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Preface

S-PLus is a powerful tool for interactive data examination, creation of graphs, and
implemenation of customizedroutines basedon the S languageof AT&T Bell Labs (Lu-
cert Tednologies). The modern concepttogether with its exibilit y makesit appealing
to data analystsfrom all sciertic elds. Among its many strengthsare its powerful but
exible graphicsroutines, and its facility for writing functions wherely you may either
modify an existing function, or create one of your own. Most standard statistical tech-
niquesand many non-standardonesbesidesare already programmedin S-PrLus, making
exploratory and formal statistical analysisvery easy

This guide was written to give a solid but quick introduction to the S-PLus erviron-
mert. If you have newer usedS-PLus before,this guide will get you up to speedquickly.
So, the presen guide is primarily intended for the S-Prus novice. With the provided
groundwork in place, it is then possibleto tackle the really sophisticatedfunctions and
to write your own. If a specic problemis not coveredin this guide, you should be able
to nd the answer in oneof the books and manuals on S-PLus.

This manuscript was written to accompaiy the introduction courseto S-PLus given
at the Departmert of Mathematics at the SwissFederal Institute of Tedinology in Lau-
sanne.Although it hasbeenwritten for a particular ervironment, S-Prus 3.4 for UNIX,
| have tried asfar as practicable to make the guide independen of the computing envi-
ronmert and the exact versionof S-PLus in use. This manuscript is alsouseful with R,
a freely-available open-sourcestatistical system not unlike S'. | have tried wherepossible



to usecode that works in all versionsof S-PrLus and in R. In addition to the rst edition
the presen manuscript includesa new chapter on a short comparisonof S-Prus 5.x with
S-PLus 3.4. Moreover, it isassumedo work with a graphicaluserinterface(GUI) sud as
Motif or Microsoft Windows, or at a X-terminal. Finally, the webpageof the introduction
courseto S-PrLus and of the presen manuscript is

http://statwww.epfl.ch/sp lus/

Many peoplein uenced this manuscript and contributed directly or indirectly. They
arefar too numerousto mertion. | would liketo thank all of them. A specialthank goesto
Christian Sangiorgiofrom the Seminarfur Statistik at the ETHZ in Zurich for providing
me with their coursematerial on their "Einfuhrung in S-PLus' course.Moreover, special
thanks goto Prof. Anthony C. Davisonand Reinhard Furrer for their valuablescommerts
and suggestions.

Diego Kuonen,
Lausanne, February, 2001.

Typ ographical Conventions

Throughout this guide S-PLus languageconstructsand commandsare setin typewriter
font like this , or in usingthe S-Prus prompt >' like

> S-Plus command
or
> S-Plus command # commenton the S-Plus command

The prompt $ is usedasthe standard prompt for the UNIX shell, e.g.
$ UNIX command

Finally, keyboard keys are written in capital letters, e.g. pressthe RETURN key.
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Chapter 1

Introduction

1.1 The History of S and S-Plus

S is a very high level languageand an ernvironment for data analysisand graphics. S

was written by Richard A. Beder, John M. Chambers, and Allan R. Wilks at Lucen

Tednologies(formerly AT&T Bell Laboratories) Statistics Researb Departmert. Sis a

very generaltool, sothat applications are not restricted to any particular subject area.
One way to think of it is to imagine the wide range of applications that can be handled
by a spreadsheeprogram| but think of an even broaderrange of applications because
S is much more exible for complex computations. As examples,S has been used for

computing in areaslike business, nance and experimertal science.

Of fundamenal importanceis that S is a language. This makes S much more useful
than if it were merely a “padage' for statistics or graphics or mathematics. Imagine if
English were not a language,but merely a collection of words that could only be used
individually | a padkage. Then what is expressedn this sertenceis far more complex
than any meaningthat could be expressedwith the English padkage. That is why the
authors of S preferthat you not call S a statistics padkage. Most of the peoplewho useS
have no attachmert to statistics, and most of the S applicationsinvolve basicquartitativ e
computations and graphics. In S, all functions are tightly integrated and cortrolled by
the Slanguage.

S-PLuUs is a value-addedversion of S sold by Insightful Corporation (formerly Math-
Soft, Inc.), and it is a fully supported and documened application which has beencom-
piled and tested on numerousarchitectures. It is available in both UNIX and Windows
versions. The latest versionof S-PLus is even running on the most a ordable platform:
Linux. In all, S-PLus o ers avery comprehensie setof functions with over 4,000built-in
functions.

Sis a subsetof S-PrLus, and henceanything which may be donein S may be donein
S-Prus. In addition S-PLus hasextendedfunctionality in a wide variety areas,including

1



2 CHAPTER 1. INTRODUCTION

robust regression,modern nonparametric regressiontime series,survival analysis, mul-
tivariate analysis, classicalstatistical tests, quality cortrol, graphics drivers and many
more. Add-on modulesadd additional capabilities for wavelet analysis,spatial statistics,
nancial analysisand designof experimerts. In addition, the newer S-PLus versionsfor
Windows introducesa full-featured graphical userinterface.

An electronicsourcefor information on S-Prus is the Insightful Corporation web site.
The URL for this site is

http://www.insightful.com

1.2 Aw ard-winning S Language

The S Systemwas recerily recognizedwith the prestigious "Assaiation for Computing
Machinery (ACM) Software SystemsAward. The ACM named John M. Chambers of
Bell Labs asthe recipiert of the 1998 Softvare SystemAward' for dewelopingthe S Sys-
tem. The ACM's citation notesthat Chanmbers's work “forever altered the way people
analyze, visualize, and manipulate data... S is an elegant, widely accepted, and enduring
software system, with conceptual integrity, thanks to the insight, taste, and effort of John
Chambers." Note that the "SystemSoftware Award' recognizeshose who dewelop soft-
ware systemshaving a lasting in uence. Software systemsrecognizedby previousawards
have included sud cornerstonesof modern computing asthe UNIX operating system,the
World Wide Web, TCP/IP , and the Postscript language.

1.3 Available Documentation

There are a variety of ways to accelerateyour progresswith S-PLus, and to build upon
the work of others. This sectiondescribesthe learning and support resourcesavailable to
S-PLUs users.

1.3.1 Online Help

S-PLUs o ers anonline help systemto make learningand using S-PLus easier. Moreover,
the UNIX versionof S-PLus 3.4 provides a corveniert meru-driven help system, while
in the Windows version help is provided through the Windows Help system. The latest
UNIX versionof S-PLus 5.1introducesa new help systemwhich displays help asHTML-
formatted text (seealso Chapter 10).
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1.3.2 Printed and Online Manuals

All S-PLus versionscomewith seweral manuals. For instancethe UNIX/Lin ux version
comeswith the "User's Guide', the 'S-PrLus Guide to Statistics (Part |1 and II)', and
the 'S-PLus Installation and Maintenance Guide'. The ertire S-PLus documeriation
for Windows and UNIX/Lin ux is alsoavailable from the following Insightful Corporation
web site

http://www.insightful.com/r esources/do c/
A collection of whitepapers and application noteson S-PLus you will at

http://www.insightful.c om/resource s/whitep apers/

and the "S-PLus Instructor's Corner' | a resourcefor instructors teacing data anal-
ysis and statistics using S-Prus | under

http://www.insightful.c om/resource s/in st-c orner/
An additional online book that is gearedtowards those who are programmingin Sis
http://www.seanet.com/~pbu rns/Spoetry /
Finally, a HTML-based help systemfor S-Prus 3.4you will nd at the URL

www.uni-muenster.de/ZIV/ Mitarbei ter /BennoSiesel beck/s- html/shelp.h tml

1.3.3 StatLib

StatLib is a systemfor distributing statistical software, data sets, and information by
electronicmail, FTP and the World Wide Web. It cortains a wealth of user-cortributed
S-PLus functions. To accessStatLib by FTP, opena connectionto: lib.stat.cmu.edu
Login as anonymousand send your e-mail addressas your passvord. The FAQ (‘Fre-
qguertly Asked Questions')is in /S/IFAQ or in HTML format at

http://www.stat.math.ethz. ch/S-FAQ
To accessStatLib with a web browser, visit

http://lib.stat.cmu.edu

To accessStatLib by e-mail, sendthe message:

send index from S
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to statlib@lib.stat.cmu.edu . You can then requestany item in StatLib with the
requestsend item from Swhereitem is the nameof the item.

