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Preface

What is the book and why was it written?

This book is a guide to analyzing and modeling financial time series us-
ing S-PLUS and S+FinMetrics. It is a unique blend of econometric theory,
financial models, data analysis, and statistical programming. It serves as a
user’s guide for Insightful’s S+FinMetrics module of statistical functions
for financial time series analysis and financial econometrics as well as a gen-
eral reference for models used in applied financial econometrics. The format
of the chapters in the book is to give a reasonably complete description of
a statistical model and how it works followed by illustrations of how to
analyze the model using S-PLUS and the functions in S+FinMetrics. In
this way, the book stands alone as an introduction to financial time series
analysis as well as a user’s guide for S+FinMetrics. It also highlights the
general analysis of time series data using the new time series objects in
S-PLUS 6.

Intended audience

This book is written for a wide audience of individuals who work, do
research or study in the areas of empirical finance and financial economet-
rics. The field of financial econometrics has exploded over the last decade,
and this book represents an integration of theory, methods and examples
using the S-PLUS modeling language to facilitate the practice of financial
econometrics. This audience includes researchers and practitioners in the
finance industry, academic researchers in economics and finance, and ad-
vanced MBA and graduate students in economics and finance. Researchers

This is page xiii
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and practitioners in the finance industry who already use S-PLUS and de-
sire more functionality for analyzing and modeling financial data will find
this text useful. It is also appropriate for financial analysts who may not
be familiar with S-PLUS but who desire an integrated and open statistical
modeling and programming environment for the analysis of financial data.
This guide is useful for academic researchers interested in empirical finance
and financial econometrics. Finally, this book may be used as a textbook
or a textbook companion for advanced MBA and graduate level courses in
empirical finance and financial econometrics.

Audience background

It is assumed that the reader has a basic familiarity with S-PLUS at the
level of Krause and Olson (2002) and a background in mathematical statis-
tics at the level of Hogg and Craig (1994), is comfortable with linear algebra
and linear regression, and has been exposed to basic time series concepts as
presented in Harvey (1993) or Franses (1998). Most importantly, the book
assumes that the reader is interested in modeling and analyzing financial
time series.

Overview of the book

The chapters in the book cover univariate and multivariate models for an-
alyzing financial time series using S-PLUS and the functions in S+FinMetrics.
Chapter one gives a general overview of the use of S-PLUS 6 and highlights
certain aspects of the language for statistical modeling. Chapter two intro-
duces the new time series objects in S-PLUS 6 and illustrates the specifica-
tion, manipulation and visualization of these objects. Chapter three surveys
time series concepts used throughout the book. Chapters four through eight
cover a variety of topics in the modeling of univariate financial time series,
including testing for unit roots, extreme value theory, time series regression
models, GARCH models of volatility, and long memory models. Chapter
nine introduces rolling analyses of time series models and covers related
topics such as technical analysis of financial time series and moving aver-
age methods for high frequency data. Chapters ten through fifteen cover
models for the analysis of multivariate financial time series. Topics include
systems of regression equations, classical and Bayesian vector autoregres-
sive models, cointegration, factor models, multivariate GARCH models,
and state space models. Chapter 16 covers aspects of modeling time series
arising from fixed income financial assets. Chapter 17, written by Victor
Yohai and Jiahui Wang, describes robust REGARIMA models that allow
for structural change.

What is S+FinMetrics?



Contents XV

S+FinMetrics is an S-PLUS module for the econometric modeling and
prediction of economic and financial time series. With some 600 functions,
version 1.0 of S+FinMetrics offers the following functionality:

Easy-to-use Trellis plots for multivariate time series

Time series manipulations such as missing value interpolation, dis-
aggregation, differences, distributed lags and polynomial distributed
lags

Rolling sample statistics such as variance, maximum, and minimum

Moving average operators for both regularly spaced and irregularly
spaced time series

Common technical analysis measures and indicators

Statistical tests for normality, autocorrelation, heteroskedasticity, mul-
ticollinearity, GARCH effects, and long memory

Extreme value theory models based on generalized extreme value and
generalized Pareto distributions as well as copulas

Autoregressive distributed lag regression models

White and Newey-West corrections for heteroskedasticity and serial
correlation

Robust estimation of REG-ARIMA models and robust detection of
level shifts, trend breaks, and outliers

Rolling and recursive regression
Generic rolling models for back-testing
Long memory fractional ARIMA and SEMIFAR models

Univariate GARCH models including long memory FIGARCH mod-
els

Multivariate GARCH models

Linear and nonlinear systems of regression equations
Classical and Bayesian vector autoregression models
Tests for unit roots and cointegration

Vector error correction models

State space models and efficient estimation, prediction, smoothing,
and simulation using the Kalman filter
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e Statistical multifactor models for large data sets based on asymptotic
principal components

e Term structure interpolation

S+FinMetrics incorporates functions from S+GARCH, the EVIS library of
functions for modeling extreme values created by Alexander McNeil, the
EVANESCA library of functions for modeling extreme values utilizing cop-
ulas created by Rene Carmona, and the SsfPack C library of state space
modeling functions created by Siem Jan Koopman. S+GARCH was originally
developed by Zhuanxin Ding, Hong-Ye Gao, Doug Martin, Jiahui Wang
and Yihui Zhan. The S+FinMetrics function arima.rob was written by
Ana Bianco, Marta Garcia Ben, Elena Martinez and Victor Yohai. The
S+FinMetrics long memory modeling functions FAR, FARIMA, SEMIFAR and
fgarch were developed by Jan Beran, Andrew Bruce, Don Percival, Alan
Gibbs and Jiahui Wang and supported by NSF grant DMI-9801614 to In-
sightful Corporation (formerly MathSoft, Inc.). Hu McCulloch kindly pro-
vided the term structure data included with S+FinMetrics, and James
MacKinnon provided data sets for the response surface critical values for
the Dickey-Fuller and Phillips-Ouliaris distributions.

Contact information and website

The authors are responsible for all of the material in the book except the
material on robust change detection, which was written by Victor Yohai.
Eric Zivot is primarily responsible for chapters 2-6, 9-12 and 14-15 and
Jiahui Wang is primarily responsible for chapters 1, 7-8, 13, and 16. The
authors may be contacted by electronic mail at

ezivot@u.washington.edu
jwang@insightful.com

and welcome feedback and suggestions for improvements to the contents of
the book. The website for the book is located on the Insightful Corporation
website at

http://www.insightful.com/support/finmetrics10

Acknowledgements.

This book would not have been written without the support and encour-
agement from Insightful Corporation. The idea for the S+FinMetrics mod-
ule was conceived by Douglas Martin and the authors. The development
of S+FinMetrics was completed at Insightful by Jiahui Wang, Quan Wen



Contents xvii

and Hui Huang with help from many people. In particular, Jan Beran wrote
many of the long memory functions while acting as a consultant to Insight-
ful. Siem Jan Koopman helped to incorporate the SsfPack functions into
S-PLUS and to write the chapter on state space models. Alexander McNeil
and Rene Carmona graciously provided background material and S-PLUS
examples for the material in the chapter on modeling extreme values. A
number of people were helpful in proofreading the book and testing the soft-
ware. Particular thanks go to Andrew Bruce, Chuck Curry, Zhuanxin Ding,
Ruud Koning, Steve McKinney, David Weitzel, Quan Wen and Bingcheng
Yan.

Topographical conventions

This book obeys the following typographic conventions:

e The italic font is used for emphasis, and also for user-supplied vari-
ables within UNIX, DOS and S-PLUS commands.

e The typewriter font is used for S-PLUS functions, the output of
S-PLUS functions and examples of S-PLUS sessions.

e S-PLUS objects of a specified class are expressed in typewriter font
enclosed in quotations “”. For example, the S-PLUS function timeSeries
creates objects of class “timeSeries”.

Displayed S-PLUS commands are shown with the prompt character >. For
example

> summary (ols.fit)

S-PLUS commands that require more than one line of input are displayed
with the continuation prompt indicated by + or Continue string:. The
S-PLUS output and plots in this book were generated from S+FinMetrics
Version 1.0 and S-PLUS Version 6.0 release 2 for Windows. The S-PLUS
output and “timeSeries” objects were generated with the options settings

options(width=60)
options(time.zone="GMT")

In some cases, parts of long output from S-PLUS functions is omitted and
these lines are indicated by

Some of the output has been hand edited to avoid line overflow.
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S and S-PLUS

1.1 Introduction

S-PLUS is a commercial software package developed by Insightful Corpo-
ration, based on the S language originally developed at Bell Laboratories
(of AT&T and now Lucent Technologies) for statistical computation and
visualization. Both S and S-PLUS have evolved through many versions. In
1999 John M. Chambers, the principal developer of S language, received
the prestigious Software System Award from the Association for Comput-
ing Machinery (ACM), which has been awarded to UNIX, TEX, PostScript,
TCP/IP and World Wide Web in the past.

The discussion of S language in this book is based on S-PLUS 6, which
is supported on Microsoft Windows, Sun Solaris, and LINUX operating
systems. In addition to S-PLUS 6 Programmer’s Guide, there are many
excellent books available introducing different aspects of S and S-PLUS (see
Section 1.4 for a list of them), and refer to these books if you are not familiar
with S or S-PLUS. This chapter has a rather limited goal: to introduce
the object oriented approach of S language and summarize some modeling
conventions that will be followed in this book. Section 1.2 introduces the
concept of objects in S language, and Section 1.3 summarizes the usage
of modeling functions in S-PLUS and S+FinMetrics. Finally, Section 1.4
points out some useful resources for learning and using S-PLUS.

This is page 3
Printer: Opaque this



4 1. S and S-PLUS
1.2 S Objects

1.2.1 Assignment

As the S language evolved over time, different assignment operators have
been used, such as =, <=, <<-, and _ (underscore). This book will use the
assignment operator = whenever possible, because it is more intuitive and
requires only one key stroke. For example, in the command window of an
S-PLUS session, use the following command to assign the value of 3 to a
variable called a:

>a=3
> a
[1] 3

When the name of the variable is typed at the command prompt, the value
of the variable is printed on screen with an index [1]. Since _ is reserved
as an assignment operator, it cannot be used in the names of any object.
Avoid the use of _ as an assignment operator, because the code may look
confusing to someone who is not familiar with S.

Although = has been chosen as the assignment operator whenever pos-
sible, only <- can be used as the assignment operator if the assignment is
inside a function call." For example, suppose the user wants to assign the
value of 10 to the variable a, and use a to initialize a 5 x 5 matrix. If = is
used as the assignment operator, an error message appears:

> matrix(a = 10, 5, 5)
Problem in matrix: argument a= not matched: matrix(a = 10, 5, 5)
Use traceback() to see the call stack

But if the assignment operator <- is used, the desired behavior is achieved:

> matrix(a <- 10, 5, 5)

[,11 [,2]1 [,3] [,4] [,s5]
[1,] 10 10 10 10 10
[2,] 10 10 10 10 10
[3,] 10 10 10 10 10
[4,] 10 10 10 10 10
[5,] 10 10 10 10 10
> a
[1] 10

and 10 is successfully assigned as the value of a.

IThe reason is that S-PLUS functions allow optional arguments with default values,
and = is used to set the default values in a function call.
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1.2.2 C(Class

Since the S language is object oriented, everything in S-PLUS is an object
with a class, and the class function can be used to find out the class of
an object. For example:

> class(a)
[1] "integer"

thus the variable a has class “integer”. Explicitly using the decimal point
forces an integer number to be stored in double precision:

> b = 100000.
> class(b)
[1] "numeric"

A number with double precision in S-PLUS has class “numeric”. In most
situations S-PLUS is “smart” enough to perform computations in double
precision if necessary. However, one has to be a little careful with integer
arithmetic. For example, the following operation returns an NA:

> 100000 * 100000
[1] NA

because in this case, the multiplication is performed in integer mode, and
the largest integer on a 32-bit machine is:

>2731 -1
[1] 2147483647

which can be verified by querying the integer.max component of the ma-
chine constant object in S-PLUS:?

> .Machine$integer.max
[1] 2147483647

However, since the variable b created earlier is stored in double precision,
the multiplication using b would return the desired result:

>b * b
[1] 1e+10

Together with “logical” and “character”, “integer” and “numeric”
objects are known as the atomic objects, upon which the user can build
more complicated data structure, such as matrix, list, data frame, function,
etc. For example, use the concatenation function ¢ to combine the variables
a and b into a vector, and use the matrix function to reshape it intoa 2 x 1
matrix:

2See the on-line help file for .Machine for other components in the list.
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> abMat = matrix(c(a,b), nrow=2)
> class(abMat)
[1] "matrix"
> abMat
[,1]
[1,] 1e+01
[2,] 1e+05

As another example, although matrix is a built-in function in S-PLUS,
it is just another object in S-PLUS:

> class(matrix)
[1] "function"
> matrix
function(data = NA, nrow = 1, ncol = 1, byrow = F, dimnames)
{
if (missing(nrow))
nrow <- ceiling(length(data)/ncol)
else if (missing(ncol))
ncol <- ceiling(length(data)/nrow)
dim <- c(nrow, ncol)
if (length(dim) != 2)
stop("nrow and ncol should each be of length 1")
value <- if(byrow) t(array(data, dim[2:1])) else array(data, dim)
if (!missing(dimnames))
value@.Dimnames <- dimnames
value

The preceding output shows that matrix is just a “function” object. When
the name of this object is typed, S-PLUS prints its function definition on
the screen.

Most complicated S-PLUS objects are constructed as a list. For example,
combine the variables a and b into a list as follows:

> abList = list(aComponent=a, bComponent=b)
> class(abList)

[1] "list"

> abList

$aComponent:

[1] 10

$bComponent:
[1] 1e+05
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where the names aComponent and bComponent are given to a and b, re-
spectively. Use the length function to find out the number of components
in a list and the names function to extract the names of those components:

> length(abList)

[1] 2

> names (abList)

[1] "aComponent" "bComponent"

A particular component of a list can be extracted using the $ operator. For
example:

> abList$aComponent
[1] 10

or the [[ operator:

> abList[[2]]
[1] 1e+05

S-PLUS 6 is based on S language Version 4 (SV4). In SV4, a new class
structure is introduced to build more complicated objects, as an alterna-
tive to using lists. One example is the “timeDate” objects in S-PLUS. For
example, in the following example, use the timeDate function to parse a
vector of character strings representing some dates:

> timeStamp = timeDate(c("1/1/2001", "1/2/2001", "1/3/2001"))
> timeStamp

[1] 01/01/2001 01/02/2001 01/03/2001

> class(timeStamp)

[1] "timeDate"

The names function cannot be used with these new class objects, which
will be referred to as SV4 objects. Instead, use the slotNames function to
extract the names of their components. For example:

> slotNames (timeStamp)
[1] ".Data" ".Data.names" " .Data.classes" "format"
[5] "time.zone"

A “timeDate” object has five slots. Instead of using the $ operator as
for lists, use the @ operator to extract the component in a particular slot.
For example:

> timeStamp@.Data
[[11]:
[1] 14976 14977 14978

[[211:
[11 000
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The .Data slot of a “timeDate” object actually stores a list with two
components.?

