 110
Angular frequency 93
ARARMA method 76
ARCH model 205
ARIMA model 42, 59
ARMA model 40-2, 59
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Autocorrelation coefﬁclent 19
Autocorrelation function 29-31
estimation of 49-53
of various models 32-40
Autocovariance coefficients
circular 121
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Autocovariance function 28, 29

estimation of 49-53
Autocovariance generating function
47
Automatic forecasting procedure 67,
80
Autoregressive/moving-average
(ARMA) process 40-2, 59
Autoregressive (AR) process 3540
estimation for 53-6
10N 1<

1VV, 1VJ

20, 29

spectrum of

state-space representation 185
Autoregressive spectrum estimation
230-1

Back forecasting 57
Band-limited 126

Bandwidth 124

Bartlett window 114

Basic structural mode! 184
Bayesian forecasting 76, 185
Bayesian vector autoregression 222
BDS test 213

Beveridge wheat price index series 1
BIC criterion 226

Bilinear model 201

Binary process 4

Bispectrum 198

Bivariate process 136-47
Box-Cox transformation 12
Box-Jenkins approach 71, 173
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Box-Jenkins forecasting 71-5, 81-2,
84, 251

Box-Jenkins seasonal model

Business cycles 10

60, 255

Calendar effects 18
CAT criterion 226
Change points 228
Chaos 210-13
Closed-loop system
Coherency 142
Co-integration 223
Combination of forecasts 84, 229
Complex demodulation 227
Computer packages 246
Continuous process 43
Continuous time series 4
Continuous trace 2

Control theory 7, 229-30
Convolution 16
Correlation coefficient
Correlogram 20, 51
Co-spectrum 141
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-3
-3

19, 243



Covariance 2434
Cross-amplitude spectrum 141
Cross-correlation function 137-40
Cross-covariance function 136-9
Cross-periodogram 146
Cross-spectrum  140-7

Crossing points 231
Curve-fitting 13

Cyclic changes 9

Delayed exponential response 152
Delphi technique 66

Delta function 152, 241-2
Descriptive methods 9
Deterministic process 45
Deterministic series 5

Diagnostic checking 72
Dickey-Fuiler test 235
Difference-stationary series 235
Differencing 17, 18

Digitizing 125, 132

Dirac delta function 152, 241-2
Discounted least squares 76
Discrete time series 3

Distributed lag model 173, 219
Double exponential smoothing 76
Durbin-Watson statistic 62

T me i anr
pynamic linear model 186

Econometric model 76, 78

Economic time series 1

End effects 14

Endogenous variables 78

Ensemble 27

Equilibrium distribution 29

Ergodic theorems 52

Error-correction form 69

Evolutionary spectrum 195

Ex ante forecast 77

Exogenous variable 78

Exponential response 152, 160

Exponential smoothing 15, 68-70,
183, 191

Ex post forecast 77

Extended Kalman filter 190

Fast Fourier transform 118-21
Feedback control 176-8

Filter 13

Filtering 90

Subject index 281

Final prediction error (FPE)
criterion 226
Forecasting 7, 66-91
competition 79

| o "
Lourici aua}yms 105-9

Fourier transform 97, 237-40

Fractional ARIMA model 234-6

Frequency 92

Frequency domain 7

Frequency response function 154
estimation of 170-3

Gain 152, 155, 158

spectrum 142
CARCH model 205
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General exponential smoothing 76
General linear process 43, 196
Global trend 13, 184

Gompertz curve 13, 68

Growth curve 68

Hamming 116
Hannan-Rissanen procedure 59
Hanning 116
Harmonic 113, 132

analysis 109
Henderson moving average 14
High frequency spectrum 99
High-pass filter 15, 159, 168
Holt-Winters procedure 70-1, 80, 84
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estimation of 175
Integrated model 42, 59
Intervention analysis 227
Inverse ac.f. 225
Invertibility 34

Jackknife estimation 50

Kalman filtering 59, 181, 185,
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Kernel 122
Kriging 232

Lag 29

Lag window 114
Langevin equation
Laplace transform 156
Lead time 66

Linear filter 13

157, 239
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Linear model 196

Linear grow th model }84, 191

Linear system 6, 149-80
identification of 169-78

Local trend 13, 184

Logistic curve 13, 68

Logistic map 210

Long memory model 234

Longitudinal data 233

LOWESS 233

Low frequency spectrum 99

Low-pass filter 15, 159, 168

Markov process 35, 103

Martingale 198

M-competition 80

Mean 28

Median smoother 233

MINITAB 246, 252-7
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Model building 634, 187

Model uncertainty 228-9

Moving average 14

Moving average (MA) process 33-5
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Multivariate normal distribution 30
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Open-loop system 176
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65
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Point process 4
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13, 68

interval 68, 85, 214

stage 187

theory 89-90
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Process control 3

Projection method 67
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Purely random process 31, 197
Quadrature spectrum 141
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Spectral density function 92, 96-102

of an AR nrocess 100. 165
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of an MA process 99, 164
estimation of 105-35



Spectral distribution function 92

Spectral representation 94

Spectral window 122

Spectrogram 111

Spectrum 96

Spencer’s 15 point moving average
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Spline 14, 232

Stable system 150, 157

State-space model 181-7

State variable 181

State vector 181
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Steady model 183

Steady state 156
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Stepwise autoregression 75

Stochastic process 27, 31

Stochastic series 5
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Structural modelling 76, 184-5
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System equation 182
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Time invariance 149
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Transformations 11
Transient 156
Transition equation 182
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