1.3.4 S-News

S-newsis an electronic mailing list by which S-Prus userscan ask questionsand share
information with other users. To get on this list, send a messagewith messagebody
subscribe to

s-news-request@wubios.wustl.e du

To get o this list, senda messagevith body unsubscribe to the sameaddress. Once
enrolled on the list, you will beginto receiwe e-mail. To senda messagdo the S-news
mailing list, sendit to s-news@wubios.wustl.edu. Do not send subscription requests
to the full list; usethe s-news-request addressshavn above. The S-newsmailing list
archivesare available at

http://www.biostat.wustl .edu/s-n ews/s-news-archive/

1.3.5 Other Books

The primary referencedor S are the books by its creators:

Beder R. A., Chambers J. M. and Wilks A. R. (1988), The New S Language,
Chapmanand Hall, London.

ChambersJ. M. and Hastie T. J. (1992), Statistical Models in S, Chapmanand Hall,
London.

ChambersJ. M. (1998), Programming with Data, Springer, New York.
Other books which discussparticular aspectsof S and S-PLus include the following:

Bowman A. W. and Azzalini A. (1997), Applied Smoothing Techniques for Data
Analysis: The Kernel Approach with S-Plus Illustrations, Oxford University Press,
Oxford.

Cleveland W. (1993), Visualizing Data, Hobart Press,Summit, New Jersey

Davison A. C. and Hinkley D. V. (1997), Bootstrap Methods and Their Application,
Cambridge University Press,Cambridge.

Everitt B. (1994), A Handbook of Statistical Analyses using S-Plus, Chapmanand
Hall, London.

Hardle W. (1991), Smoothing Techniques with Implementation in S, Springer, New
York.
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Krause A. and Olson M. (1997), The Basics of S and S-Plus, Springer,New York.

Marazzi A. (1993), Algorithms, Routines and S Functions for Robust Statistics,
Chapmanand Hall, London.

Spector P. (1994), An Introduction to S and S-Plus, Duxbury Press,Belmort, Cal-
ifornia.

VenablesW. N. and Ripley B. D. (1999), Modern Applied Statistics with S-Plus,
Third Ed., Springer, New York.

VenablesW. N. and Ripley B. D. (2000), S Programming, Springer, New York.

They go far beyond the coverage of this guide, including many topics (sud as robust
statistics, non-linear regressionsmodern regressionsurvival analysis,tree-basedmodels,
time seriesand spatial statistics) not covered here,aswell asin greaterdepth on what is
covered. Moreover, for readersof Germanthere are:

Beker F. (1997), S-Plus — Learning by Doing: Fine Anleitung zum Arbeiten mit
S-PLUS, Verlag Lucius & Lucius, Stuttgart.

Krause A. (1997), Einfihrung in S und S-Plus, SpringerVerlag, New York.

Suselledk B. (1993), S und S-Plus: Fine Einfihrung in Programmierung und An-
wendung, Gustav Fischer Verlag, Jenna.

For readersof Frenc there is:

Baumgartner M. (1994), Une introduction a S-Plus Version 3.1 pour Silicon Graph-
ics Iris, Departemen de Mathematiques, Chaire de Statistique, EPFL, CH-1015
Lausanne.

The later can be downloadedfrom the coursehome page:
http://statwww.epfl.ch/splu s/
An up-to-date list of texts and bookson S and S-PLus is:

http://www.insightful.co m/resour ces/ bibl io. html

1.3.6 Statistics Related Information
Statistics related information you will nd at
http://www.statoo.com

On this site you can nd easilyand quickly anything related to statistics.
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1.4 Essentials

This sectioncoversthe basicsof starting S-PLus, of constructing S-PLus expressionspf
getting help by useof the built-in help system,and somegeneralinformation.

1.4.1 Getting Started

To start S-PLus, type the following at the UNIX shell prompt, and pressthe RETURN
key:

$ Splus
Only the 'S is capitalized. When you pressRETURN, a copyright messageppears:

S-PLUS: Copyright (c) 1988, 1996 MathSoft, Inc.

S : Copyright AT&T.

Version 3.4 Release 1 for Silicon Graphics Iris, IRIX 5.3 : 1996
Working data will be in .Data

>

You get the S-PLus prompt >, waiting for input from you. You can use S-PLus by
typing expressionsafter the prompt and pressingthe RETURN key. Among the simplest
S-PLUs expressionsare arithmetic onessud as

> 8+9
[1] 17
> 8%9
[1] 72

The symbols '+ and ™*' represeh S-PLus operators for addition and multiplication,
respectively. In addition to the usualarithmetic and logical operators, S-PLus hasspecial
operators for special purposes. For example, the colon operator . ' is usedto obtain
sequences:

> 1:9
[1] 123456789

The [1] in ead of the output linesis the index of the rst S-PLus responseon the line of
S-PLus output. If S-PLus isrespondingwith alongvector of results,ead line is preceded
by the index of the rst responseof that line. The mostcommonS-PLus expressions the

function call. An exampleof a function in S-PLus is the ¢ function, usedfor "comnbining'

comma-separatedists of items into a singleitem. Functions calls are always followed by

a pair of parertheses,with or without any argumerns in the parertheses. An exampleis
given by
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> ¢(1,5,8,9)
1] 1589

Let us now introduce somebasic typing syntax and corvertions in S-PLus. Note that
S-PLuUs ignoresmost spacesfor example:

> 8+ 9
[1] 17

Howewer, do not put spacesn the middle of numbersor names. For example,if you wish
to add 321 and 1, the expressior32 1+1causesan error. Also, whenyoutypea RETURN
and it is clearto S-PLus that an expressions incomplete (for example,the last character
is an operator, or there is a missingparerthesis), S-PLus providesa cortinuation prompt
to remind you to completethe expression.The default cortinuation prompt is '+. Here
are two examplesof incomplete expressions

> 8*

+9

[1] 72

> ¢(1,5,

+ 8,

+9

+)

[1] 1589

In eat of the above cases,the user completed the expressionafter the cortinuation
prompt, "+, and then S-PLus respondedwith the result of the evaluation of the complete
expression.

Sometimes/ou may warnt to stop the evaluation of an S-PLus expression.For example,
you may suddenlyrealizeyou want to usea di erent command,or the output display of
data on the screenis extremely long and you do not want to look at all of it. To interrupt
S-PrLus, usethe UNIX interrupt command,which on most systemsconsistsof CTRL-C
(pressingthe C key while holding down the CONTROL key).

Elemertary commandsconsistof either expressionor assignmets. If an expressions
given asa command,it is evaluated, printed, and the value is discarded. An assignmen
alsoewvaluatesan expressionand passeghe value, which can be changed,but the default
is assumedhere. In fact it is kept in the (hidden) variable .Last.value

> Last.value
[1] 1589

Sofar, in all of the examples,S-PLus hassimply returned a value. To reusethe value of
an S-PLus expressionyou must assignit with the '<-' operator. For example,to assign
the expressionc(1,5,8,9) to an S-PLus object namedmyvector, you would type
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> myvector <- ¢(1,5,8,9)

S-PLuUs createsthe object myvector andreturns an S-PrLus prompt. To view the cortents
of the newly createdobject, just type its name

> myvector
[1] 1589

Like most UNIX-based padkagesS-PLus is casesensitive, and so all S-PLus objects,
argumerts, names,and soon. In the following example,you get an error messagef you
do not type myvector exactly asstated, including matching all upper caseand lower case
letters.