One difference between the list based objects and SV4 objects is that
the list based objects are more flexible and thus prone to cause accidental
programming errors if a programmer is not careful enough. In contrast, the
SV4 objects are more stringently defined and can lead to robust software
and computational efficiency. For example, the user can add or delete a
component to a list at will:

> abList$anotherComponent = "a string component"
> abList

$aComponent:

[1] 10

$bComponent :
[1] 1e+05

$anotherComponent:
[1] "a string component"

> abList$aComponent = NULL
> abList

$bComponent:

[1] 1e+05

$anotherComponent:
[1] "a string component"

However, an SV4 object is strictly defined, and a component cannot be
edited unless it is defined in its declaration:

> timeStamp@time.zone

[1] "GMT"

> timeStamp@time.zone = "Pacific"

> timeStamp@anotherSlot = "no way"

Problem in timeStamp@anotherSlot = "no way": Class "timeDate"

has no "anotherSlot" slot
Use traceback() to see the call stack

1.2.8 Method

Many S-PLUS functions are defined as generic in the sense that the user
has the freedom of defining his or her own method for a particular class.

3The first component represents the Julian dates, and the second component repre-
sents the milliseconds elapsed since midnight of each day.
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For example, the print and summary functions in S-PLUS are so generic
that they work with any object and may generate different types of results
depending on the class of the object.* For example:

> summary (abMat)
Min. 1st Qu. Median Mean 3rd Qu. Max.
10 25008 50005 50005 75002 100000
> summary (abList)

Length Class Mode
bComponent 1 numeric
anotherComponent 1 character

For a numeric matrix object, the summary method generates some sam-
ple statistics, while for a list object, the summary method summarizes the
length and mode of each component.

In the above example, S-PLUS is “smart” enough to figure out the ap-
propriate method to use for the generic summary function. If the name of
the method function is known, the user can also call the method function
directly. For example, if the user types matrix at the command prompt,
S-PLUS will dispatch the print method for “function” objects because
matrix is a “function” object. However, it can also call the function
print.list on a “function” object to view the object using another for-
mat:

> print.list(matrix)
$data:
NA

$nrow:
[1] 1

$ncol:
[1] 1

$byrow:
F

$dimnames:

$Il|l:
{

if (missing(nrow))

4In fact, typing the name of an object at the command prompt, S-PLUS calls the
print method of that object automatically. So any print methods rarely need to be
called explicitly, except for Trellis graphics objects.
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nrow <- ceiling(length(data)/ncol)
else if (missing(ncol))
ncol <- ceiling(length(data)/nrow)
dim <- c(nrow, ncol)
if (length(dim) != 2)
stop("nrow and ncol should each be of length 1")
value <- if(byrow) t(array(data, dim[2:1])) else array(data, dim)
if (!missing(dimnames))
value@.Dimnames <- dimnames
value

1.3 Modeling Functions in S+FinMetrics

In this book, many statistical and econometric examples are illustrated
using modeling functions in S+FinMetrics. Some modeling functions in
S+FinMetrics are named using upper case acronyms as they are known
in the literature, because S is case sensitive and it distinguishes between
upper case and lower case letters.

1.8.1 Formula Specification

For many modeling functions in S+FinMetrics, S formulas are used to spec-
ify the model to be estimated. Chambers and Hastie (1993) and S-PLUS
Guide to Statistics provide detailed examples of how to specify models using
formulas in S. This section points out some restrictions in formula spec-
ification so that the user can avoid some errors in using these functions.
For illustrations, use the S-PLUS 1m function as an example of modeling
function.

If a formula is used to specify models in a modeling function, usually at
least two arguments are supplied to the function: a formula object and a
data object. The args function can always be used to find out the argument
names of any function:

> args(1m)

function(formula, data, weights, subset, na.action, method =
"qr", model = F, x = F, y = F, contrasts = NULL, ...)

NULL

The data object must be a “data.frame” object, or a “timeSeries”
object with a “data.frame” in its data slot. First create a data frame
using the S-PLUS data objects stack.x and stack.loss:

> stack.df = data.frame(Loss=stack.loss, stack.x)
> colIlds(stack.df)
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[1] "Loss" "Air.Flow"  "Water.Temp" "Acid.Conc."

so the data frame stack.df has four columns with variable names as shown
above.

To regress the variable Loss on Air.Flow, and Water.Temp using least
squares, use the 1m function as follows:

> test.mod = 1lm(Loss™Air.Flow + Water.Temp, data=stack.df)
> test.mod

Call:

Im(formula = Loss ~ Air.Flow + Water.Temp, data = stack.df)

Coefficients:
(Intercept) Air.Flow Water.Temp
-50.35884 0.6711544  1.295351

Degrees of freedom: 21 total; 18 residual
Residual standard error: 3.238615

Notice that in the first formula object, Loss is on the left hand side of ~, so
it represents the endogenous or response variable of the model; Air.Flow
and Water.Temp are on the right hand side of ~, so they represent two
independent or explanatory variables. An intercept or a constant term is
also included automatically, as can be seen from the coefficient estimates
in the output, which is generated by a call to the print method for “lm”
objects:

> class(test.mod)

[1] "m"
> oldClass(test.mod)
[1] lllmll

Note that since an “lm” object is a list based object, the user can also
use the 01dClass function to obtain its class. However, o1dClass function
does not work with SV4 objects. For example:

> oldClass(timeStamp)
NULL

The data argument can also be a “timeSeries” object with a data
frame in its data slot. To illustrate this possibility, turn stack.df into a
“timeSeries” object and call it stack.ts:

> stack.ts = timeSeries(stack.df)

> stack.ts

Positions Loss Air.Flow Water.Temp Acid.Conc.
01/01/1960 42 80 27 89
01/02/1960 37 80 27 88

01/03/1960 37 75 25 90
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01/04/1960 28 62 24 87
01/05/1960 18 62 22 87

Again, a linear model can be estimated using this data object just like in
the previous example:

> test.mod = lm(Loss™Air.Flow + Water.Temp, data=stack.ts)

However, the data argument must have a data frame representation. The
same function call will generate an error if the data argument is represented
by a matrix:

> stack.mat = as.matrix(stack.df)

> Im(Loss~Air.Flow+Water.Temp, data=stack.mat)

Warning messages:
Numerical expression has 84 elements: only the first used in:
model .frame(formula, data, na.action, dots)

Problem: Invalid frame number, 42

Use traceback() to see the call stack

For most modeling functions such as 1m, the data argument is actually
an optional argument, which is not required. If the data argument is not
supplied by the user, then the variables specified in the formula object
must be on the search path. For example:

> Im(stack.loss™stack.x)
Call:
Im(formula = stack.loss ~ stack.x)

Coefficients:
(Intercept) stack.xAir Flow stack.xWater Temp stack.xAcid Conc.
-39.91967 0.7156402 1.295286 -0.1521225

Degrees of freedom: 21 total; 17 residual
Residual standard error: 3.243364

In addition, if the data argument is not supplied, the variables specified
in the formula object must be either a vector or a matrix, and they cannot
be a data frame nor a “timeSeries” object. For example:®

> stack.x.df = as.data.frame(stack.x)

> 1Im(stack.loss™stack.x.df)

Problem: Length of stack.x.df (variable 2) is 3 != length of
others (21)

5In fact, many modeling functions in S+FinMetrics actually does allow a
“timeSeries” object on the left hand side of the formula, but not the right hand side of
the formula, if the data argument is not supplied. One example is the garch function.
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Use traceback() to see the call stack

> stack.loss.ts = timeSeries(stack.loss)

> Im(stack.loss.ts stack.x)

Problem: Length of stack.loss.ts (variable 1) is 11 != length of
others (21)

Use traceback() to see the call stack

In S+FinMetrics, the formula is extended to support autoregressive
specification, moving average specification, distributed lags and polyno-
mial distributed lags for many modeling functions. These formulas will be
illustrated in the appropriate chapters.

1.3.2 Method

In addition to print and summary functions, many other functions in
S-PLUS are defined to be generic to work with modeling functions and
objects, such as plot for diagnostic plots, coefficients or simply coef
for extracting model coefficients, residuals for extracting model residu-
als, fitted.values or simply fitted for extracting model fitted values,
predict for out of sample prediction, etc. For example, for the “lm” ob-
ject test.mod, if the generic functions coef, predict or plot are applied,
S-PLUS will figure out the appropriate method to use:

> coef (test.mod)
(Intercept) Air.Flow Water.Temp
-50.35884 0.6711544 1.2956351

> predict(test.mod, matrix(1l, 5, 3))
[1] -48.39233 -48.39233 -48.39233 -48.39233 -48.39233

> plot(test.mod, ask=T)

Make a plot selection (or O to exit):

1: plot: All

2: plot: Residuals vs Fitted Values

3: plot: Sqrt of abs(Residuals) vs Fitted Values
4: plot: Response vs Fitted Values

5: plot: Normal QQplot of Residuals

6: plot: r-f spread plot

7: plot: Cook’s Distances

Selection:

In addition to the above generic functions, S+FinMetrics defines three
new generic functions for working with model objects: vcov for extracting
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the variance-covariance matrix of estimated parameters, simulate for gen-
erating simulations according to the estimated model, and cpredict for
obtaining conditional forecasts of multivariate time series models.

1.4 S-PLUS Resources

Useful books for learning S, S-PLUS are:

1. CHAMBERS, J. M., AND T. J. HASTIE (1993). Statistical Models in
S. Chapman & Hall.

2. KRAUSE, A. AND M. OLSON (2002). The Basics of S and S-PLUS,
Third Edition. Springer-Verlag, New York.

3. VENABLES, W. N. AND B. D. RIPLEY (1999). Modern Applied Statis-
tics with S-PLUS. Springer-Verlag, New York.

For those who intend to do serious programming in S, the following books
are indispensable:

1. BECKER, R. A.,; J. M. CHAMBERS AND A. R. WILKS (1988). The
New S Language: a Programming Environment for Data Analysis and
Graphics. Pacific Grove, Calif.: Wadsworth & Brooks/Cole.

2. CHAMBERS, J. M. (1998). Programming with Data: A Guide to the
S Language. Springer.

3. VENABLES, W. N. anxDp B. D. RIPLEY (2001). S Programming.
Springer-Verlag, New York.

In addition, the S archive at StatLib contains many useful programs
written in S: http://1ib.stat.cmu.edu/D0OS/S.
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2

Time Series Specification,
Manipulation and Visualization in
S-PLUS

2.1 Introduction

Time series data may be stored, manipulated and visualized in a variety of
ways in S-PLUS'. This chapter discusses the basics of working with finan-
cial time series data in the form of S-PLUS “timeSeries” objects. It begins
with a discussion of the specification of “timeSeries” and “timeDate” ob-
jects in S-PLUS and gives examples of how to specify common “timeDate”
sequences for financial time series. Basic manipulations of financial time
series are discussed and illustrated. These manipulations include aggregat-
ing and disaggregating time series, handling of missing values, creations of
lags and differences and asset return calculations. The chapter ends with
an overview of time series visualization tools and techniques, including the
S-PLUS plotting functions for “timeSeries” as well as specialized plotting
functions in S+FinMetrics.

2.2 The Specification of “timeSeries” Objects in
S-PLUS

Financial time series data may be represented and analyzed in S-PLUS in
a variety of ways. By far the most flexible way to analyze, manipulate

LChapters 25 - 27 in the S-PLUS Guide to Statistic Vol. IT discusses the analysis of
time series in S-PLUS.
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and visualize time series data is through the use of S-PLUS calendar-based
“timeSeries” objects. A calendar-based “timeSeries” object, hereafter
referred to as simply a “timeSeries” is an S version 4 (sv4) object that
stores time and date information from a “timeDate” object in a positions
slot and time series data from any rectangular data object (vector, matrix
or data frame) in a data slot. Additionally, summary information about
the time series may be stored in the title, documentation, units and
attributes slots.

To illustrate a typical “timeSeries” object, consider the S+FinMetrics
“timeSeries” object singleIndex.dat which contains monthly closing
price data on Microsoft and the S&P 500 index over the period January
1990 through January 2001:

> class(singleIndex.dat)
[1] "timeSeries"

> slotNames(singleIndex.dat)

[1] "data" "positions" "start.position"
[4] "end.position" "future.positions" "units"
[7] "title" "documentation" "attributes"

[10] "fiscal.year.start" "type"

> singleIndex.dat@title
[1] "Monthly prices on Microsoft and S&P 500 Index"

> singleIndex.dat@documentation

[1] "Monthly closing prices over the period January 1900"
[2] "through January 2001 adjusted for dividends and stock"
[3] "splits.