> Myvector

Error: Object "Myvector" not found
> MYVECTOR

Error:  Object "MYVECTORiIibt found

To get a list of all the S-PLus objects in your .Data directory | the S-PrLus working
directory, whereall the objects you createare stored| type

> 1s()
[1] "myvector"

A more sophisticatedversionof Is is the function objects , which canbe usedto list only
a subsetof the objects. To nd all the objects starting with ‘'m in the working directory,
use

> objects(pattern=""m")
[1] "myvector”

To remove a object, say myvector, from this directory, type
> rm(myvector)

It is important to note that objects in your .Data directory will take precedenceover
systemobjects of the samename. This is a frequen causeof rather obscureerrors, and
can causeapparerily correct behavior but erroneousresults. Avoid using namessud as
c, S, t, etc. for your own objects. Say you want to createan object calledt :

>t <- ¢(1,58,9)
>t
[1] 1589
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Everything seemsto work ne, but in removing t from your .Data directory and in
recallingt,

> rm(t)

>t

function(x)
UseMethod("t")

you seethat this object already exists| aswe will seelater, it returns a matrix which
is the transposeof the input matrix. Note that this is a genericfunction (UseMetho{|
meaningthat the action dependson the type of object givenasan argumen. Thesefunc-
tions are utilit y functions for object-oriented programming. The idea of object-oriernted
programming is simple, but carriesa lot of weigh. Hereis the whole thing: if you told
a group of peopleto dressfor work, then you would expect ead to put on clothes ap-
propriate for that individual's job. Likewiseit is possiblefor S objects to get dressed
appropriately depending on what classof object they are. Object-orientation simpli es.
If you want to print an object, you do not needto nd out what type of object it is, then
try to remenber the proper function to useon that type of object, and then do it. You
merely useprint and the right thing happens,e.g.

> print(myvector)
[1] 1589

It can also simplify programming. Programming is simpli ed for the reasonabove, and
it also suggestsa proper ensenble of functions to write for a particular application. Al-
though technical information is more sparsethan one would hope at the S-PLus site of
MathSoft, there is a very useful article on this issueby Richard Calaway:

http://www.mathsoft.com/sp ress/Oop.ht m

1.4.2 Quitting
Finally, to quit S-Prus and get back to UNIX, usethe g function:

> q0)

The () ' are required with the g commandto quit S-PrLus becauseq is an S-PLus
function. Parenthesesare required with all S-PLus functions.

1.4.3 The Help System

If you needhelp at any time during an S-PLUs sessionyou can obtain it easilywith the
? and help functions. The ? function has simpler syntax | it requiresno parertheses
in most instances:
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> 7t
Matrix Transpose

DESCRIPTION:
Returns a matrix which is the transpose of the input.
This is a generic function. In particular, there are t
methods for various matrix classes in the Matrix library.

USAGE:

t(x)
t.default(x)

REQUIREBRGUMENTS:
X: matrix.  Missing values (NAs) are allowed.

VALUE:
transpose of x (rows of x are columns of the result, SO
that t(x)[, i is the sameas X[i, j]).

SEEALSO:
aperm for the generalized transpose of arrays. solve for
the inverse of a matrix. library(help = Matrix) for a

general description of the Matrix library.

EXAMPLES:
amat <- author.count[1:2,]
t(amat)

The sameresult is given by help(t) . Both ? and help usethe lesspager (provided with
S-PLus) to display the requestedhelp. You can usethe "d' and "u' keysto pagedown
and up, respectively; usethe "g' key to exit help and return to the S-PLus prompt. The
? commandis particularly useful for obtaining information on classesand methods. If
you use? with a function call, S-Prus o ers documenation on the function nameitself
and on all methods that might be usedwith the function if evaluated. In particular,
if the function call is methods(name) where nameis a function name, S-PLus o ers
documertation on all methods for nameavailable in the current seard list. For example,

> ?methods(t)
The following are possible methods for t
Select any for which you want to see documentation:

1. t.data.frame
2: t.default

3. t.test
Selection:



1.4. ESSENTIALS 11

You erter the number of the desiredmethod and S-PLus prints the assaiated help le,

if it exists| the ? commanddoesnot ched for the existenceof the help les before
constructing the meru. After eady meru selection, S-PLus preseits an updated meru
shaving the remaining choices. To get bad to the S-PLus prompt from within a ? meru,
erter ‘0. You call help with the nameof an S-PLus function, operator, or data set as
argumert.

To getthe mostinformation from the S-PLus help system,you shouldbecomefamiliar
with the generalarrangemen of help les. Help les are organizedasfollows (not all les
cortain all sections):

e DESCRIPTION brief description of the function's main use.

e USAGHProvidesthe correct syntax for a call to the function. Arguments for which
just the argumen nameis given are required, while argumerts stated in the form
name= value are optional argumeris, wherethe given value is the default value.

¢ REQUIREBRGUMENTHRts argumernts requiredin ewery call to the function. If not
supplied, an error results.

e OPTIONAIARGUMENTS$ts argumerts that may be suppliedin a call to the func-
tion. If not supplied, default valuesare used.

e SIDE EFFECTS.ists any e ects of the function other than returning a value.

e DETAILSDocumeris someof the computational details describingthe implemena-
tion of the function.

¢ REFERENCH®:ferencedo scierni c literature or books which descrike in further
detail the methodology or interpretation of the results of this function.

e SEEALSOLists related S-PLus functions.

¢ EXAMPLESGivesexamplesof useof the function.
Under the X11 window system,the help le canbe forcedto appearin its own window,
> help(t, window=T)

whereT standsfor TRUE. Assumedthat the printer environmert variable is set, the help
pagecan be printed by

> help(t, offline=T)

For a feature speci ed by special characterscareis needed.For example:
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> help(+)
Syntax error: )" used illegally at this point:
help(+)

In sudh caseghe argumern must beincludedin double(™ ), or singlequotes(" ), making
it an ertity known in S-PLuUs as character string. Two alternative ways of getting help
on the addition operator are

> help("+"
> 4"

The S-Prus version3.4 for UNIX hasalsoa window system,which allows you to seart
for help les by topic and to display them. You can look at many help les at the same
time and keepthem on the screenasyou cortinue working. Type

> help.start(gui="motif')

S-PLus 5.1introducesa new help systemto replacethe nro -based systemusedin earlier
versionsof S-PrLus. The new help system displays help as HTML-formatted text, by

default usinga modi ed versionof the Lynx terminal-basedbrowser. If you have Netscape
Navigator on the madine you useto run S-PLus, you can chooseto have help displayed
in your Navigator window. The help.start function has beenrestored, but now uses
your Netscape Navigator window to display its meru of function and dataset help les.

A short comparisonof S-Prus 5.x with S-PLus 3.4 is givenin Chapter 10.

1.4.4 General Information

All the objects you createin S-PLus are stored in a directory .Data. Note that asthe
directory name.Data beginswith "." it will normally be hiddenin le listings from UNIX
by Is . To seeit, type the following at the UNIX shell prompt:

$1Is -al
If there is a .Data directory in the current directory when S-PLus is invoked, that di-

rectory is usedrather than the directory of your home directory, or sud a directory is
createdwith a warning:

Initializing login directory for new S-PLUSuser.

The following provides one way to organizeyour S-PLUS, using separatedirectories for
eat project, e.g. supposeyou want to have a new working directory for S-PLus, s&
mysplus:
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$ mkdir mysplus

Now, changeto this directory:

$ cd mysplus

and make a subdirectory of mysplus called .Data:

$ mkdir .Data

This subdirectory is for useby S-Prus itself. Note that this directory only hasto be cre-
ated once. An advantage of S-PLus is that all createdobjects are storedin the directory
.Data, and they are retained until explicitly deleted. So,in in cortrast to other statisti-
cal softwares, whereyou have to explicitly state what you want to save before quitting,
the createdS-PLUs objects remain permanerly even after quitting S-Prus. By the time
your .Data directory may cortain a few hundred objects, and soyou shouldcleanup your

.Data directory from time to time in orderto not be yelled by your systemadministrator
for hoggingall the disk-space.