> singleIndex.dat@units
[1] "Monthly price"

> singleIndex.dat[1:5,]
Positions MSFT SP500

Jan 1990 1.2847 329.08
Feb 1990 1.3715 331.89
Mar 1990 1.5382 339.94
Apr 1990 1.6111 330.80
May 1990 2.0278 361.23

The date information in the positions slot may be extracted directly or
by using the positions extractor function:

> singleIndex.dat@positions[1:5]
[1] Jan 1990 Feb 1990 Mar 1990 Apr 1990 May 1990
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> positions(singleIndex.dat) [1:5]
[1] Jan 1990 Feb 1990 Mar 1990 Apr 1990 May 1990

The generic start and end functions may be used to extract the start and
end dates of a “timeSeries” object:

> start(singleIndex.dat)
[1] Jan 1990

> end(singleIndex.dat)
[1] Jan 2001

The date information in the positions slot is an object of class “timeDate”

> class(positions(singleIndex.dat))
[1] "timeDate"

Details on “timeDate” objects are given later on in this chapter.
The time series data in the data slot may be accessed directly or through
the seriesData extractor function:

> singleIndex.dat@datall:5,]
MSFT SP500
.2847 329.08
.3715 331.89
.5382 339.94
.6111 330.80
.0278 361.23

(o2 T NENGVIN O R
N~ PP P
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seriesData(singleIndex.dat) [1:5,]
MSFT SP500
.2847 329.08
.3715 331.89
.56382 339.94
.6111 330.80
.0278 361.23

(2 BTGV O R
N~ P P

In general, the time series data in the data slot is a “rectangular” data
object and is usually a data frame or a matrix. For example,

> class(seriesData(singleIndex.dat))
[1] "data.frame"

In fact, “timeSeries” objects themselves are “rectangular” data objects
and so the functions numRows, numCols, colIds and rowIds may be used
to extract useful information:

> is.rectangular(singleIndex.dat)
(11 T

> numRows (singleIndex.dat)

[1] 133
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> numCols(singleIndex.dat)

[1] 2

> colIds(singleIndex.dat)

[1] "MSFT" "SP500"

> rowIds(singleIndex.dat) [1:5]

[1] Jan 1990 Feb 1990 Mar 1990 Apr 1990 May 1990

2.2.1 Basic Manipulations

Basic manipulation of “timeSeries” objects may be done in the same
way as other S-PLUS objects. Mathematical operations may be applied to
“timeSeries” objects in the usual way and the result will be a “timeSeries”
object. Subscripting a “timeSeries” works in the same way as subscript-
ing a data frame or matrix. For example, a “timeSeries” with the prices
on Microsoft may be extracted from singleIndex.dat using

msft.p = singleIndex.dat[,"MSFT"]

msft.p = singlelIndex.dat[,1]

msft.p@title = "Monthly closing price on Microsoft"
msft.p@documentation =

c("Monthly closing price adjusted for stock",
"splits and dividends.)

msft.pOunits = "US dollar price"

> class(msft.p)

[1] "timeSeries"

vV + + V V VvV V

Subsamples from a “timeSeries” may be extracted by creating an index of
logical values that are true for the times and dates of interest. For example,
consider creating a subsample from the “timeSeries” singleIndex.dat
over the period March 1992 through January 1993.

> smpl = (positions(singleIndex.dat) >= timeDate("3/1/1992") &
+ positions(singleIndex.dat) <= timeDate("1/31/1993"))

> singleIndex.dat [smpl,]

Positions MSFT SP500

Mar 1992 4.938 403.7
Apr 1992 4.594 414.9
May 1992 5.042 415.4
Jun 1992 4.375 408.1
Jul 1992 4.547 424.2
Aug 1992 4.656 414.0
Sep 1992 5.031 417.8
Oct 1992 5.547 418.7
Nov 1992 5.820 431.4
Dec 1992 5.336 435.7
Jan 1993 5.406 438.8
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Not all S-PLUS functions have methods to handle “timeSeries” ob-
jects. Some examples are the S-PLUS functions colMeans, colVars and
colStdevs which compute the mean, variance and standard deviation value
for each column of data:

> colMeans(singleIndex.dat)
[1] NA

For these functions, the extractor function seriesData should be used to
extract the data slot of the “timeSeries” prior to applying the function:

> colMeans(seriesData(singleIndex.dat))
MSFT SP500
26.75 730.4

All of the S+FinMetrics modeling and support functions are designed to
accept “timeSeries” objects in a uniform way.

2.2.2 S-PLUS “timeDate” Objects

Time and date information in S-PLUS may be stored in “timeDate” objects.
The S-PLUS function timeDate is used to create “timeDate” objects. For
example, to create a “timeDate” object for the date January 1, 2002 for
the US Pacific time zone use

> td = timeDate("1/1/2002",in.format="%m/%d/%Y",
+ zone="Pacific")

The date information is specified in a character string and the optional
arguments in.format and zone determine the input date format and the
time zone, respectively. The input formats are single-element character vec-
tors consisting of input fields which start with “%” and end with a letter.
The default input date format may be viewed with

> options("time.in.format")
$time.in.format:

(11 "hm[/10.1%A0/10, %y CAHL:ZMO:%SC.%N111 [hp] [LAA%3ZD111"
and examples of common date formats are in the S-PLUS object format.timeDate

> names (format.timeDate)
[1] "1/3/1998"
[2] "3/1/1998"

[32] "03 Jan 1998 14:04:32 (PST)"
> format.timeDate[[1]]$input
(11 "%m/%d/%Y"

The result of timeDate is an object of class “timeDate”
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> class(td)

[1] "timeDate"

> td

[1] 1/1/02 0:00:00 AM

> slotNames (td)

[1] ".Data" ".Data.names" ".Data.classes"
[4] "format" "time.zone"

“timeDate” objects have a number of slots that are used to specify and
control time and date information. Full details may be seen using

> 7class.timeDate

The .Data slot is a list with components giving the Julian date represen-
tation of the day and time within the day. The Julian day represents the
number of days since January 1, 1960 and the Julian time within the day

indicates the number of milliseconds since midnight Greenwich mean time
(GMT)

> td@.Data
[[11]:
[1] 15341

[[21]:
[1] 28800000

Since the US Pacific Time Zone is 8 hours behind GMT, the number of
milliseconds since Greenwich mean time is 8 x 60 % 60 * 1000 = 28, 800, 000.
The output display format of the date information is specified in the format
slot

> td@format
[1] "%m/%d/%02y %H:%02M:%02S %p"

Like input formats, output formats are single-element character vectors
consisting of output fields, which start with “%4” and end with a letter,
and other characters that are simply printed. The above format specifies
printing the date as month/day/year and then hour:minute:second and
AM or PM. The integers 02 before y, M and S fix the output width to 2
characters. All supported output fields are described in the help file for
class.timeDate and a list of example output formats are given in the
S-PLUS object format.timeDate. For example,

> names (format.timeDate) [18]
[1] "03 Jan 1998"

> format.timeDate[[18]]$output
[1] "%02d %b %Y"
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Time Zone Issues

The time and date information stored in a “timeDate” object is aligned to
the time zone specified in the time.zone slot

> tdQ@time.zone
[1] "Pacific"

To modify the output format of a “timeDate” object to display time zone
information simply add "%z"

> td@format = paste(td@format,"%z")
> td
[1] 1/1/02 0:00:00 AM Pacific

The object td is aligned to the US Pacific time zone. If the zone argument
to timeDate is omitted when the “timeDate” object is created the default
time zone in options(‘‘time.zone") is used?. For example,

> options("time.zone")

$time.zone:

[1] "Pacific"

> td2 = timeDate("Mar 02, 1963 08:00 PM",
+ in.format="%m %d, %Y %H:%M %p",

+ format="%b %024, AY %02I:%02M %p %z")

> td2

[1] Mar 02, 1963 08:00 PM Pacific

Note that the above example shows that the output format of the “timeDate”
object can be specified when the object is created using the argument
format.

All of the time zone specifications supported by S-PLUS are described
in the help file for class.timeZone and these specifications are defined
relative to times and dates given in GMT. The time zone specifications
include daylight savings time in various areas around the world. To see
how a time zone specification affects a timeDate object, consider what
happens when the time zone for the object td is changed to US Eastern
Time:

> tdQ@time.zone = "Eastern"

> td

[1] 1/1/02 3:00:00 AM Eastern
> td@.Data

[[11]:

20n Windows platforms, the time zone specification is obtained from the Windows
regional settings. The examples in this section were created on a Windows computer in
the U.S. Pacific time zone. Therefore, the default time zone taken from the Windows
regional settings is “Pacific”.
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[1] 15341

[[211:
[1] 28800000

Since US Eastern Time is three hours ahead of US Pacific Time the dis-
played date is moved ahead three hours. That is, midnight US Pacific Time
on January 1, 2002 is the same as 3 AM US Eastern Time on January 1,
2002. Notice that changing the time zone information does not alter the
Julian date information in the .Data slot. To align the Julian date repre-
sentation to reflect the number of milliseconds from GMT on US Eastern
time the millisecond information in the second component of the .Data slot
must be adjusted directly.

If a “timeDate” object is created in GMT then the S-PLUS function
timeZoneConvert may be used to re-align the millisecond offset to a spec-
ified time zone. For example,

> tdGMT = timeDate("1/1/2002",zone="GMT",
+ format="%m/%d/%02y %H:%02M:%02S %p %z")
> tdGMT

[1] 1/1/02 0:00:00 AM GMT

> tdGMT@.Data

[[11]:

[1] 15341

[[21]:
(11 0

> tdPST = timeZoneConvert (tdGMT,"PST")
> tdPST

[1] 1/1/02 0:00:00 AM PST

> tdPST@.Data

[[11]:

[1] 15341

[r21]:
[1] 28800000

Be aware that timeZoneConvert is not designed to convert the millisecond
offsets from one arbitrary time zone other than GMT to another arbitrary
time zone.

Mathematical Operations with “timeDate” Objects

Since “timeDate” objects have a Julian date representation, certain math-
ematical operations like addition and subtractions of numbers may be per-
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formed on them and the result will also be a “timeDate” object. For ex-
ample,

tdl = timeDate("1/1/2002",in.format="%m/%d/%Y",
zone="GMT" , format=""%m/%d/%04Y ¥%H:%,02M:%02S %p %z")
td2 = timeDate("2/1/2002",in.format="%m/%d/%Y",
zone="GMT" , format=""%m/%d/%04Y %H:%02M:%02S %p %z")
> tdl

[1] 1/1/2002 0:00:00 AM GMT

> td2

[1] 2/1/2002 0:00:00 AM GMT

+ VvV + V

> as.numeric(tdl)

[1] 15341

> tdl + 1

[1] 1/2/2002 0:00:00 AM GMT
> tdl + 0.5

[1] 1/1/2002 12:00:00 PM GMT
> tdl - 1

[1] 12/31/2001 0:00:00 AM GMT
> 2*tdl

[1] 30682

> td1+td2

[1] 2/2/2044 0:00:00 AM GMT

Adding two “timeDate” objects together creates another “timeDate” ob-
ject with date given by the addition of the respective Julian dates. Subtrac-
tion of two “timeDate” objects, however, produces an sv4 object of class
“timeSpan”

> td.diff = td2 - tdi

> class(td.diff)

[1] "timeSpan"

> td.diff

[1] 31d Oh Om Os OMS

> slotNames(td.diff)

[1] ".Data" ".Data.names" ".Data.classes"
[4] "format"

The “timeSpan” object td.diff gives the time difference between td1 and
td2 - 31 days, 0 hours, 0 minutes, 0 seconds and 0 milliseconds. The Julian
date information is kept in the .Data slot and the output format is in the
format slot. Details about “timeSpan” objects is given in The S-PLUS
Guide to Statistics, Vol. II, chapter 25.
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2.2.8  Creating Common “timeDate” Sequences

Most historical financial time series are regularly spaced calendar-based
time series; e.g. daily, monthly or annual time series. However, some fi-
nancial time series are irregularly spaced. Two common examples of irreg-
ularly spaced financial time series are daily closing prices and intra-day
transactions level data. There are a variety of time and date functions in
S-PLUS that may be used to create regularly spaced and irregularly spaced
“timeDate” sequences for essentially any kind of financial data. These func-
tions are illustrated using the following examples®.

Regularly and irregularly spaced sequences may be created using the
S-PLUS functions timeCalendar, timeSeq and timeSequence. The func-
tion timeSeq is the most flexible. The following examples illustrate the use
of these functions for creating common “timeDate” sequences.

Annual Sequences

Creating a “timeDate” sequence for an annual time series from 1900 to
1910 may be done in a variety of ways. Perhaps, the simplest way uses the
S-PLUS timeCalendar function:

> td = timeCalendar(y=1900:1910,format="%Y")
> class(td)
[1] "timeDate"
> td
[1] 1900 1901 1902 1903 1904 1905 1906 1907 1908 1909 1910

The timeCalendar function produces an object of class “timeDate”. The
argument format="%Y" specifies the output format of the “timeDate” ob-
ject as a four digit year.

Since td contains a sequence of dates, the Julian date information for all
of the dates is available in the .Data slot

> td@.Data

[[1]1]:

[1] -21914 -21549 -21184 -20819 -20454 -20088 -19723 -19358
[9] -18993 -18627 -18262

[[21]:
[tT] 0O0O0O0O00000O00O

An annual sequence from 1900 to 1910 may also be computed using the
S-PLUS function timeSeq:

> timeSeq(from="1/1/1900", to="1/1/1910", by="years",

3To avoid problems with time zone specifications, all examples in this sections were
created after setting the default time zone to GMT using options(time.zone="GMT").
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+ format="%Y")
[1] 1900 1901 1902 1903 1904 1905 1906 1907 1908 1909 1910

The argument by="years" specifies annual spacing between successive val-
ues in the sequence starting at 1/1/1900 and ending at 1/1/1910. The date
formats for the starting and ending dates must conform to the default input
format for “timeDate” objects (see options("time.in.format")).