S-PLus keepsa record of all commandsin the .Audit le in your .Data. This is a
hidden le and can grow rather fast aswell. To cleanout the .Audit le ertirely, type

$ Splus TRUNC_AUDOr
The following output is produced:

Truncating audit file (.Data/.Audit) to most recent 0 characters
Audit file reset

If you like to keepthe most recent 100000characters,type

$ Splus TRUNC_AUDIT

1.4.5 Command Line Editing

Included with S-PLus is a commandline editor that can help improve your productivity
by enabling you to recall and edit previously issuedS-PrLus commands. The editor can
do either emacs-or vi-style editing. To be valid, the value for the ervironmert variable
S CLEDITORuwst be vi' or "emacs',i.e. in the UNIX shelltype

$ setenv S_CLEDITOBmacs
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To usethe commandline editor within S-PLus, start S-Prus with the following com-
mand:

$ Splus -e

Table 1.1 summarizesthe most useful editing commandsfor the emacsmode of the com-
mand line editor.

Table 1.1: Commandline editing for the emacsmode in S-PLuUSs.

| Action | Emacs keystrok es |

badkward character | CTRL-B
forward character | CTRL-F
previousline CTRL-P
next line CTRL-N
beginning of line CTRL-A
end of line CTRL-E
forward word ESC-F

badkward word ESC-B

kill char CTRL-D
kill line CTRL-K
deleteword ESC-D

searh badkward CTRL-R
transposechars CTRL-T

Moreover, to avoid forgetting to involve thesetwo commandsin order to start S-PLUS,
you can usean alias, which for C-shelluserswould look like:

alias S 'setenv S _CLEDITOBmacs; Splus -e'

As an exampleof using the commandline editor, supposeyou have started S-PLus with
the emacsoption. Supposeyou wanted to get somehelp on the plot function by typing
the following:

> help(plto)
No documentation available for ‘plto’

Type CTRL-P to recall the previousline, then useCTRL-B to return to the 't in ‘plto ".
Finally, type CTRL-T to transposethe t' andthe 'o'. PressRETURN to issuethe edited
command.



Chapter 2

Introductory Session: How to Beat the
Lottery

One of the best ways to getting acquairted with S-PLus is to useit to help you to
understanda particular setof data. Solet us considerdata issuedfrom the lottery, where
you might be motivated to perform data analysis. The readersareinvited to work through
the following familiarization sessionand seewhat happens. First-time usersmay not yet
understand ewery detail, but the best plan is to type what you seeand obsene what
happensasa result.

This chapter is mainly basedon Beder, Chambers and Wilks's book (1988, The New
S Language, Chapter 1).

The speci ¢ data we will look at concernsthe New JerseyPick-It Lottery. Our data is
for 254drawingsjust after the lottery was started, from May, 1975to March, 1976. Pick-
It is a parimutuel game, meaningthat the winners sharea fraction of the money taken
in for the particular drawing. Ead ticket cost ft y certs and at the time of purchasethe
player picks a three-digit number ranging from 000to 999. The money bet during the
day is placedin a prize pool and anyone who picked the winning number sharesequally
in the pool.

The data available givesfor eat drawing the winning number and the payo for a
winning ticket. The winning numbers and the correspnding payo s are:

> |ottery.number # print the winning numkers
> |ottery.payoff # print the payo s

To get a description of the data, type

> help(lottery.number)
> help(lottery.payoff)

15
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This data are an example of so-calledbuilt-in data, which comewith S-Prus. A list
of all built-in data is givenin the printed S-Prus manuals.

From the print of the two data we notice that, for the rst drawing, the winning
number was 810 and it paid $190.00to ead winning ticket holder. In what follows we
will try to examinethe data. Numerical summariesprovide a statistical synopsisof the
data in atabular format. Sud a function is summary The following displays a summary
of the lottery payo s:

> summary(lottery.payoff)
Min. 1st Qu. Median Mean3rd Qu. Max.
83 194.2 270.2 290.4 364 869.5

We read from this that the meanpayo was $290.4,that the payo s rangedfrom $83to
$869.5and that 50%0 all payo s lay between$194.2and $364. The quartiles for a set
of data x can alsobe computed by meansof quantile(x, quantiles) . For example,

> quantile(lottery.payoff, c(.25, .75))
25%75%
194.25 364

This meansthat 25% of the valuesare lessthan 194, and 75%of the payo s arelessthan
365.

A better way to understandthe data is to look at it graphically. To do so, you have
to turn on the graphicswindow. For the X11 window systema possibledeviceis:

> motif()

A separatewindow should appear on your screen.

In our data, to detect long-term irregularities we will look at the winning numbersto
seeif they appearto be chosenat random. To do sowe could producea histogram of the
lottery numbers:

> hist(lottery.number)

The histogram is shovn in Figure 2.1. Since there are 10 bars, the court should be
appraximately 25 bar at the left represets the onetime that 000 was the winning num-
ber. It looksfairly at | noneedto inform ajury.

Of course,most of our attention will probably be directed at the payo s. Elemenary
probabilistic reasoningtells us that a single number we pick hasa 1 in 1000 chance of
winning. If we play many times, we expect about 1 winning number per 1000plays. Since
a ticket costs ft y certs, 1000plays will cost $500,s0we hope to win at least $500eath
time we win, otherwisewe will losemoneyin the long run. So, let us make a histogram
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Figure 2.1: Histogram of the winning numbers from 254 lottery drawings.

of the payo s.
> hist(lottery.payoff)

Figure 2.2 shavs that payo s rangefrom lessthan $100to more than $800,although the
bulk of the payo s are between$100and $400,i.e. there were a number of payo s larger
than $500| perhapswe have a chance. The widely varying payo s are primarily dueto
the parimutuel betting in the lottery: if you win whenfew otherswin, you will geta large
payo . If you are unlucky enoughto win alongwith others, the payo may be relatively

small.

400 600
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Figure 2.2: Histogram of the lottery payo s.

Let us seewhat the largestand the smallestpayo s and correspnding winning num-
berswere:

> max(lottery.payoff) # the largestpayo
[1] 869.5
> |ottery.number[lottery.pay off= =maxlot ter y.payoff )]
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[1] 499

> min(lottery.payoff) # the smallest payo

[1] 83

> |ottery.numberf[lottery.p ayof f==min( lott ery. payoff) ]
[1] 123

Winners who bet on "123' must have been disappointed; $83 is not a very large pay-
o . On the other hand $869.50is very nice. Sincethe winning numbers and the payo s
comein pairs, a number and a payo for ead drawing, we can produce a scatterplot of
the data to seeif there is any relationship betweenthe payo and the winning number.
S-Prus providesa genericplotting function, plot , which producesdi erent kinds of plots
depending on the data passedto it. In its most commonuse,it producesa scatterplot of
two numeric objects:

> plot(lottery.number, lottery.payoff)

lottery.payoff
600 800

400

200

0 200 400 600 800 1000
lottery.number

Figure 2.3: Scatterplot of winning number and payo for the 254 drawings.

What do you seein the Figure 2.3? Doesthe payo seemto depend on the position of
the winning number? Perhapsit would help to add a ‘middle’ line that follows the overall
pattern of the data:

> lines(lowess(lottery.num  ber, lottery.payoff, f=.2))

This command superimposesa smaoth curve on the winning number and payo scat-
terplot. The result is given in Figure 2.4. Can you seethe interesting characteristics
now?

There are substartially higher payo s for numberswith a leadingzero, meaningfewer
peoplebet on thesenumbers. Perhapsthat re ects people'sreluctanceto think of num-
bers with leading zeros. After all, no one writes $0100n a ten dollar chedk! Also note
that, expect for the numberswith leading zeros,payo s seemto increaseas the winning
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Figure 2.4: A smooth curveis superimposedon the winning number and payo scatterplot.

number increases.It would be interesting to seeexactly what numbers correspnd to the
large payo s. Fortunately, with an interactive graphical input device,we can do that by

simply pointing at the “outliers"

> identify(lottery.number,

lottery.payoff,

lottery.number)

To identify apayo with its correspnding winning number just click on a point usingthe
left mousebutton. Onceyou have pointed out the “outliers' just click on the middle mouse
button. Can you seein Figure 2.5 the pattern in the numberswith very high payo s?

800
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lottery.payoff
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200

400
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600

800 1000

Figure 2.5: Outliers on the scatterplot are labelled with the actual winning number.

As a little helpit is to say that the lottery hasa mode of betting, called "conbination
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bets' where players win if the digits in their number appear in any order (Ticket 123
would win on 321, 231). The pattern in the numbersis that most of the numbers with
high payo s have duplicate digits. This resultsfrom the fact that payo s for the numbers
with duplicate digits are not sharedwith combination betters, and thus are higher.

Another method to look out for “outliers' is to make a boxplot of the data. We no-
ticed beforethat the payos seemto depend on the rst digit of the winning number.
Soit would be interesting to draw boxesfor the ten subsetsof payo s in a singleplot to
study this phenomenongraphically. Rather than extracting eat set separately we use
the S-PLus function split to createa list, whereead elemen of the list givesall of the
payo s that correspnd to a particular rst digit of the winning number. The boxplot
function will draw a box for ead elemer in the list.

> digit<-trunc(lottery.num ber/ 100) # the rst digits

> boxplot(split(lottery.pa yoff , digit)) # boxplot of data split by groups
> title(xlab="First Digit of Winning Number", ylab="Payoff")

> abline(h=500) # horizontal line at 500

The box in a boxplot cortains the middle half of the data; the whiskers extending from
the box read to the most extreme non-outlier; outlying points are plotted individually.
Notice in Figure 2.6 the high payo s for the rst box. The graphic shavs us aswell that
it is rare for a payo to exceed$500. So, place your bet if you enjoy ganbling. Do not
expect to win.
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| ! ‘ i
. | : ;
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]
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First Digit of Winning Number

Figure 2.6: Boxplot of payo s grouped by leading digit of the winning number.



Chapter

Data Manipulation

3.1 Basic Data Manipulation

The basic data objects in S-PLus are vectors, arrays, lists and data frames. In this
section,ead of them will be descriled in more detail.

3.1.1 Numbers and Vectors

S-PLus operateson named data structures. The simplest sud structure is the vector,
which is a singleentit y consistingof an orderedcollection of numbers. For example,

> x.vector <- c¢(5.1, 6.3, 7.8, 9.3, 10.5)

is a vector consistingof v e numbers, namely 5.1, 6.3, 7.8, 9.3 and 10.5. The previous
S-PLUs commandis an assignmenh statemert (<-) usingthe function c, which conbines
the v e valuesinto a vector. Note that the assignmets can also be madein the other

direction, using the obvious changein the assignmeh operator. Sothe sameassignmenh
could be made using

> c¢(5.1, 6.3, 7.8, 9.3, 10.5) -> x.vector

If an expressionis used as a complete command, the value is printed and lost. So if
we wereto usethe command

> 1/x.vector

the reciprocals of the v e valueswould be printed and, of course,the value of x.vector
would be unchanged,

21



22 CHAPTER 3. DATA MANIPULA TION

> x.vector
[1] 51 63 7.8 93 10.5

Vectorscanbe usedin arithmetic expressionsin which casethe operationsare performed
elemen-by-elemen. The following elemenary arithmetic operations work on ead ele-
mert of x.vector :

> x.vector - 1
[1] 4.1 5.3 6.8 8.3 95
> 2*(x.vector - 1)

[1] 8.2 10.6 13.6 16.6 19.0
> x.vector’2
[1] 26.01 39.69 60.84 86.49 110.25

where ' standsfor raising to a power. Any time you usean operator with a vector as
oneargument and a number as the other argumert, the operation is performedon eah
componert of the vector. Let us construct a secondvector,

> y.vector <- c¢(1.3, 3.4, 81, 3.6, 5.7)

which hasthe samelength as x.vector . Vectorsoccurring in the sameexpressionneed
not all be of the samelength. If they are not, the value of the expressionis a vector with
the samelength as the longestvector which occursin the expression.Shorter vectorsin
the expressionare recycled as often as they needto be until they match the length of
the longestvector; for this the length of the vectorshave to be multiples. In particular a
constart is simply repeated. Sowith the above assignmets the command

> new.vector <- 4*x.vector - y.vector + 2

generatesa new vector new.vector of length 5 constructedby adding together, elemen-
by-elemen, 4*x.vector , - y.vector , and 2 repeated v e times. In addition all of the
common arithmetic functions are available, e.g. log, log10, exp, sin, cos, tan, sqrt ,
and so on, all have their usual meaning. maxand min selectthe largest and smallest
elemerts of an vector respectively. range is a function whosevalue is a vector of length
two, namely the vector cortaining the minimum and the maximum of all of the elemerts,

e.g.

> range(x.vector)

[1] 5.1 105
> c(min(x.vector), max(Xx.vector))
[1] 5.1 105

The elemen-by-elemen maximum and minimum of two or more vectors are given by
pmaxand pmin. The function length givesthe number of elemerts,
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> |ength(x.vector)
[1] 5

Hence,valid indicesfor the vector x.vector are in the range 1:length(x.vector) . El-
emers of a vector may be extracted by specifying the elemen in squarebrackets, ] .
For example,x.vector[3] is the third componert of x.vector , and

> x.vector[1:3]
selectsthe rst three elemens of x.vector , assuminglength(x.vector) > 3. The

sameis obtained by x.vector[c(1,2,3)] . Of particular interest are the following two
functions: sumgivesthe total of the elemens and prod their product,

> sum(x.vector)
[1] 39

> prod(x.vector)
[1] 24472.46

Sofar, we have only seenvectors consistingof numbers, but a vector can also consist of
an array of logical values:

>c(T, F, T, F, T)
whereT standsfor TRUENd F standsfor FALSEOTr you can have a setof character strings:

> c("DMA", "EPFL")

S-PLus hasa number of facilities for generatingcommonlyusedsequencesf numbers.
For example1:10 is the vector

> 1:10
1] 1 2 3 4 5 6 7 8 910

The colonoperator hashighestpriority within an expressionso,for example2*1:10 isthe
vectorc(2, 4, 6, 8, 10, 12, 14, 16, 18, 20). To construct a bakwards sequence,
you canuse10:1.

The function seq is a more generalfacility for generatingsequencesFrom its help le

> ?seq

we seethat it has v e argumerts. The rst two argumerts, if given, specify the be-
ginning and end of the sequenceand if theseare the only two argumeris given the result
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is the sameasthe colon operator, i.e. 1:10 is the samevector as
> seq(1, 10)

So are seq(from=1, to=10) and seq(to=10, from=1). The next two parametersto
seq specify a step sizeand a length for the sequenceaespectively. If neither of theseis
given, the default is assumed. To generatea sequencerom 0 to 1 with spacingof 0.1
betweensuccessi® values,type

> seq(0, 1, 0.1)
[1] 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Or you can specify the beginning, the incremer, and the length with either the length
argumern or the along argumern:

> seq(0, by=0.1, length=11)
[1] 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
> seq(0, by=0.1, along=1:11)
[1] 0.0 0.1 0.2 0.3 0.4 0.5 06 0.7 0.8 09 1.0

A related function is rep which repeats a value by specifying either a times argumen
or a length argumert. If times is speci ed, the value is repeated the number of times
speci ed (the value may be a vector):

> rep(1, 5)

[1] 11111

> rep(c(l, 2, 3), 2)
[1] 123123

If times is a vector with the samelength as the vector of values being repeated, eath
value is repeatedthe correspnding number of times.

> rep(c('DMA", "EPFL"), c(4,2))
[1] "DMA" "DMA" "DMA" "DMA" "EPFL" "EPFL"

Moreover, the function paste canbe usedto create somespecial vectors, e.g.