Finally, an annual sequence from 1900 to 1910 may be created using the
S-PLUS function timeSequence:

> tds = timeSequence("1/1/1900","1/1/1910",by="years",
+ format="%Y")

> class(tds)

[1] "timeSequence"

> tds

from: 1900

to: 1910

by: +1lyr

[1] 1900 1901 1902 ... 1910

timeSequence creates an object of class “timeSequence” which stores time
and date information in a compact fashion. The “timeSequence” object
may be converted to a “timeDate” object using the S-PLUS as function

> td = as(tds,"timeDate")
> td
[1] 1900 1901 1902 1903 1904 1905 1906 1907 1908 1909 1910

Quarterly Sequences

A quarterly “timeDate” sequence from 1900:I through 1902:IV may be
created using timeSeq with the by="quarters" option:

> timeSeq(from="1/1/1900", to="10/1/1902", by="quarters",
+ format="%Y:%Q")
[1] 1900:I 1900:II 1900:II1 1900:IV 1901:I 1901:I1
[7] 1901:II1 1901:IV 1902:1 1902:I1 1902:II1 1902:1IV

The output format character %Q displays the quarter information. Notice
that the dates are specified as the first day of the quarter.
Monthly Sequences

Now consider creating a monthly “timeDate” sequence from January 1,
1900 through March 1, 1901. This may be done using timeCalendar

> timeCalendar (m=rep(1:12,length=15),y=rep(1900:1901,each=12,
+ length=15), format="%b %Y")
[1] Jan 1900 Feb 1900 Mar 1900 Apr 1900 May 1900 Jun 1900
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[7] Jul 1900 Aug 1900 Sep 1900 Oct 1900 Nov 1900 Dec 1900
[13] Jan 1901 Feb 1901 Mar 1901

or timeSeq

> timeSeq(from="1/1/1900",t0="3/1/1901",by="months",
+ format="%b %Y")
[1] Jan 1900 Feb 1900 Mar 1900 Apr 1900 May 1900 Jun 1900
[7] Jul 1900 Aug 1900 Sep 1900 Oct 1900 Nov 1900 Dec 1900
[13] Jan 1901 Feb 1901 Mar 1901

To create a monthly sequence of end of month values from December 31,
1899 through February 28, 1901, subtract 1 from the above calculation:

> timeSeq(from="1/1/1900",t0="3/1/1901" ,by="months",
+ format="%b %Y") - 1
[1] Dec 1899 Jan 1900 Feb 1900 Mar 1900 Apr 1900 May 1900
[7] Jun 1900 Jul 1900 Aug 1900 Sep 1900 Oct 1900 Nov 1900
[13] Dec 1900 Jan 1901 Feb 1901

Weekly Sequences

Weekly sequences are best created using timeSeq with by="weeks". For
example, a weekly sequence from Monday January 1, 1990 to Monday Feb
26, 1990 may be created using

> timeSeq(from="1/1/1990",t0="3/1/1990" ,by="weeks",

+ format="%a %b %d, %Y")

[1] Mon Jan 1, 1990 Mon Jan 8, 1990 Mon Jan 15, 1990
[4] Mon Jan 22, 1990 Mon Jan 29, 1990 Mon Feb 5, 1990
[7] Mon Feb 12, 1990 Mon Feb 19, 1990 Mon Feb 26, 1990

To create a weekly sequence starting on a specific day, say Wednesday,
make the starting date a Wednesday.

Daily Sequences

A regularly spaced daily sequence may be created using timeSeq with
by="days". For an irregularly spaced daily sequence of weekdays use timeSeq
with by="weekdays". For financial asset price data that trades on U.S.
exchanges, the relevant “daily” sequence of dates is an irregularly spaced
sequence based on business days. Business days are weekdays excluding cer-
tain holidays. For example, consider creating a daily “timeDate” sequence
for the month of January, 2000 for a time series of asset prices that trade
on the New York stock exchange (NYSE). The NYSE is not open on week-
ends and on certain holidays and these dates should be omitted from the
“timeDate” sequence. The S-PLUS function holiday.NYSE returns the New
York Stock Exchange holidays for a given year, 1885-present, according to
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the historical and current (as of 1998) schedule, not including special-event
closure days or partial-day closures. The NYSE holidays for 2000 are

> holiday.NYSE(2000)
[1] 1/17/2000 2/21/2000 4/21/2000 5/29/2000 7/4/2000
[6] 9/4/2000 11/23/2000 12/25/2000

Martin Luther King day on Monday January 17*" is the only weekday
holiday. A “timeDate” sequence of business days excluding the holiday
1/17/2000 may be created using

> timeSeq(from="1/3/2000",to="1/31/2000",by="bizdays",
+ holidays=holiday.NYSE(2000),format="%a %b %d, %Y")
[1] Mon Jan 3, 2000 Tue Jan 4, 2000 Wed Jan 5, 2000
[4] Thu Jan 6, 2000 Fri Jan 7, 2000 Mon Jan 10, 2000
[7] Tue Jan 11, 2000 Wed Jan 12, 2000 Thu Jan 13, 2000
[10] Fri Jan 14, 2000 Tue Jan 18, 2000 Wed Jan 19, 2000
[13] Thu Jan 20, 2000 Fri Jan 21, 2000 Mon Jan 24, 2000
[16] Tue Jan 25, 2000 Wed Jan 26, 2000 Thu Jan 27, 2000
[19] Fri Jan 28, 2000 Mon Jan 31, 2000

The argument holidays=holiday.NYSE(2000) in conjunction with by =
"bizdays" instructs timeSeq to exclude the weekday dates associated with
the NYSE holidays for 2000. Notice that the date Mon Jan 17, 2000 has
been omitted from the sequence.

Intra-day Irregularly Spaced Sequences

Sequences of irregularly spaced intra-day dates may be created using the
function timeCalendar. For example, consider creating a sequence of hourly
observations only during the hypothetical trading hours from 9:00 AM to
3:00 PM from Monday January 3, 2000 through Tuesday January 4, 2000.
Such a sequence may be created using timeCalendar as follows

> timeCalendar (h=rep(9:15,2) ,d=rep(3:4,each=7),
+ y=2000,format="%a %b %d, %Y %02I:%02M %p")
[1] Mon Jan 3, 2000 09:00 AM Mon Jan 3, 2000 10:00 AM
[3] Mon Jan 3, 2000 11:00 AM Mon Jan 3, 2000 12:00 PM
[6] Mon Jan 3, 2000 01:00 PM Mon Jan 3, 2000 02:00 PM
[7] Mon Jan 3, 2000 03:00 PM Tue Jan 4, 2000 09:00 AM
[9] Tue Jan 4, 2000 10:00 AM Tue Jan 4, 2000 11:00 AM
[11] Tue Jan 4, 2000 12:00 PM Tue Jan 4, 2000 01:00 PM
[13] Tue Jan 4, 2000 02:00 PM Tue Jan 4, 2000 03:00 PM

N N N N R

In a similar fashion, a sequence of minute observations from 9:00 AM to
3:00 PM on Monday January 3, 2000 and Tuesday January 4, 2000 may be
created using

> timeCalendar (min=rep(rep(0:59,6),2),
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S-PLUS Function

Description

month.day.year
julian
quarters
months

days

weekdays

years

yeardays

hours

minutes
seconds

hms

mdy

wdydy
leap.year
holidays
holiday.fixed
holiday.weekday.number

Converts calendar dates to Julian dates

Converts Julian dates to calendar dates

Create an ordered factor corresponding to quarters
Create an ordered factor corresponding to months

Create an ordered factor corresponding to days

Create an ordered factor corresponding to weekdays
Create an ordered factor corresponding to years

Extract year day from date

Extract hour from date

Extract minutes from date

Extract seconds from date

Create data frame containing hours, minutes and seconds
Create data frame containing month, day and year
Create data frame containing weekday, year day and year
Determines if year number corresponds to a leap year
Generate a collection of holidays

Generate holidays that occur on fixed dates

Generate holidays that occur on weekdays

S+FinMetrics Function

Description

days.count
is.weekday
is.weekend
is.bizday
imm.dates

Count number of days between two dates
Tests if date is a weekday

Tests if date is a weekend

Tests if date is a business day

Create International Monetary Market dates

TABLE 2.1. Miscellaneous time and date functions

+ h=rep(9:14,each=60,length=360%2) ,

+ d=rep(3:4,each=360,length=360%2),

+ y=2000,format="%a %b %d, %Y %02I:%02M %p")
[1] Mon Jan 3, 2000 09:00 AM Mon Jan 3, 2000 09:01 AM
[3] Mon Jan 3, 2000 09:02 AM Mon Jan 3, 2000 09:03 AM

[359] Mon Jan 3, 2000 02:58 PM Mon Jan 3, 2000 02:59 PM
[361] Tue Jan 4, 2000 09:00 AM Tue Jan 4, 2000 09:01 AM

[719] Tue Jan 4, 2000 02:58 PM Tue Jan 4, 2000 02:59 PM

2.2.4 Miscellaneous Time and Date Functions

In addition to the time and date functions discussed so far, S-PLUS has a
number of miscellaneous time and date functions. In addition S+FinMetrics
provides a few time and date functions. These are summarized in Table 2.1.
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2.2.5 Creating “timeSeries” Objects

S-PLUS “timeSeries” objects are created with the timeSeries function.
Typically a “timeSeries” is created from some existing data in a data
frame or matrix and a “timeDate” object. For example,

> my.df = data.frame(x=abs(rnorm(10,mean=5)),
+ y=abs(rnorm(10,mean=10)))
> my.td = timeCalendar(y=1990:1999,format="%Y")
> my.ts = timeSeries(data=my.df,pos=my.td)
> my.ts

Positions X y

1990 4.250 11.087

1991 5.290 11.590

1992 5.594 11.848

1993 5.138 10.426

1994 5.205 9.678

1995 4.804 11.120

1996 5.726 11.616

1997 6.124 9.781

1998 3.981 10.725

1999 6.006 10.341

Information about the “timeSeries” object may be added to the title,
documentation and units slots:

> my.ts@title = "My timeSeries"

> my.ts@documentation = c("Simulated annual price data using ",
+ "the S-PLUS function rnorm")

> my.ts@units = c("US dollars","US dollars")

The title and units information is utilized in certain plot functions.

Creating “timeSeries” Objects from Time Series in Data Frames

Very often time series data that are in data frames have a date variable
with a formatted date string. The S-PLUS function timeDate has a vari-
ety of input formats that may be used to convert such date strings into
“timeDate” objects. For example, the S+FinMetrics data frame yhoo.df
contains daily high, low, open and close prices as well as volume information
for Yahoo stock for the month of February 2002

> yhoo.df[1:2,]

Date Open High Low Close Volume
1 1-Feb-02 17.26 17.3 16.35 16.68 6930100
2 4-Feb-02 16.55 16.6 15.60 15.75 8913700

The variable Date is a character vector containing the date strings. A
“timeDate” sequence created from the date strings in Date is
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> td = timeDate(yhoo.df[,1],in.format="%d-Ym-%y",
+ format="%a %b %d, %Y")

> td[1:2]

[1] Fri Feb 1, 2002 Mon Feb 4, 2002

A “timeSeries” object containing the data from yhoo.df is created using

> yhoo.ts = timeSeries(pos=td,data=yhoo.df[,-1])
> yhoo.ts[1:2,]

Positions Open High Low Close Volume
Fri Feb 1, 2002 17.26 17.3 16.35 16.68 6930100
Mon Feb 4, 2002 16.55 16.6 15.60 15.75 8913700

High frequency data, however, is often recorded using nonstandard time
formats. For example, consider the transactions level data for the month of
December 1999 for 3M stock in the S+FinMetrics data frame highFreq3m.df

> highFreq3M.df[1:2,]

trade.day trade.time trade.price
1 1 34412 94.688
2 1 34414 94.688

The variable trade.day contains the integer trading day of the month,
the variable trade.time contains the integer trade time recorded as the
number of seconds from midnight and the variable trade.price contains
the transaction price in dollars. A “timeDate” sequence may be easily
created from the trade day and trade time information as follows

> td = timeDate(julian=(highFreq3M.df$trade.day-1),
+ ms=highFreq3M.df$trade.time*1000,

+ in.origin=c(month=12,day=1,year=1999) ,zone="GMT")
> td[1:2]

[1] 12/1/99 9:33:32 AM 12/1/99 9:33:34 AM

The function timeDate can create a “timeDate” sequence using Julian date
and millisecond information. The argument julian takes an integer vector
containing the number of days since the date specified in the argument
in.origin, and the argument ms takes an integer vector containing the
number of milliseconds since midnight. In the above example, in.origin
is specified as December 1, 1999 and the optional argument zone is used
to set the time zone to GMT. A “timeSeries” object containing the high
frequency data in highFreq3M.df is created using

> hf3M.ts = timeSeries(pos=td,data=highFreq3M.df)

2.2.6 Aggregating and Disaggregating Time Series

Often a regularly spaced financial time series of a given frequency may
need to be aggregated to a coarser frequency or disaggregated to a finer
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frequency. In addition, aggregation and disaggregation may involve flow or
stock variables. The S-PLUS functions aggregateSeries and align may be
used for such purposes. To enhance and extend the disaggregation function-
ality in S-PLUS the S+FinMetrics function disaggregate is introduced.

Aggregating Time Series

Given a monthly “timeSeries” of end of month prices over a number of
years, suppose one would like to create an annual time series consisting of
the end of month December prices. Such a series may be easily constructed
by subsetting using the S-PLUS function months:

> dec.vals = "Dec"==months(positions(singleIndex.dat))
> annual.p = singleIndex.dat[dec.vals,]

> annual.p

Positions MSFT SP500

Dec 1990 2.090 330.2
Dec 1991 4.635 417.1
Dec 1992 5.336 435.7
Dec 1993 5.039 466.4
Dec 1994 7.641 459.3
Dec 1995 10.969 615.9
Dec 1996 20.656 740.7
Dec 1997 32.313 970.4
Dec 1998 69.344 1229.2
Dec 1999 116.750 1469.3
Dec 2000 43.375 1320.3

Another way to create the above annual time series is to use the S-PLUS
aggregateSeries function with a user-written function to pick off Decem-
ber values. One such function, based on the S-PLUS function hloc used to
compute high, low, open and close values, is

pickClose = function(x)
{
# return closing values of a vector
if (length(dim(x))) x = as.vector(as.matrix(x))
len = length(x)
if(!len)
as(NA, class(x))
else x[len]

3

The annual data is then constructed using aggregateSeries with FUN=pickClose
and by="years"

> annual.p = aggregateSeries(singleIndex.dat,
+ FUN=pickClose,by="years")
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> positions(annual

> annual.p
Positions
1990

1991

1992

1993

1994

1995

1996

1997

1998

1999

2000

2001

~N oo N

10
20
32
69
116

43.