> paste("no”, 1:3, sep=".")
[1] "no.1" "no.2" "no.3"

The order function producesthe vector of indices that will sort a vector. That is,
x.vector[order(x.vector)] is the sameas sort(x.vector) . The function order is
usefulwhen you want to sort seweral vectorsin parallel:
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> x.order <- order(x.vector)
> x.order

[1] 12345

> x.sorted <- x.order[x.order]
> y.sorted <- y.vector[x.order]
> y.sorted

[1] 1.3 34 81 3.6 57

x.sorted is actually sorted;y.sorted probably is not sorted but it is in the order that
made x.vector sorted. To reversethe order of a vector or list, one can use the rev
function. Soyou might have

> x.vector[rev(order(x.vecto ]
[1] 105 93 7.8 6.3 5.1

Additional functions for manipulating vectorsare unique and duplicated , which re-
turns the valuesof the input without any repetition, or a logical vector denoting which
elemerts duplicate previouselemeits. For example,to get the sorted list of

> tosort.vector  <- rep(c("DMA", "EPFL"), c(4,2))

with no duplicates, type

> sort(unique(tosort.vector) )
[1] "DMA" "EPFL"

3.1.2 Matrices and Arrays
Matrices

An important data object typein S-PLus is the two-way array, or matrix object. Matrices
and their higher-dimensionalanaloguesarrays, are related to vectors, but have an extra
structure imposedon them. Matrices are usedto arrangevaluesby rows and columnsin a
rectangulartable. For data analysis,di erent variablesareusually represeted by di erent

columns,and di erent casesor subjects are represeted by di erent rows. Thus matrices
are corveniert for grouping together obsenations that have beenmeasuredon the same
setof subjects and variables. Matrices di er from vectorsby having a "dimension’,that is,

the number of rows and columns. For example,the vector x.vector hasno "dimension'

> dim(x.vector)
NULL

To turn x.vector into a matrix onehassimply to specify its dimension,
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> dim(x.vector) <- c(1,5)
> x.vector

[1] [2] [3] [4] [3]
[1] 51 63 7.8 9.3 105

In addition to dim the function as.matrix canbe usedaswell:

> x.vector <- c¢(5.1, 6.3, 7.8, 9.3, 10.5)
> dim(x.vector)

NULL

> x.matrix <- as.matrix(x.vector)

> dim(x.matrix)

[1] 51

To create a matrix, one can use the matrix function. The matrix function takes as
argumerts a vector and two numberswhich specify the number of rows, nrowand columns,
ncol . For example:

> mymatrix <- matrix(1:15, nrow=3, ncol=5, byrow=T)
> mymatrix
(1 [2] [3] [4] [3]
[1,] 1 2 3 4 5
[2,] 6 7 8 9 10
[3.] 11 12 13 14 15

The argumen byrow=Tassumeshe data valuesto be the rst row, then the secondrow,
and nally the third row. More often, you needto combine se\eral vectors or matrices
into a single matrix. To combine vectors (and matrices) into matrices, one can use the
functions cbind and rbind . The cbind function conbines vectors column by column,
and rbind combinesvectorsrow by row.

> rbind(1:5, 6:10, 11:15)

[1 [2] [3] [4] [3]
[1,] 1 2 3 4 5
[2,] 6 7 8 9 10
[3.] 11 12 13 14 15

> cbind(1:5, 6:10, 11:15)
[1] [2] [3]

[1,] 1 6 11
2,] 2 7 12
3,] 3 8 13
[4,] 4 9 14
[5,] 5 10 15
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When vectorsof di erent lengthsare combined usingcbind or rbind , the shorteronesare
replicated cyclically sothat the matrix is " lled in'. If matricesare combined, they must
have matching numbers of rows when using cbind and matching numbers of columns
when using rbind . Otherwise, S-PLuUs prints an error messageand the objects are not
combined. For example,using rbind :

> rbind(mymatrix, 16:20)

(1 (2] [3] [4] [9]
[1,] 1 2 3 4 5
[2,] 6 7 8 9 10
[3.] 11 12 13 14 15
[4,] 16 17 18 19 20

To namethe rows or/and columnsof a matrix, one can usethe function dimnames For
example,supposethat the columnsof mymatrix cortain the colors,say, of di erent o wers.

In typing

> dimnames(mymatrix)
NULL

oneseeghat this information is not included in the matrix, soonemay like to passa list
of namesto mymatrix,

> dimnames(mymatrix) <- list(NULL, c("red", "brown", "purple",
+ "silver", "blue™))
> mymatrix
red brown purple silver blue
[1,] 1 2 3 4 5
[2,] 6 7 8 9 10

3] 11 12 13 14 15

An additional exampleon the useof the function order isto sort the columnsof a matrix
relative to one of the rows, sa in the reversedorder:

> mymatrix[, rev(order(mymatrix[1,]))]

blue silver purple brown red
[1,] 5 4 3 2 1
[2,] 10 9 8 7 6
[3.] 15 14 13 12 11
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Table 3.1: Accesselemerts of the matrix A.mat.

| Command | Description |
A.matfi, | Accessthe elemen in the i th row j th column
A.matfi, ] Accessi th row
A.mat[, |] Accesg th column
A.mat[-i, ] | A.mat without ith row
A.mat[, -] A.mat without jth column
A.mat[vec, ] | Accessthe rows de ned by the vector vec

Di erent ways of how to accessmatrix elemeits are given in Table 3.1. For matrix
multiplication the operator %*%is used. For example

> matrix.1 <- matrix(1:4, 2)

> matrix.1
[1] [2]

[1,] 1 3

[2,] 2 4

> matrix.2 <- matrix(5:8, 2)
> matrix.2

[1,] 5 7

[2,] 6 8

are squarematrices of the samesize. So,

> matrix.1 * matrix.2

is the matrix of elemen by elemen product and

> matrix.1 %*%matrix.2

is the matrix product. Moreover, the function t producesthe matrix transpose,diag
either createsa diagonal matrix or extracts the diagonal elemeits of a matrix, eigen
returns the eigervalues and eigervectors of a squarematrix, chol returns the Choleski
decompmsition of a symmetric matrix, gr computesa QR matrix decompsition, and

solve performs matrix inversionif given a single argumen, or solves systemsof linear
equationsif given two argumerts.

Arra ys

To createan array in S-PLus, onehasto usethe array function. The array function is
analogousto matrix . It takesdata and the appropriate dimensionsas argumernts, then
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producesthe array. If no data is supplied, the array is lled with NA. In the following
examplewe createa 2 by 4 by 3 array,

> myvect <- ¢(1:8, 11:18, 111:118)
> newarray <- array(myvect, dim = c(2,4,3))

> newarray
.

(11 [2] [3] [4]
[1,] 1 3 5 7
[2,] 2 4 6 8
, o, 2

[ [2] [3] [4]
1] 11 13 15 17
2] 12 14 16 18

[1] [2] [3] [4]
[1] 111 113 115 117
2] 112 114 116 118

The rst dimension(the rows)isincremered rst. This is equivalent to placingthe values
columnby column. The seconddimension(the columns)is incremened second.The third
dimensionis incremered by lling a matrix for ead level of the third dimension. For
creating arrays from existing vectors, the dim function works for arrays in the sameway
it works for matrices. For example,if the data above were stored in the vector myvect,
you could createthe above array by de ning the “dimension'with the vector ¢(2,4,3) :

> myvect

1M 1 2 3 45 6 7 8 11 12 13
[12] 14 1516 17 18 111 112 113 114 115 116
[23] 117 118

> dim(myvect) <- c(2,4,3)

To name ead level of eatch dimension, one can use the dimnamesfunction in the same
way asit is donefor matrices.

3.1.3 Lists and Data Frames
Lists

An S-PLus list is an object consisting of an ordered collection of objects known as its
componerts. There is no particular needfor the componerts to be of the samemode or
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type, and, for example,a list could consistof a numeric vector, a logical value, a matrix, a
character array, a function, and soon. Componerts are always numberedand may always
be referredto assud.

New lists may be formed from existing objects by the function list . Consider for
examplethe following list

> mylist <- list("First element'=1, "Second"=1:2, "Third"=1:4,
+ "Fourth"="This is a simple list.")

> mylist

$"First element":

[1] 1

$Second:
1] 12

$Third:
1] 1234

$Fourth:
[1] "This is a simple list."