61

MSFT
.090
.635
.336
.039
.641
.969
.656
.313
.344
.750

375

.063

.p)@format = "%Y"

SP500
330.
417.
435.
466.
459.
615.
740.
970.
1229.
1469.
1320.
1366.
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The function aggregateSeries passes to the function pickClose data
from singleIndex.dat in blocks of year’s length. The function pickClose
simply picks off the last value for the year. Since singleIndex.dat only
has data for January 2, 2001, the 2001 value for annual.p is this value.
The method described above may also be used to construct end-of-month
closing price data from a “timeSeries” of daily closing price data. For ex-
ample, the commands to create end of month closing prices from daily
closing prices for Microsoft, taken from the S+FinMetrics “timeSeries”
DowJones30, using aggregateSeries with FUN=pickClose and by="months"

msft.daily.p = DowJones30[,"MSFT"]

msft.daily.p@title = "Daily closing price on Microsoft"
msft.daily.p@units = "Dollar price"

msft.monthly.p = aggregateSeries(msft.daily.p,FUN=pickClose,

are

>

>

>

>

+ by="months",adj=0.99)

> msft.monthly.p[1:12]
Positions MSFT
1/31/1991 2.726
2/28/1991 2.882
3/31/1991 2.948
4/30/1991 2.750
5/31/1991 3.049
6/30/1991 2.838
7/31/1991 3.063
8/31/1991 3.552
9/30/1991 3.708
10/31/1991 3.912
11/30/1991 4.052
12/31/1991 4.635
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The option adj=0.99 adjusts the positions of the monthly data to the end
of the month. Notice that the end of month dates are not necessarily the
last trading days of the month.

The monthly closing price data may be extracted from the daily closing
price data by clever use of subscripting. One way to do this is

> end.month.idx =
+ which(diff (as.numeric(months(positions(msft.daily.p)))) != 0)
> msft.monthly.p = msft.daily.p[end.month.idx]
> msft.monthly.p[1:12]
Positions MSFT

1/31/1991 2.726
2/28/1991 2.882
3/28/1991 2.948
4/30/1991 2.750
5/31/1991 3.049
6/28/1991 2.838
7/31/1991 3.063
8/30/1991 3.552
9/30/1991 3.708
10/31/1991 3.912
11/29/1991 4.052
12/31/1991 4.635

A common aggregation operation with financial price data is to construct
a volume weighted average price (vwap). This may be easily accomplished
with aggregateSeries and a user-specified function to compute the vwap.
For example, consider the daily open, high, low and close prices and volume
on Microsoft stock from October 2, 2000 through August 31, 2001 in the
S+FinMetrics “timeSeries” msft.dat.

> smpl = (positions(msft.dat) >= timeDate("10/1/2000") &
+ positions(msft.dat) <= timeDate("8/31/2001"))
> msft.dat[smpl,]

Positions Open High Low Close Volume

10/2/2000 60.50 60.81 58.25 59.13 29281200

8/31/2001 56.85 58.06 56.30 57.05 28950400

A function that can be used to aggregate open, high, low and close prices,
volume and compute the open and close vwap is

vol.wtd.avg.price = function(x) {
VolumeSum = as.double(sum(x[, "Volume"]))
nrowx = numRows (x)

4This method was suggested by Steve McKinney.
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return(data.frame(Open = x[1, "Open"],

High = max(x[, "High"]),

Low = min(x[, "Low"]),

Close = x[nrowx, "Close"],

vwap.Open = sum(x[, "Open"] * x[, "Volume"])/VolumeSum,
wap.Close = sum(x[, "Close"] * x[, "Volume"])/VolumeSum,
Volume = VolumeSum))

3

Using aggregateSeries and the function vol.wtd.avg.price one can
compute the monthly open, high, low, close prices, volume, and open and
close vwap

> msft.vwap.dat = aggregateSeries(x = msft.dat[smpl,],
+ by = "months",FUN = vol.wtd.avg.price,
+ together = T)
> positions(msft.vwap.dat)@format="%b %Y"
> msft.vwap.dat[,-7]
Positions Open High Low Close vwap.Open vwap.Close
Oct 2000 60.50 70.13 48.44 68.88 59.10 59.48
Nov 2000 68.50 72.38 57.00 57.38 68.35 67.59
Aug 2001 66.80 67.54 56.30 57.05 62.99 62.59

Disaggregating Time Series

Consider the problem of creating a daily “timeSeries” of inflation adjusted
(real) prices on Microsoft stock over the period January 2, 1991 through
January 2, 2001. To do this the daily nominal prices must be divided by
a measure of the overall price level; e.g. the consumer price level (CPI).
The daily nominal stock price data is in the “timeSeries” msft.daily.p
created earlier and the CPI data is in the S+FinMetrics “timeSeries”
CPI.dat. The CPI data, however, is only available monthly.

> start(CPI.dat)
[1] Jan 1913

> end(CPI.dat)
[1] Nov 2001

and represents the average overall price level during the month but is
recorded at the end of the month. The CPI data from December 1990
through January 2001 is extracted using

smpl = (positions(CPI.dat) >= timeDate("12/1/1990")
& positions(CPI.dat) <= timeDate("2/1/2001"))

cpi = CPI.dat[smpl,]

cpil1:3]
Positions  CPI

vV V + V
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Dec 1990 134.3
Jan 1991 134.8
Feb 1991 134.9

To compute real daily prices on Microsoft stock, the monthly CPI data in
the “timeSeries” object cpi must be disaggregated to daily data. This
disaggregation may be done in a number of ways. For example, the CPI for
every day during the month of January, 1991 may be defined as the monthly
CPI value for December, 1990 or the monthly CPI value for January, 1991.
Alternatively, the daily values for January 1991 may be computed by lin-
early interpolating between the December, 1990 and January, 1991 values.
The S-PLUS function align may be used to do each of these disaggrega-
tions.

The align function aligns a “timeSeries” object to a given set of po-
sitions and has options for the creation of values for positions in which
the “timeSeries” does not have values. For example, the disaggregated
CPI using the previous month’s value for the current month’s daily data is
constructed using

> cpi.daily.before =

+ align(cpi,positions(msft.daily.p) ,how="before")

> cpi.daily.before[c(1:3,21:23)]

Positions  CPI
1/2/1991 134.
1/3/1991 134.
1/4/1991 134.
1/30/1991 134.
1/31/1991 134.
2/1/1991 134.

0 00 W www

The new positions to align the CPI values are the daily positions of the
“timeSeries” msft.daily.p, and the argument how="before" specifies
that the previous month’s CPI data is to be used for the current month’s
daily CPI values. Similarly, the disaggregated CPI using the next month’s
value for the current month’s daily data is constructed using

> cpi.daily.after =

+ align(cpi,positions(msft.daily.p) ,how="after")

> cpi.daily.after[c(1:3,21:23)]

Positions  CPI
1/2/1991 134.
1/3/1991 134.
1/4/1991 134.
1/30/1991 134.
1/31/1991 134.
2/1/1991 134.

© 00 0 0 0 0
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Finally, the disaggregated daily CPI using linear interpolation between the
monthly values is constructed using

> cpi.daily.interp = align(cpi,positions(msft.daily.p),

+ how="interp")

> cpi.daily.interp[c(1:3,21:23)]

Positions  CPI
1/2/1991 134.
1/3/1991 134.
1/4/1991 134.
1/30/1991 134.
1/31/1991 134.
2/1/1991 134.

0 00 0 b W Ww

The daily real prices on Microsoft stock using the interpolated daily CPI
values are then

> msft.daily.rp = (msft.daily.p/cpi.daily.interp)*100

Disaggregating Time Series using the S+FinMetrics disaggregate
Function

With economic and financial time series, it is sometimes necessary to dis-
tribute a flow variable or time average a stock variable that is observed at
a low frequency to a higher frequency. For example, a variable of interest
may only be observed on an annual basis and quarterly or monthly val-
ues are desired such that their sum is equal to the annual observation or
their average is equal to the annual observation. The S+FinMetrics func-
tion disaggregate performs such disaggregations using two methods. The
first method is based on cubic spline interpolation and is appropriate if the
only information is on the series being disaggregated. The second method
utilizes a generalized least squares (gls) fitting method due to Chow and
Lin (1971) and is appropriate if information is available on one or more re-
lated series that are observed at the desired disaggregated frequency. The
arguments expected by disaggregate are

> args(disaggregate)
function(data, k, method = "spline", how = "sum", x = NULL,
+ out.positions = NULL, ...)

where data is a vector, matrix or “timeSeries” of low frequency data, k is
the number of disaggregtion periods, method determines the disaggregation
method (spline or gls), how specifies if the disaggregated values sum to the
aggregated values or are equal on average to the disaggregated values, x
respresents any related observed data at the disaggregated frequency and
out.positions represents a “timeDate” sequence for the resulting output.

To illustrate the use of disaggregate, consider the problem of disag-
gregating the annual dividend on the S&P 500 index to a monthly divi-
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dend. Since the annual dividend is a flow variable, the sum of the monthly
dividends should equal the annual dividend. The annual S&P 500 div-
idend information over the period 1871 - 2000 is in the S+FinMetrics
“timeSeries” shiller.annual. The disaggregated monthly dividend val-
ues such that their sum is equal to the annual values is created using

vV + + VvV + V

Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Dec

1871
1871
1871
1871
1871
1871
1871
1871
1871
1871
1871
1871

monthly.dates = timeSeq(from="1/1/1871",t0="12/31/2000",
by="months",format="%b %Y")

div.monthly =
disaggregate(shiller.annuall[,"dividend"],12,
out.positions=monthly.dates)

div.monthly[1:12]

Positions

dividend
0.02999
.01867
.01916
.01963
.02009
.02054
.02097
.02140
.02181
.02220
.02259
0.02296

O OO OO OO OoOoOOo

> sum(div.monthly[1:12])

[1] o.

26

> shiller.annual[1l,"dividend"]
Positions dividend

1871

For the S&P 500 index, the index price is available monthly in the S+FinMetrics

0.26

“timeSeries” shiller.dat. This information may be utilized in the dis-
aggregation of the annual dividend using the gls method as follows

vV + + VvV VvV V

Jan
Feb
Mar
Apr

1871
1871
1871
1871

smpl = positions(shiller.dat) <= timeDate("12/31/2000")
price.monthly = as.matrix(seriesData(shiller.dat[smpl,"price"]))
div2.monthly =

disaggregate(shiller.annual[,"dividend"], 12,

method="gls", x=price.monthly, out.positions=monthly.dates)
div2.monthly[1:12]

Positions

dividend
0.006177
0.010632
0.014610
0.018104
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May 1871 0.021104
Jun 1871 0.023569
Jul 1871 0.025530
Aug 1871 0.027043
Sep 1871 0.028063
Oct 1871 0.028508
Nov 1871 0.028548

Dec 1871 0.028111

> sum(div2.monthly[1:12])

[1] 0.26

> shiller.annual[1,"dividend"]
Positions dividend
1871 0.26

2.2.7 Merging Time Series

Often one would like to combine several “timeSeries” objects into a
single “timeSeries” object. The S-PLUS functions ¢, concat and cbind

do not operate on “timeSeries” objects. Instead, the S-PLUS function
seriesMerge is used to combine or merge a collection of “timeSeries”. To
illustrate, consider creating a new “timeSeries” consisting of the S+FinMetrics
object “timeSeries” CPI.dat and IP.dat containing monthly observa-
tions on the U.S. consumer price index and U.S. industrial production
index, respectively:

> CPI.dat
Positions CPI
Jan 1913 9.80
Feb 1913 9.80

Nov 2001 177.60
> IP.dat

Positions IP

Jan 1919 7.628

Feb 1919 7.291

Nov 2001 137.139

Notice that the start date for CPI.dat is earlier than the start date for
IP.dat,but the end dates are the same. A new “timeSeries” containing
both CPI.dat and IP.dat with positions aligned to those for IP.dat using
seriesMerge is

> IP.CPI.dat = seriesMerge(IP.dat,CPI.dat,
+ pos=positions(IP.dat))
> IP.CPI.dat[1:2,]
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Positions IP CPI
Jan 1919 7.628 16.5
Feb 1919 7.291 16.2

To create a “timeSeries” with positions given by the union of the positions
for CPI.dat and IP.dat set pos="union" in the call to seriesMerge. Since
IP.dat does not have observations for the dates January 1913 through
December 1918, NA values for IP for these dates will be inserted in the new
“timeSeries”.

2.2.8 Dealing with Missing Values Using the S+FinMetrics
Function tnterpNA

Occasionally, time series data contain missing or incorrect data values. One
approach often used to fill-in missing values is interpolation®. The S-PLUS
align function may be used for this purpose. The S+FinMetrics func-
tion interpNA performs similar missing value interpolation as align but
is easier to use and is more flexible. The arguments expected by interpNA
are

> args(interpNA)
function(x, method = "spline")

where x is a rectangular object and method sets the interpolation method.
Valid interpolation methods are “before”, “after”, “nearest”, “linear”
and (cubic) “spline”. To illustrate the use of interpNA, note that the clos-
ing price for the Dow Jones Industrial Average in the S-PLUS “timeSeries”
djia has a missing value on January 18, 1990:

> djia.close = djialpositions(djia) >= timeDate("1/1/1990"),
+ "close"]
> djia.close[10:12,]
Positions close
01/17/1990 2659.1
01/18/1990 NA
01/19/1990 2677.9

To replace the missing value with an interpolated value based on a cubic
spline use

> djia.close = interpNA(djia.close)
> djia.close[10:12,]

Positions 1

01/17/1990 2659.1

5More sophisticated imputation methods for dealing with missing values are available
in the library S+MISSINGDATA which is included with S-PLUS.



40 2. Time Series Specification, Manipulation and Visualization in S-PLUS

01/18/1990 2678.7
01/19/1990 2677.9

2.3 Time Series Manipulation in S-PLUS

There are several types of common manipulations and transformations that
often need to be performed before a financial time series is to be analyzed.
The most important transformations are the creation of lagged and differ-
enced variables and the creation of returns from asset prices. The following
sections describe how these operations may be performed in S-PLUS.

2.3.1 Creating Lags and Differences

Three common operations on time series data are the creation of lags, leads,
and differences. The S-PLUS function shift may be used to create leads
and lags, and the generic function diff may be used to create differences.
However, these functions do not operate on “timeSeries” objects in the
most convenient way. Consequently, the S+FinMetrics module contains
the functions tslag and diff.timeSeries for creating lags/leads and dif-
ferences.