Componerts are always numbered and may always be referred to as sudr. The func-
tion length(mylist)  givesthe number of (top level) componerts it has: 4; speci ed as
mylist[[1]] , mylist[[2]] and soon. And the command mylist[1:3] (!) givesthe
rst three componerts. As we named the componerts of the list, the component may
be referredto either by giving the componert name as a character string in place of the
number in double squarebrackets, or, more corveniertly, by giving an expressionof the
form

> mylist$Second

when we want to list the componert Secondof mylist . This is a very useful corven-
tion asit makesit easierto get the right componert if you forget the number, and is
strongly advised. You can nd out the namesof the componerts by the function names

> names(mylist)

This generatesmuch lessoutput that printing the object, which will achieve the same
purpose. The namesof componerts may be abbreviated down to the minimum number
of letters neededto idertify them uniquely. Most of the datasetsare in fact lists (or can
be treated as lists), sowe could refer to the componert Secondof mylist as mylist$S .
Moreover, note that lists can be attached, by meansof the function attach , as well as
directories, and this allows their componerts to be accesseds if they were stand-alone
ertities.
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Data Frames

Data framescan be thought of as closelycoupledlists of data vectorsof the samelength.
Unlike matrices, the data vectorscan be of di erent types,including character data. The
main benet of a data frame is that it allows you to mix data of di erent typesinto a
single object in preparation for analysisand modeling. The idea of a data frame is to
group data by variables (columns) regardlessof their type. Then all the obsenations on
a particular set of variablescan be grouped into a singledata frame. This is particularly
useful in data analysiswhere it is typical to have a "character' variable labeling eah
obsenation, one or more "numeric' variablesof obsenations, and one or more categorical
variables for grouping obsenations. Considerthe built-in data frame catalyst , which
represets all possiblecombinations of two temperatures (160, 180), two conceltrations
(20, 40), and two catalysts (A B). The fourth column represets the responsevariable
Yield .

> catalyst

TempConc Cat Yield
1 160 20 A 60
2 180 20 A 72
3 160 40 A 54
4 180 40 A 68
5 160 20 B 52
6 180 20 B 83
7 160 40 B 45
8 180 40 B 80

One remarksthat this data frame hasboth row and column labels. The columnscan be
treated as componerts of a list:

> catalyst$Temp
[1] 160 180 160 180 160 180 160 180

and the structure can be treated as a two-dimensionalarray:

> catalyst[2, 4]

[1] 72

> catalyst[1, "Yield"]

[1] 60

> catalyst[1,]
TempConc Cat Yield

1 160 20 A 60

Note how the row label is carried along. Data frames can be attached just aslists can,
and this allows their columnsto be accessedsif they were namedvectors.
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> attach(catalyst)
> Cat
[l1] AAAABBBB

A data frame can be createdfrom vectorsand matricesby the data.frame function. For
example:

> treeframe <- data.frame(diameter=c(10,1 5,20,25) ,
height=c(1.5,1.6,1.2,2.1))
> treeframe
diameter height

1 10 15
2 15 1.6
3 20 1.2
4 25 2.1

Finally, note that you can createdata framesin se\eral ways:

e read.table readsin data from an external le (seeSection3.2.1);
e data.frame binds together S-PLus objects of various kinds; and

e as.data.frame coercesobjects of a particular type to objects of classdata.frame .

You can also combine existing data framesin seeral ways, using the cbind, rbind , and
mergefunctions.

3.1.4 Logical and Missing Values
Logical Values

Comparisonsand logical operations are frequertly corveniernt for extracting subsetsof
data, and conditionals using logical comparisonsplay an important role in o w of cortrol
in functions. Table 3.2 lists the S-PLus logical and comparisonoperators. The elemeits
of a logical vector have just two possiblevalues,represeted formally asF (for “false')and
T (for “true’). Note that TRUEnd FALSEare alsovalid represetations. Logical vectors
are generatedby conditions. For example

> z.vector <- 1:10
> zvector >5
[1] FFFFFTTTTT
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Table 3.2: Logical and comparisonoperatorsin S-PLUs.

| Operator | Explanation |

== equalto

I= not equalto

> greaterthan

< lessthan

>= greaterthan or equalto
<= lessthan or equalto
& vectorized "And’

| vectorized Or'

&& cortrol "And’

[ cortrol "Or'

! not

producesa vector of the samelength asz.vector with valuesF correspndingto elemerts
of z.vector wherethe condition is not met and T whereit is.

Subsetsof a vector (or any expressionthat ewvaluatesto a vector) may be selected
by appendingto the name of the vector an index vector in squarebradkets. Sud index
vectors can be any logical vector, which must be of the samelength as the vector from
which elemens are to be selected. Values correspnding to T in the index vector are
selectedand those correspnding to F omitted. For example

> index <- (z.vector > 5)

> newz.vector <- z.vector[index]
> newz.vector

[1] 6 7 8 910

createsa vector newz.vector satisfying the condition (z.vector > 5). Additional ex-
amplesof the S-PrLus logical and comparisonoperators listed in Table 3.2 follow:

> (z.vector ==5)

[1] FFFFTFFFFF

> (z.vector > 5)&(z.vector < 8)
[1] FFFFFTTFFF

> (z.vector < 5)|(z.vector > 8)
[1] TTTTFFFFTT

Moreover, the functions all and any can also be useful:

> all(z.vector<5)
[1] F
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> any(z.vector<5)
1] T

Missing Values

In somecaseghe componerts of a vector may not be completelyknown. When an elemen
or valueis "not available' or a ‘'missingvalue'in the statistical sensea placewithin avector
may be resened for it by assigningit the special value NA In generalany operation on
an NAbecomesan NA The motivation for this rule is simply that if the speci cation
of an operation is incomplete, the result cannot be known and henceis not available.
For example,let na.vector be the vectorc(1, 2, NA) The is.na(ha.vector) givesa
logical vector of the samesizeasna.vector with value T if and only if the correspnding
elemen in na.vector is NA

> na.vector <- c(1, 2, NA)
> is.na(na.vector)
[1] FFT

For example,
> no.na.vector <- na.vector[lis.na(na.vec  tor) ]

creates(or re-creates)an object no.na.vector which will contain the non-missingval-
ues of na.vector , in the sameorder. Note that as na.vector has missing values,
no.na.vector is shorter than na.vector .

In nite values are represeted as INF and is.infinite is TRUHor valuesthat are ei-
ther plus or minusin nit y.

3.2 Imp orting and Exp orting Data

The actual version 5.x of S-Prus for UNIX makesit easyto read data from virtually
any source.lts comprehensie import/exp ort capabilities (lik e the functions importData ,
exportData, openDatg readNextDataRow} free you from spending time moving data
from sourceto source,allowing you to focus on your analysis. You can directly import
and export data in the following formats and databases:Oracle, Sybase,Informix, SAS,
SPSS,Excel, ODBC databases,Text (ASCII) les, Quattro Pro, Lotus 1-2-3, dBase,
Formatted ASCII, Systat, Stata, Gauss,and MatLab.

But, unfortunately, this functions does not exist for S-PLus version 3.4 for UNIX.
| refer readersusing S-PLus version 5.x for UNIX to the "S-Plus5 for UNIX User's
Guide' and to Chapter 10 of the presemn manuscript. Note that while importData is the
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recommendednethod for readingdata les into S-PLus, there are se\eral other functions
that you can useto read ASCII data into S-Prus. Thesefunctions are commonly used
by other functions in S-PrLus and are already part of S-PLus 3.4, soit is a good idea
ewenfor S-PLus 5.x usersto familiarize with them. In S-PrLus version3.4 for UNIX, the
principal tools for importing/exp orting data are the following functions: source, scan,
read.table , dumprestore , cat, write , write.table and sink .