Creating Lags and Leads Using the S+FinMetrics Function tslag

The S+FinMetrics function tslag creates a specified number of lag/leads
of a rectangular data object. The arguments expected by tslag are

> args(tslag)
function(x, k = 1, trim = F)

where x is any rectangular object, k specifies the number of lags to be
created (negative values create leads) and trim determines if NA values are
to be trimmed from the result. For example, consider the “timeSeries”
singleIndex.dat containing monthly prices on Microsoft and the S&P
500 index. The first five values are

> singleIndex.dat[1:5,]
Positions MSFT SP500
Jan 1990 1.285 329.1
Feb 1990 1.371 331.9
Mar 1990 1.538 339.9
Apr 1990 1.611 330.8
May 1990 2.028 361.2

The “timeSeries” of lagged values using tslag are

> tslag(singleIndex.dat[1:5,])
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Positions MSFT.lagl SP500.lagl

Jan 1990 NA NA
Feb 1990 1.285 329.1
Mar 1990 1.371 331.9
Apr 1990 1.538 339.9
May 1990 1.611 330.8

Notice that tslag creates a “timeSeries” containing the lagged prices
on Microsoft and the S&P 500 index. The variable names are adjusted to
indicate the type of lag created and since trim=F, NA values are inserted
for the first observations. To create a “timeSeries” without NA values in
the first position, use tslag with trim=T:

> tslag(singleIndex.dat[1:5,],trim=T)
Positions MSFT.lagl SP500.lagl

Feb 1990 1.285 329.1
Mar 1990 1.371 331.9
Apr 1990 1.538 339.9
May 1990 1.611 330.8

Leads are created by setting k equal to a negative number:

> tslag(singleIndex.dat[1:5,],k=-1)
Positions MSFT.leadl SP500.leadl

Jan 1990 1.371 331.9
Feb 1990 1.538 339.9
Mar 1990 1.611 330.8
Apr 1990 2.028 361.2
May 1990 NA NA

To create a “timeSeries” with multiple lagged values, simply specify
the lags to create in the call to tslag. For example, specifying k=c(1,3)
creates the first and third lag

> tslag(singleIndex.dat[1:5,],k=c(1,3))
Positions MSFT.lagl SP500.lagl MSFT.lag3 SP500.lag3

Jan 1990 NA NA NA NA
Feb 1990 1.285 329.1 NA NA
Mar 1990 1.371 331.9 NA NA
Apr 1990 1.538 339.9 1.285 329.1
May 1990 1.611 330.8 1.371 331.9

Similarly, specifying k=-1:1 creates

> tslag(singlelIndex.dat[1:5,] ,k=-1:1)

Positions MSFT.leadl SP500.leadl MSFT.lag0 SP500.lag0
Jan 1990 1.371 331.9 1.285 329.1

Feb 1990 1.538 339.9 1.371 331.9

Mar 1990 1.611 330.8 1.538 339.9
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Apr 1990 2.028 361.2 1.611 330.8
May 1990 NA NA 2.028 361.2
MSFT.lagl SP500.lagl
NA NA
1.285 329.1
1.371 331.9
1.538 339.9
1.611 330.8

Creating Differences Using the S+FinMetrics Function diff.timeSeries

The S+FinMetrics function diff.timeSeries is a method function for
the generic S-PLUS function diff for objects of class “timeSeries” and
creates a specified number of differences of a “timeSeries” object. The
arguments expected by diff.timeSeries are

> args(diff.timeSeries)
function(x, lag = 1, differences = 1, trim = T, pad = NA)

where x represents a “timeSeries” object, lag specifies the number of
lagged periods used in the difference, differences specifies the number
of times to difference the series, trim determines if the resulting series is
to have NA values removed and trimmed and pad specifies the value to
be padded to the series in the positions where the differencing operation
exceeds the start or the end positions. For example, consider again the
“timeSeries” singleIndex.dat containing monthly prices on Microsoft
and the S&P 500 index. Let P; denote the price at time ¢. To create the
first difference AP, = P, — P, use diff with lag=1:

> diff (singleIndex.dat[1:5,],lag=1,trim=F)
Positions MSFT SP500
Jan 1990 NA NA
Feb 1990 0.0868 2.81
Mar 1990 0.1667 8.05
Apr 1990 0.0729 -9.14
May 1990 0.4167 30.43

To create the difference P, — P;_o and pad the result with zeros instead of
NAs use diff with lag=2 and pad=0:

> diff(singleIndex.dat[1:5,],lag=2,trim=F,pad=0)
Positions MSFT SP500
Jan 1990 0.0000 0.00
Feb 1990 0.0000 0.00
Mar 1990 0.2535 10.86
Apr 1990 0.2396 -1.09
May 1990 0.4896 21.29



2.3 Time Series Manipulation in S-PLUS 43

To create the 2"? difference A2P, = A(Py— P;_1) = P, —2P;_1 + P;_5 use
diff with lag=1 and diff=2:

> diff(singleIndex.dat[1:5,],lag=1,diff=2,trim=F)
Positions MSFT SP500
Jan 1990 NA NA
Feb 1990 NA NA
Mar 1990 0.0799 5.24
Apr 1990 -0.0938 -17.19
May 1990 0.3438 39.57

Unlike tslag, diff.timeSeries does not rename the variables to indi-
cate the differencing operation performed. Additionally, diff.timeSeries
will not accept a vector of values for the arguments lag and differences.

2.8.2  Return Definitions

Simple Returns

Let P; denote the price at time ¢ of an asset that pays no dividends and
let P,_1 denote the price at time ¢t — 1. Then the simple net return on an
investment in the asset between times ¢t — 1 and ¢ is defined as

P, —P_
Ry =1 - %AP,. (2.1)
Py
Writing % = % — 1, we can define the simple gross return as
P,
1+ R == (2.2)
t—1

Unless otherwise stated, references to returns mean net returns.
The simple two-period return on an investment in an asset between times
t —2 and t is defined as
r(y = BoPe_ P
P P
_ P Py
Py P

= (I1+R)(1+ Re—1) — 1.

Then the simple two-period gross return becomes
1+ R(2)=(1+R)A+Ri—1)=14R_1+ R+ Ri_1 Ry,

which is a geometric (multiplicative) sum of the two simple one-period gross
returns and not the simple sum of the one period returns. If, however, R;_1
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and R; are small then R;_1R; ~ 0 and 1+ R;(2) = 1+ R¢—1 + R; so that
Rt(Q) =~ Rt—l + Rt.

In general, the k-period gross return is defined as the geometric average
of k one period gross returns

1+ Ri(k) = (1+R)(L+Reoq)--- (14 Re—pya) (2.3)
k-1

= [Ia+R-)

j=0
and the k-period net return is

k—1
Ry(k) =[]+ Re—j) — 1. (2.4)

§=0

Continuously Compounded Returns

Let R; denote the simple one period return on an investment. The contin-
wously compounded one period return, r¢, is defined as

re =In(14+ Ry) =1In (Ppt ) (2.5)

t—1

where In(-) is the natural log function. To see why r; is called the con-
tinuously compounded return, take exponentials of both sides of (2.5) to
give

I

et=1+R, = .
tT P

Rearranging gives
Tt
Py =P e,

so that r; is the continuously compounded growth rate in prices between
periods t — 1 and ¢. This is to be contrasted with R; which is the simple
growth rate in prices between periods t—1 and ¢ without any compounding.

Since In (%) = In(z) — In(y) it follows that

(75

Py
In(P;) — In(Ps—1)
Pt — Pt—1

Tt

where p; = In(P;). Hence, the continuously compounded one period return,
r¢, can be computed simply by taking the first difference of the natural
logarithms of prices between periods t — 1 and t.
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Given a one period continuously compounded return 7, it is straightfor-
ward to solve back for the corresponding simple net return R;:

Rt:e”—l

Hence, nothing is lost by considering continuously compounded returns
instead of simple returns.

The computation of multi-period continuously compounded returns is
considerably easier than the computation of multi-period simple returns. To
illustrate, consider the two period continuously compounded return defined
as

@) =1+ i) = In (=) == pecs

Taking exponentials of both sides shows that
P, = P,_pe™®

so that r4(2) is the continuously compounded growth rate of prices between

periods t — 2 and ¢. Using P_f): = PtP—l . IPDZ—:; and the fact that In(z - y) =
In(x) + In(y) it follows that
Py Ptl)
r(2) = In .
+(2) (Pt—l P,
By > <Pt1)
= In +1In
<Pt1 Py

= T+ Ti1.

Hence the continuously compounded two period return is just the sum of
the two continuously compounded one period returns.
The continuously compounded k-period return is defined as

) =1+ B) =t () =p-ps (20)

Using similar manipulations to the ones used for the continuously com-
pounded two period return the continuously compounded k-period return
may be expressed as the sum of k continuously compounded one period
returns:

k—1
re(k) = Z"'t—j- (2.7)

The additivitity of continuously compounded returns to form multiperiod
returns is an important property for statistical modeling purposes.
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2.8.8 Computing Asset Returns Using the S+FinMetrics
Function getReturns

Given a data set with asset prices the S+FinMetrics function getReturns
may be used to compute discrete and continuously compounded returns.
The arguments to getReturns are

> args(getReturns)
function(x, type = "continuous", percentage = F, trim = T)

where x is any rectangular data object and type specifies the type of re-
turns to compute (discrete or continuously compounded). To illustrate, the
S+FinMetrics “timeSeries” singleIndex.dat contains monthly closing
prices on Microsoft stock and the S&P 500 index, adjusted for stock splits
and dividends, over the period January 1990 through January 2001.

> colIlds(singleIndex.dat)
[1] "MSFT" "SP500"

> singleIndex.dat[1:3,]
Positions  MSFT SP500
Jan 1990 1.2847 329.08
Feb 1990 1.3715 331.89
Mar 1990 1.5382 339.94

A “timeSeries” of simple one-period discrete returns expressed as per-
centages is computed as

> ret.d = getReturns(singleIndex.dat,type="discrete",
+ percentage=T)

> ret.d[1:3,]

Positions MSFT  SP500

Feb 1990 6.756 0.8539

Mar 1990 12.155 2.4255

Apr 1990 4.739 -2.6887

By default the first observation in the “timeSeries” is trimmed. To retain
the first (NA) observation use the optional argument trim=F

> ret.d = getReturns(singleIndex.dat,type="discrete",trim=F)
> ret.d[1:3,]

Positions MSFT SP500

Jan 1990 NA NA

Feb 1990 0.067564 0.008539

Mar 1990 0.121546 0.024255

Continuously compounded returns are created by specifying type="continuous"

> ret.cc = getReturns(singleIndex.dat,type="continuous")
> ret.cc[1:3,]
Positions MSFT SP500
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Feb 1990 0.065380 0.0085027
Mar 1990 0.114708 0.0239655
Apr 1990 0.046304 -0.0272552

Multiperiod returns may be computed from a “timeSeries” of one pe-
riod returns using the S-PLUS function aggregateSeries. Multiperiod re-
turns may be either overlapping or non-overlapping. For example, consider
computing a monthly “timeSeries” of overlapping annual continuously
compounded returns from the monthly continuously compounded returns
in the “timeSeries” ret.cc using aggregateSeries:

> retl2.cc = aggregateSeries(ret.cc,moving=12,FUN=sum)
> retl12.cc[1:3,]
Positions MSFT SP500
Feb 1990 0.75220 0.044137
Mar 1990 0.74254 0.100749
Apr 1990 0.65048 0.098743
> colSums(seriesData(ret.cc[1:12,]1))
MSFT SP500
0.7522 0.044137

The argument moving=12 and FUN=sum tells aggregateSeries to compute
a moving sum of twelve returns. Hence, the annual return reported for
Feb 1990 is the sum of the twelve monthly returns from February 1990
through January 1991. Non-overlapping annual returns are computed from
the monthly returns using aggregateSeries with the option by="years"

> retl2.cc = aggregateSeries(ret.cc,by="years",FUN=sum)
> retl12.cc[1:3,]
Positions MSFT SP500
Jan 1990 0.48678 0.0034582
Jan 1991 0.79641 0.2335429
Jan 1992 0.14074 0.0436749
> colSums (seriesData(ret.cc[1:11,]))
MSFT SP500
0.48678 0.0034582

The “timeSeries” retl12.cc is now an annual series of non-overlapping
annual returns. Notice that the annual return for January 1990 is computed
using only the eleven returns from February 1990 through December 1990.

Multiperiod discrete returns (2.4) may be computed using the function
aggregateSeries with FUN=prod. For example, a monthly “timeSeries”
of overlapping annual discrete returns is computed as

> retl12.d = aggregateSeries((1l+ret.d) ,moving=12,FUN=prod)-1
> ret12.d[1:3,]

Positions MSFT SP500

Feb 1990 1.12166 0.045126
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Mar 1990 1.10128 0.105999

Apr 1990 0.91646 0.103783

> prod(seriesData(l+ret.d[1:12,1]))-1
[1] 1.1217

Notice that 1 is added to the return data and 1 is subtracted from the result
in order to compute (2.4) properly. Non-overlapping multiperiod discrete
returns may be computed using

> retl2.d = aggregateSeries((l+ret.d),by="years" ,FUN=prod)-1
> ret12.d[1:3,]

Positions MSFT  SP500

Jan 1990 NA NA

Jan 1991 1.2176 0.26307

Jan 1992 0.1511 0.04464

2.4 Visualizing Time Series in S-PLUS

Time series data in “timeSeries” objects may be visualized by using the
S-PLUS generic plot function, the S-PLUS trellisPlot function, or by
using the S+FinMetrics plotting functions based on Trellis graphics.

2.4.1 Plotting “timeSeries” Using the S-PLUS Generic plot
Function

The S-PLUS generic plot function has a method function, plot.timeSeries,
for plotting “timeSeries” objects. To illustrate, consider the monthly clos-
ing prices of Microsoft stock over the period January 1990 to January 2001
in the “timeSeries” object msft.p created earlier:

> msft.p@title

[1] "Monthly closing price on Microsoft"
> msft.pQunits

[1] "US dollar price"

Figure 2.1 shows the output produced by the generic plot function
> plot(msft.p)

Notice how the information in the title and units slots is utilized
in the plot. To eliminate the horizontal and vertical grid lines specify
reference.grid=F in the call to plot. To show the price data on a loga-
rithmic scale specify log.axes="y" in the call to plot.
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Monthly closing price on Microsoft
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FIGURE 2.1. Monthly closing prices on Microsoft stock created using
plot.timeSeries.

Multiple series (on the same scale) may also be plotted together on the
same plot using plot’. For example, the prices for Microsoft and the S&P
500 index in the “timeSeries” singleIndex.dat may be plotted together
using

> plot(singleIndex.dat,plot.args=list(lty=c(1,3)))
> legend(0.1,1400,legend=colIlds(singleIndex.dat),lty=c(1,3))

The plot is illustrated in Figure 2.2. Notice how the line types are specified
as a list argument to the optional argument plot.args. In the placement
of the legend, the x-axis units are treated as values in the unit interval.

Multipanel plots may be created by specifying the plot layout using the
S-PLUS function par. Figure 2.3 shows a two panel plot of the price data
in singleIndex.dat produced using

> par (mfrow=c(2,1))

> plot(singleIndex.dat[,"MSFT"],

+ main="Monthly price on Microsoft")
> plot(singleIndex.dat[,"SP500"],

6To create a scatterplot of two “timeSeries” use the extractor function seriesData
possibly in conjunction with the coersion function as.matrix on the “timeSeries” ob-
jects in the call to plot. Alternatively, the S+FinMetrics function rvfPlot may be used.
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Monthly prices of MSFT and SP500
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FIGURE 2.2. Monthly closing prices on Microsoft and the S&P 500 index created
using plot.timeSeries.

+ main="Monthly price on S&P 500 index")

Two specialized plot types for financial data can be made with the func-
tion plot.timeSeries. The first is a high/low/open/close (hloc) plot and
the second is a stackbar plot. These plots are made by setting plot.type =
"hloc" or plot.type = "stackbar" in the call to plot.timeSeries. For
a hloc plot, the “timeSeries” to be plotted must have hloc information or
such information must be created using aggregateSeries with the S-PLUS
function hloc. Stackbar plots are generally used for plotting asset volume
information. To illustrate these plot types, consider the monthly data from
the Dow Jones Industrial Averages in the S-PLUS “timeSeries” djia

> collds(djia)
[1] "open" "high" "1OW" "ClOSG" "volume"

Figure 2.4 gives a multipanel plot showing high, low, open, close and volume
information created by

> smpl = (positions(djia) >= timeDate("9/1/1987") &
+ positions(djia) <= timeDate("11/30/1987"))

> par (mfrow=c(2,1))

> plot(djialsmpl,1:4],plot.type="hloc")

> plot(djialsmpl,5],plot.type="stackbar")
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FIGURE 2.3. Two panel plot created using par(mfrow=c(2,1)) in conjunction
with plot.timeSeries.

Function Description
seriesPlot | Trellis time series plot
histPlot Trellis histogram plot
qqPlot Trellis qg-plot for various distributions

TABLE 2.2. S+FinMetrics Trellis plotting functions

Lines may be added to an existing time series plot using the S-PLUS
function lines.render and stackbar information may be added using the
S-PLUS function stackbar.render. See chapter 26 in the S-PLUS Guide
to Statistics Vol. II for details on using these functions.

2.4.2 Plotting “timeSertes” Using the S+FinMetrics Trellis
Plotting Functions

S+FinMetrics provides several specialized Trellis-based plotting functions
for “timeSeries” objects. These functions extend the S-PLUS function
TrellisPlot.timeSeries and are summarized in Table 2.2. All of the
functions in the table can create multi-panel plots with text labels in the
panel strips. For the following examples, monthly return data on six stocks
from the S+FinMetrics “timeSeries” DowJones30 will be used. This data
is created using



52 2. Time Series Specification, Manipulation and Visualization in S-PLUS

Dow Jones Industrial Average
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FIGURE 2.4. Monthly high, low, open, close and volume information for the
Dow Jones Industrial Average using plot.timeSeries with type="hloc" and
type="stackbar".

> DJ.ret = getReturns(DowJones30[,1:6], percentage=T)
> colIds(DJ.ret)
[1] "AAH IIAXP" "Tll IIBA" IICAT" IlCll

The function seriesPlot may be used to create single panel or multi-
panel time plots. To create the multi-panel time plot of the six Dow Jones
30 assets shown in Figure 2.5 use

> seriesPlot(DJ.ret,one.plot=F,strip.text=colIds(DJ.ret),
+ main="Monthly returns on six Dow Jones 30 stocks")

Notice that each time plot has a different scale.

The function histPlot may be used to create either a single panel his-
togram of one data series or a multi-panel plot of histograms for multiple
series. The multi-panel plot in Figure 2.6 is created using

> histPlot(DJ.ret,strip.text=collds(DJ.ret),
+ main="Histograms of returns on six Dow Jones 30 stocks")

Notice that each histogram uses the same bins.

Single panel or multi-panel Trellis-based qg-plots using Gaussian, Student-
t, and double exponential distributions may be created using the function
qgPlot. To illustrate, consider computing qg-plots for the six Dow Jones 30
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FIGURE 2.5. Multi-panel time plot created using the S+FinMetrics function
seriesPlot.

assets using six Student-t reference distributions with degrees of freedom
equal to 5,6,7,8,9 and 10. These qqg-plots, shown in Figure 2.7, are created
using

s.text = paste(collds(DJ.ret),5:10,sep=" ","df")
qqPlot(DJ.ret,strip.text=s.text,
distribution="t",dof=c(5,6,7,8,9,10), id.n=FALSE,
main="Student-t QQ-plots for returns on six Dow Jones
30 stocks")

+ 4+ 4+ VvV Vv

Notice how the degress of freedom for each Student-t distribution along
with the asset name is indicated in the strip text. The optional argument
id.n=FALSE suppresses the identification of outliers on the qqg-plots.
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Histograms of returns on six Dow Jones 30 stocks
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FIGURE 2.6. Multi-panel histogram plot created using the S+FinMetrics func-

tion histPlot.

Student-t QQ-plots for returns on six Dow Jones 30 stocks
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qgPlot.

created using the S+FinMetrics function
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3

Time Series Concepts

3.1 Introduction

This chapter provides background material on time series concepts that
are used throughout the book. These concepts are presented in an informal
way, and extensive examples using S-PLUS are used to build intuition. Sec-
tion 3.2 discusses time series concepts for stationary and ergodic univariate
time series. Topics include testing for white noise, linear and autoregressive
moving average (ARMA) process, estimation and forecasting from ARMA
models, and long-run variance estimation. Section 3.3 introduces univariate
nonstationary time series and defines the important concepts of I(0) and
I(1) time series. Section 4.4 explains univariate long memory time series.
Section 77 covers concepts for stationary and ergodic multivariate time
series, introduces the class of vector autoregression models, and discusses
long-run variance estimation.

Rigorous treatments of the time series concepts presented in this chapter
can be found in Fuller (1996) and Hamilton (1994). Applications of these
concepts to financial time series are provided by Campbell, Lo and MacKin-
lay (1997), Mills (1999), Gourieroux and Jasiak (2001), Tsay (2001), Alexan-
der (2001) and Chan (2002).
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3.2 Univariate Time Series

3.2.1 Stationary and Ergodic Time Series

Let {y:} = {...yt—1,Yt, Yt+1,...} denote a sequence of random variables
indexed by some time subscript ¢. Call such a sequence of random variables
a time series.

The time series {y;} is covariance stationary if

w for all ¢

Elyq]
cov(ye, ye—j) = El(ye — 1)(ye—; — p)] =, for all ¢ and any j

For brevity, call a covariance stationary time series simply a stationary
time series. Stationary time series have time invariant first and second
moments. The parameter v, is called the 4t order or lag j autocovariance
of {y:} and a plot of 7, against j is called the autocovariance function. The
autocorrelations of {y;} are defined by

0, = cov(Ye; Yi—j) _
T Vvar(ydvar(y—;) Yo

and a plot of p; against j is called the autocorrelation function (ACF).
Intuitively, a stationary time series is defined by its mean, variance and
ACF. A useful result is that any function of a stationary time series is also
a stationary time series. So if {y;} is stationary then {z;} = {g(y:)} is
stationary for any function g(-).

The lag j sample autocovariance and lag j sample autocorrelation are
defined as

T
. 1 _ _
o= 7 PR [T (3.1)
t=j+1
R Y
R} 3.2
P; e (3.2)

where § = % Zthl y+ is the sample mean. The sample ACF (SACF) is a
plot of p; against j.

A stationary time series {y;} is ergodic if sample moments converge in
probability to population moments; i.e. if g 2 Y 2 7v; and p; LN pj-

Example 1 Gaussian White Noise (GWN) processes

Perhaps the most simple stationary time series is the independent Gaus-
sian white noise process y; ~ iid N(0,0%) = GWN(0,0%). This process
has pp =, = p; =0 (j # 0). To simulate a GW N (0, 1) process in S-PLUS
use the rnorm function:



3.2 Univariate Time Series 59

Series : y
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FIGURE 3.1. Simulated Gaussian white noise process and SACF

> set.seed(101)
> y = rnorm(100,sd=1)

To compute the sample moments g, ;, p; (j =1,...,10) and plot the data
and SACF use

y.bar = mean(y)

g.hat = acf(y,lag.max=10,type="covariance",plot=F)
r.hat = acf(y,lag.max=10,type="correlation",plot=F)
par (mfrow=c(1,2))

tsplot (y,ylab="y")

acf.plot(r.hat)

V V V V VvV V

By default, as shown in Figure 3.1, the SACF is shown with 95% confidence
limits about zero. These limits are based on the result (c.f. Fuller (1996)
pg. 336) that if {y;} ~ iid (0,0?) then

. A 1 )

Pj NN(O7T)7 7 >0.
The notation p, AN (0, %) means that the distribution of p; is approxi-
mated by normal distribution with mean 0 and variance % and is based on
the central limit theorem result \/Tf)j 4N (0,1). The 95% limits about
zero are then :I:l'—j;—?.
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Quantiles of Standard Normal

FIGURE 3.2. Normal qg-plot for simulated GWN.

Two slightly more general processes are the independent white noise
(IWN) process, y; ~ IWN(0,0%), and the white noise (WN) process,
Yy ~ WN(0,0?). Both processes have mean zero and variance o2, but
the IWN process has independent increments, whereas the WN process
has uncorrelated increments.

Testing for Normality

In the previous example, y; ~ GWN(0,1). There are several statistical
methods that can be used to see if an iid process y; is Gaussian. The most
common is the normal quantile-quantile plot or gq-plot, a scatterplot of the
standardized empirical quantiles of y; against the quantiles of a standard
normal random variable. If y; is normally distributed, then the quantiles
will lie on a 45 degree line. A normal qg-plot with 45 degree line for y; may
be computed using the S-PLUS functions qgnorm and qqline

> qquorm(y)
> qqline(y)

Figure 3.2 shows the qg-plot for the simulated GWN data of the previous
example. The quantiles lie roughly on a straight line. The S+FinMetrics
function qqPlot may be used to create a Trellis graphics qg-plot.

The qg-plot is an informal graphical diagnostic. Two popular formal
statistical tests for normality are the Shapiro- Wilks test and the Jarque-
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Bera test. The Shapiro-Wilk’s test is a well-known goodness of fit test for
the normal distribution. It is attractive because it has a simple, graphical
interpretation: one can think of it as an approximate measure of the cor-
relation in a normal quantile-quantile plot of the data. The Jarque-Bera
test is based on the result that a normally distributed random variable has
skewness equal to zero and kurtosis equal to three. The Jarque-Bera test

statistic is -
T [ —2 —3)2
JB=% (skew + M) (3.3)

where skew denotes the sample skewness and furt denotes the sample
kurtosis. Under the null hypothesis that the data is normally distributed

JB A \2(2).
Example 2 Testing for normality using the S+FinMetrics function normalTest

The Shapiro-Wilks and Jarque-Bera statistics may be computed using
the S+FinMetrics function normalTest. For the simulated GWN data of
the previous example, these statistics are

> normalTest(y, method="sw")
Test for Normality: Shapiro-Wilks

Null Hypothesis: data is normally distributed
Test Statistics:

Test Stat 0.9703
p.value 0.1449

Dist. under Null: normal
Total Observ.: 100

> normalTest(y, method="jb")

Test for Normality: Jarque-Bera

Null Hypothesis: data is normally distributed
Test Statistics:

Test Stat 1.8763
p.value 0.3914

Dist. under Null: chi-square with 2 degrees of freedom
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Total Observ.: 100

The null of normality is not rejected using either test.

Testing for White Noise
Consider testing the null hypothesis

Hy : y; ~ WN(0,0%)

against the alternative that y; is not white noise. Under the null, all of the
autocorrelations p; for j > 0 are zero. To test this null, Box and Pierce
(1970) suggested the Q-statistic

Q) =T 72 (3.4)

where p; is given by (3.2). Under the null, Q(k) is asymptotically dis-
tributed x2?(k). In a finite sample, the Q-statistic (3.4) may not be well
approximated by the x2(k). Ljung and Box (1978) suggested the modified

Q-statistic
2
J

(3.5)

k
MQ(k) = T+2; —

which is better approximated by the x?(k) in finite samples.
Example 3 Daily returns on Microsoft

Consider the time series behavior of daily continuously compounded re-
turns on Microsoft for 2000. The following S-PLUS commands create the
data and produce some diagnostic plots:

r.msft = getReturns(DowJones30[,"MSFT"],type="continuous")
r.msft@title = "Daily returns on Microsoft"

sample.2000 = (positions(r.msft) > timeDate("12/31/1999")
& positions(r.msft) < timeDate("1/1/2001"))

par (mfrow=c(2,2))

plot(r.msft[sample.2000],ylab="r.msft")

r.acf = acf(r.msft[sample.2000])

hist(seriesData(r.msft))

qqnorm(seriesData(r.msft))

V VV VYV 4+ V VYV

The daily returns on Microsoft resemble a white noise process. The qqg-
plot, however, suggests that the tails of the return distribution are fatter
than the normal distribution. Notice that since the hist and qgnorm func-
tions do not have methods for “timeSeries” objects the extractor func-
tion seriesData is required to extract the data frame from the data slot
of r.msft.
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Series : r.msft[sample.2000]
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FIGURE 3.3. Daily returns on Microsoft with diagnostic plots

The S+FinMetrics functions histPlot and qgPlot will produce a his-
togram and qqg-plot for a “timeSeries” object using Trellis graphics. For
example,

> histPlot(r.msft,strip.text="MSFT monthly return")
> qqPlot(r.msft,strip.text="MSFT monthly return")

However, Trellis plots cannot be displayed in a multipanel plot created
using par.

The S+FinMetrics function autocorTest may be used to compute the
Q-statistic and modified Q-statistic to test the null that the returns on
Microsoft follow a white noise process:

> autocorTest(r.msft, lag.n=10, method="1b")

Test for Autocorrelation: Ljung-Box
Null Hypothesis: no autocorrelation

Test Statistics:

Test Stat 11.7746
p.value 0.3004

Dist. under Null: chi-square with 10 degrees of freedom
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Total Observ.: 2527

The argument lag.n=10 specifies that k¥ = 10 autocorrelations are used
in computing the statistic, and method="1b" specifies that the modified
Box-Pierce statistic (3.5) be computed. To compute the simple Box-Pierce
statistic, specify method="bp". The results indicate that the white noise
null cannot be rejected.

3.2.2 Linear Processes and ARMA Models

Wold’s decomposition theorem (c.f. Fuller (1996) pg. 96) states that any
covariance stationary time series {y;} has a linear process or infinite order
moving average representation of the form

Yo o= pt Y ek (3.6)

k=0
o0

vy = 1, Zwi<oo
k=0

gt ~ WN(O, 0'2>
In the Wold form, it can be shown that

Elp] = n
Yo = wvar(y) = UQZ#’%
k=0
o0
v, = cov(ye yi—j) = UQZT%T%JF]‘
k=0
b iUty
’ o ¥

Hence, the pattern of autocorrelations in any stationary and ergodic time
series {y;} is determined by the moving average weights {1} in its Wold
representation. To ensure convergence of the linear process representation
to a stationary and ergodic process with nice properties, it is necessary
to further restrict the behavior of the moving average weights {1;}. A
standard assumption used in the econometrics literature (c.f. Hamilton
(1994) pg. 504) is 1-summability

[ee]
Zj|¢j| =1+ 2[¢,] + 3ths] + -+ < o0
=0

The moving average weights in the Wold form are also called impulse
responses since
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For a stationary and ergodic time series lims_,~ %, = 0 and the long-run
cumulative impulse response Y .o ¥, < co. A plot of ¢, against s is called
the impulse response function (IRF).

The general Wold form of a stationary and ergodic time series is handy
for theoretical analysis but is not practically useful for estimation purposes.
A very rich and practically useful class of stationary and ergodic processes is
the autoregressive-moving average (ARMA) class of models made popular
by Box and Jenkins (1976). ARMA(p, ¢) models take the form of a pth
order stochastic difference equation

Yye—p = O1(Y—1—p)+ o+ Op(Ye—p — 1) (3.7)
+er 0161+ -+ 04604
g ~ WN(0,0%)

ARMA(p, ¢) models may be thought of as parsimonious approximations
to the general Wold form of a stationary and ergodic time series. More
information on the properties of ARMA(p, q) process and the procedures
for estimating and forecasting these processes using S-PLUS are in the S-
PLUS Guide to Statistics Vol. II, chapter 27, Venables and Ripley (1999)
chapter 13, and Meeker (2001)!.

Lag Operator Notation

The presentation of time series models is simplified using lag operator no-
tation. The lag operator L is defined such that for any time series {y;},
Ly, = y;_1. The lag operator has the following properties: L%y, = L- Ly, =
yi_o2, L° =1 and L=y; = y;,1. The operator A = 1 — L creates the first
difference of a time series: Ay = (1 — L)y; = v+ — y+—1. The ARMA(p, q)
model (3.7) may be compactly expressed using lag polynomials. Define
H(L)=1—¢L—---—¢, [P and O(L) = 1+ 0L +--- +0,L%. Then (3.7)
may be expressed as

A(L)(ye — p) = 0(L)ey

Similarly, the Wold representation in lag operator notation is
Yy = p+y(Le
(L) = D Lk =1
k=0

and the long-run cumulative impulse response is (1) (i.e. evaluate (L)
at L =1). With ARMA(p, ¢) models the Wold polynomial (L) is approx-

IWilliam  Meeker also has a library of time series functions
for  the  analysis of ARMA  models available for  download at
(http://www.public.iastate.edu/“stat451/splusts/splusts.html)
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imated by the ratio of the AR and MA polynomials

w(E) = 55

3.2.8  Autoregressive Models
AR(1) Model
A commonly used stationary and ergodic time series in financial modeling

is the AR(1) process

Yyr—pp=(y—1—p) +e, t=1,...,T

where &, ~ WN(0,02) and |¢| < 1. The above representation is called the
mean-adjusted form. The characteristic equation for the AR(1) is

P(z)=1—¢z=0 (3.8)

so that the root is z = % Stationarity is satisfied provided the absolute
value of the root of the characteristic equation (3.8) is greater than one:
|%\ > 1or |¢| < 1.In this case, it is easy to show that Efy;] = u, 7o = %,
Yy =p; = ¢’ and the Wold representation is

Yr = N"‘ijf:tfj-
j=0

Notice that for the AR(1) the ACF and IRF are identical. This is not true
in general. The long-run cumulative impulse response is (1) = ﬁ
The AR(1) model may be re-written in components form as

Yo = ptug

u = Qui1 + &y

or in autoregression form as

Yy = Cctoyi—1+e
c = wl-=29)

An AR(1) with u =1, ¢ = 0.75, 0> = 1 and T = 100 is easily simulated
in S-PLUS using the components form:

> set.seed(101)

> e = rnorm(100,sd=1)

> e.start = rnorm(25,sd=1)

> y.arl = 1 + arima.sim(model=1list(ar=0.75), n=100,
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Simulated AR(1) ACF and IRF for AR(1)
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FIGURE 3.4. Simulated AR(1), ACF, IRF and SACF.

+ innov=e, start.innov=e.start)
> mean(y.arl)

[1] 1.271

> var(y.arl)

[1] 2.201

The ACF and IRF may be computed as
> gamma.j = rep(0.75,10) “seq(10)
The simulated data, ACF and SACF are illustrated in Figure 3.4 using

par (mfrow=c(2,2))

tsplot(y.arl,main="Simulated AR(1)")

abline(h=1)

tsplot(gamma.j, type="h", main="ACF and IRF for AR(1)",
ylab="Autocorrelation", xlab="lag")

tmp = acf(y.arl, lag.max=10)

vV + V V Vv V

Notice that {y;} exhibits mean-reverting behavior. That is, {y;} fluctuates
about the mean value p = 1. The ACF and IRF decay at a geometric rate.
The decay rate of the IRF is sometimes reported as a half-life — the lag
ghelf at which the IRF reaches % For the AR(1) with positive ¢, it can be
shown that j"%f =1n(0.5)/In(¢). For ¢ = 0.75, the half-life is

> 1log(0.5)/10g(0.75)
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US/CA 30 day interest rate differential
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FIGURE 3.5. US/CA 30 day interest rate differential and SACF

[11 2.409

Many economic and financial time series are well characterized by an
AR(1) process. Leading examples in finance are valuation ratios (dividend-
price ratio, price-earning ratio etc), real exchange rates, interest rates,
and interest rate differentials (spreads). To illustrate, consider the 30-
day US/CA interest rate differential® constructed from the S+FinMetrics
“timeSeries” object lexrates.dat:

uscn.id = 100*(lexrates.dat[,"USCNF"]-
lexrates.dat[,"USCNS"])

collds(uscn.id) = "USCNID"

uscn.id@title = "US/CA 30 day interest rate differential"
par (mfrow=c(2,1))

plot(uscn.id,reference.grid=F)

abline (h=0)

tmp = acf(uscn.id)

V V V V V V 4+ V

The interest rate differential is clearly persistent: autocorrelations are
significant at the 5% level up to 15 months.

2By covered interest rate parity, the nominal interest rate differential between risk
free bonds from two countries is equal to the difference between the nominal forward
and spot exchange rates.
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AR(p) Models
The AR(p) model in mean-adjusted form is

Y — =1 (We—1— )+ + Iy (Ye—p — 1) + &t

or, in lag operator notation,

O(L)(ye — 1) = &

where ¢(L) =1~ ¢;L —--- — ¢,LP. The autoregressive form is

d(L)y: = c+ ey

It can be shown that the AR(p) is stationary and ergodic provided the
roots of the characteristic equation

#(z) =1—¢y2 — ¢222 - d)pzp =0 (3.9)

lie outside the complex unit circle (have modulus greater than one). A nec-
essary condition for stationarity that is useful in practice is that |<;51 +- 4 ¢p| <
1. If (3.9) has complex roots then y; will exhibit sinusoidal behavior. In
the stationary AR(p), the constant in the autoregressive form is equal to

Wl =6y~ — &),
The moments of the AR(p) process satisfy the Yule-Walker equations

Yo = Gt bt o+, +07 (3.10)
Vi o= Vi1t oYt Oy,

A simple recursive algorithm for finding the Wold representation is based
on matching coefficients in ¢(L) and (L) such that ¢(L)y(L) = 1. For
example, in the AR(2) model

(1= L— L)1+ tpy L+ L* +---) =1

implies
1/11 =1
Yy = G191+ Py
Yy =

G109 + Po1by

Y, = o1t ot

Partial Autocorrelation Function

The partial autocorrelation function (PACF) is a useful tool to help iden-
tify AR(p) models. The PACF is based on estimating the sequence of AR
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models

2t = Q121+ En

$912t—1 + Pog2t_2 + €24

2t

2z = ¢plzt,1 + ¢p22t*2 + -+ prpzt,p + Ept

where 2; = y; —pu is the demeaned data. The coefficients ¢,; for j =1,...,p
(i-e., the last coefficients in each AR(p) model) are called the partial auto-
correlation coefficients. In an AR(1) model the first partial autocorrelation
coeflicient ¢;; is non-zero, and the remaining partial autocorrelation coef-
ficients ¢;; for j > 1 are equal to zero. Similarly, in an AR(2), the first
and second partial autocorrelation coefficients ¢;; and ¢y, are non-zero
and the rest are zero for j > 2. For an AR(p) all of the first p partial
autocorrelation coefficients are non-zero, and the rest are zero for j > p.
The sample partial autocorrelation coefficients up to lag p are essentially
obtained by estimating the above sequence of p AR models by least squares
and retaining the estimated coefficients ¢,;.

Example 4 Monthly Real Interest Rates

The “timeSeries” object varex.ts in the S+FinMetrics module con-
tains monthly data on real stock returns, real interest rates, inflation and
real output growth.

> collds(varex.ts)
[1] "MARKET.REAL" "RF.REAL" "INF" "IPG"

Figure 3.6 shows the real interest rate, RF.REAL, over the period January
1961 through December 2000 produced with the S-PLUS commands

smpl = (positions(varex.ts) > timeDate("12/31/1960"))
irate.real = varex.ts[smpl,"RF.REAL"]

par (mfrow=c(2,2))

acf.plot(acf(irate.real, plot=F))

plot(irate.real, main="Monthly Real Interest Rate")
tmp = acf(irate.real, type="partial")

The SACF and SPACF indicate that the real interest rate might be modeled
as an AR(2) or AR(3) process.

V V V V VvV V

3.2.4  Moving Average Models
MA(1) Model
The MA(1) model has the form

Yo = p+e+ 01,60 ~ WN(0,07)
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FIGURE 3.6. Monthly U.S. real interest rate, SACF and SPACF.

For any finite 6 the MA(1) is stationary and ergodic. The moments are
Ely] = 1, vo = 02(1+6%), v, = 020, v; = 0for j > 1 and p; = 0/(1+6%).
Hence, the ACF of an MA(1) process cuts off at lag one, and the maximum
value of this correlation is +0.5.

There is an identification problem with the MA(1) model since § = 1/6
produce the same value of p;. The MA(1) is called invertible if |#] < 1 and
is called non-invertible if |6] > 1. In the invertible MA(1), the error term
€; has an infinite order AR representation of the form

€t = Ze*j(yt—j — 1)
j=0

where 0" = —6 so that ; may be thought of as a prediction error based on
past values of y;. A consequence of the above result is that the PACF for
an invertible MA(1) process decays towards zero at an exponential rate.

Example 5 Signal plus noise model
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MA (1) models often arise through data transformations like aggregation
and differencing®. For example, consider the signal plus noise model

i = 2z +ener~WN(0,0%)
Ze—1 + Mgy My ~ WN(O, 03;)

2t

where €; and 7, are independent. For example, z; could represent the funda-
mental value of an asset price and ¢; could represent an iid deviation about
the fundamental price. A stationary representation requires differencing y;

Ay =n; 6 — €1

It can be shown, e.g. Harvey (1993), that Ay, is an MA(1) process with § =

—(a+2)++/q*>+4q _ a2 . . : _ -1
————5—— where ¢ = ;% is the signal-to-noise ratio and p; = 72 < 0.

Simulated data with 62 = 1 and o}, = (0.5)? created with the S-PLUS
commands

set.seed(112)

eps = rnorm(100,1)

eta = rnorm(100,0.5)

z = cumsum(eta)

y = z + eps

dy = diff(y)

par (mfrow=c(2,2))

tsplot(y, main="Signal plus noise",ylab="y")
tsplot(dy, main="1st difference",ylab="dy")
tmp = acf(dy)

tmp = acf(dy,type="partial")

V VV V V V VYV YVVYV

are illustrated in Figure 3.7. The signal-to-noise ratio ¢ = 1.4142 implies a
first lag autocorrelation of p; = —0.293. This negative correlation is clearly
reflected in the SACF.

MA(q) Model
The MA(q) model has the form

Yy =p+er+ 018021+ - + 04604, where g, ~ WN(O, o?)

The MA(q) model is stationary and ergodic provided 61, ..., 0, are finite.
It is invertible if all of the roots of the MA characteristic polynomial

0(z) =14+012z4+---0,29=0 (3.11)

3MA(1) type models for asset returns often occur as the result of no-trading effects
or bid-ask bounce effects. See Campbell, Lo and MacKinlay (1997) chapter 3 for details.
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FIGURE 3.7. Simulated data, SACF and SPACF from signal plus noise model.

lie outside the complex unit circle. The moments of the MA(q) are

Ely] = n
Yo = (104 +0p)
yi = (9j+0j+191+9j+292+'-~+9q9q,j)0'2fOI‘j:LQ,...,q
J 0 for j >q

Hence, the ACF of an MA(q) is non-zero up to lag ¢ and is zero afterwards.
As with the MA(1), the PACF for an invertible MA(q) will show exponen-
tial decay and possibly pseudo cyclical behavior if the roots of (3.11) are
complex.

Example