3.2.1 Notes on Importing

Commandscan be storedin an external le and executedusingthe source function. For
example,if a seriesof S-PLus instructions were storedon a le commands.ghey would
be causedto run by the command:

> source("commands.q”)

The read.table function readsin a le and createsa data frame. Data framesin S-
PrLus were designedto resenble tables. They must have a rectangular arrangemen of
valuesand typically have row and columnlabels. Data framesarisefrequertly in designed
experimerts and other situations. If you have a text le with data arrangedin the form
of a table, you canread it into S-PrLus using the read.table function. For example,
considerthe data le auto.dat :

Model Price Country Reliab Mileage Type

Acuralntegra4d 11950 Japan 5 NA Small
Audil005 26900 GermanyNA NA Medium
BMW325i6 24650 Germany94 NA Compact
ChevLumina4 12140 USA NA NA Medium
FordFestivad 6319 Korea 4 37 Small
Mazda929Vv6 23300 Japan b5 21 Medium

MazdaMX-5Miata 13800 Japan NA NA Sporty
Nissan300ZXV6 27900 Japan NA NA Sporty
OldsCalais4 9995 USA 2 23 Compact
ToyotaCressida6 21498 Japan 3 23 Medium

All elds are separatedby spacesandthe rst line is a headerline. To createa data frame
from this data le, useread.table asfollows:

> auto <- read.table("auto.dat", header=T)
> auto
Price Country Reliab Mileage Type
Acuralntegra4 11950 Japan 5 NA Small
Audil005 26900 Germany NA NA Medium

BMW325i24650 Germany 94 NA Compact
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ChevLumina412140 USA NA NA Medium
FordFestivad 6319 Korea 4 37 Small
Mazda929v&3300 Japan 5 21 Medium

MazdaMX-5Miatal3800 Japan NA NA Sporty
Nissan300ZXV627900 Japan NA NA Sporty
OldsCalais4 9995 USA 2 23 Compact
ToyotaCressida6 21498 Japan 3 23 Medium

The scan function, which canread from either standard input or from a le, is com-
monly usedto read data from keyboard input. By default, scan expects numeric data
separatedby white space,although there are options with scan that let you specify the
type of data beingread and the separator. When usingscan to readdata les, it is helpful
to think of ead line of the data le asa record, or case,with individual obsenations as
elds. For example,the following expressioncreatesa matrix namedtest.file from a
data le specied by the user:

> test.file <- matrix(scan("filename"), ncol = 6, byrow = T)

Here the data le is assumedto have 6 columns of numeric data; the matrix cortains
a number of obsenations for eat of theseten variables. To read in a le of character
data, usescan with the what argumert:

> test.file <- matrix(scan("filename", what = ™), ncol = 6, byrow = T)

The what argumen to scan can also be usedto read in data les of mixed type, for
example,a le cortaining both numeric and character data, asin the following sample
le, table.dat :

Tom 93 37
Joe 47 42
Dave 18 43

In this case,you provide a list asthe valuefor what, with ead list componert correspnd-
ing to a particular eld:

> test.file <- scan("table.dat", what=list("",0,0))
> test.file
[[111:

[1] IITomll llJoell IIDavell

[[2]]:
[1] 93 47 18

[3]]:
[1] 37 42 43
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S-PLUs createsa list with separatecomponerts for ead eld specied in the what list.
You canturn this into a matrix, with the subject namesas column names,as follows:

> test.matrix  <- rbind(test.file[[2]], test.file[[3]])
> dimnames(test.matrix) <- list(NULL, test.file[[1]])
> test.matrix

TomJoe Dave
[1] 93 47 18
[2] 37 42 43

You canscan les cortaining multiple line recordsby using the argumen multi.line=T

3.2.2 Notes on Exporting

When you want to export data to sharewith another S-PrLus user, usethe to S-PLUS
data.dump function:

> data.dump("test”)

By default, the data object test is exported to the le dumpdatain your S-PLus startup
directory. You can specify a di erent output le with the file argumert to data.dump:

> data.dump("test”, file="test.dmp")

To bring bak into S-Prus dumped objects, i.e. objects created by data.dump, you
have to usethe restore function.

The inverseoperation to the scan function is provided by the cat andwrite functions.
Similarly, the inverseoperation to read.table is provided by write.table . The result
of either write or cat is just an ASCII le with datain it. Thereis no S-PLus structure
written in. Of the two commands,write has an argumen for specifying the number of
columnsand thus is more useful for retaining the format of a matrix. By default, write
writes matricescolumnby column, v e valuesper line. If you want the matrix represered
in the ASCII le in the sameform it is represeted in S-PLUS, transform the matrix
rst with the t function and specify the number of columnsin your original matrix:

> mymatrix

(1 [2] [3] [4] [5]
[1,] 51 6.3 7.8 9.3 105
2] 51 6.3 7.8 93 105
3] 51 6.3 7.8 9.3 105

> write(t(mymatrix), "mymatrix”, ncol=5)
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You canview the resulting le with atext editor or pager;it cortains the following three
lines:

5.1 6.3 7.8 9.3 105
5.1 6.3 7.8 9.3 105
5.1 6.3 7.8 9.3 105

The cat function is a general-purpsewriting tool in S-PLUS, usedfor writing to the
screenaswell aswriting to les. To usecat to write to a le, simply specify a le name
with the le argumen:

> test.vector <- 1:1000
> cat(test.vector, file="test.vector", fill=T)

The argumert fill=T limits line length in the output le to the width specied in your
options object. The les written by cat and write do not cortain S-PLus structure
information; to read them bad into S-PLus you must reconstruct this information! The
write.table  function can be usedto export a data frame, say the built-in data frame
fuel.frame , into an ASCII text le:

> write.table(fuel.frame, "fuel.txt")

Finally, the S-PrLus command

> sink("sink.txt")

will divert all subsequen output from the terminal to an external le sink.txt . The
commandsink() will restoreoutput to the terminal.

3.3 Exercises

Exercise 3.1. For the numbers

73 6.8 0005 9 12 24 189 0.9

(&) Find their mean.
(b) Substractthe meanfrom eat number.
(c) Calculate the squareroots of the numbers.

(d) Print those numberswhich are larger than their squareroots.
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Exercise 3.2. Put n <- 10 and comparethe sequenced:n-1 and 1:(n-1) .

Exercise 3.3. What is the value of the expressionl:6 * 1:2. Explain how this partic-
ular result is computed.

Exercise 3.4. Generatea sequencdrom 1 to 10with spacing0.5in three di erent ways
using the seq function.

Exercise 3.5. Usethe seq and rep functions to producea vector cortaining:

(@) the values:1,2,3,4,1,2,3,4,1,2,3,4,1,2 3 4,
(b) the values: 4,4.4,4,3,3,3,3,2,2,2,2,1,1 1, 1;
(c) thevalues:1,2,2,3,3,3,4,4,4,4,55,5,5,5;and
(d) the values:1,1,3,3,55,7,7,9,9.

Exercise 3.6. Usethe function paste to createthe following character vector:
lleII IIY2II IIX3II . IIX9II IIYlOII

Exercise 3.7. Supposeyou have an object, X cortaining somenumbers ranging from O
to 100 (maybe repeated). Now you would like to create another object Y from Xin sud
away that all numberswhich are lessthan 10 or greaterthan 90 must be excluded. How
cando you that?

Exercise 3.8. Supposeyou have an object A cortaining the following characters:
IIMII,IIMII’...’IIMII1IIAII’IIAII,. .-’II AII’ IINII’ IINII, ey IINII’ IIYII’IIYII feen 1IIYII
Create an object B from A cortaining only the four characters"M","A","N","Y"

Exercise 3.9. Considerthe two matrices M1

[1,] 1 2
[2,] 2 1
and M2
[1] [2] [3]
[1,] 3 5 7

[2,] 4 6 8

(a) Create Mland M2in S-PLus.
(b) Multiply M1by itself elemen by elemen, and by matrix multiplication.

(c) Multiply M1by M2 and multiply the transposeof M2by M1
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Exercise 3.10. Considerthe following matrix Exo.mat

[1] [2] [3]
[1,] 12 10 3
[2,] 15 2 2
[3.] 6 9 1
(a) Create Exo.matin S-Prus.

(b) Extract the diagonal elemens of Exo.mat, and create a square matrix with this
elemers.

(c) Invert the matrix Exo.mat, and calculate the eigervaluesof Exo.mat

(d) Let b the vector c(9,5,14) , and solwe the following system of linear equations:
Exo.mat x = b. Verify the solution.

Exercise 3.11. Createthe following matrices as simple as possible:

[ 2] [3] [4]

[1,] 3 1 1 1
[2,] 1 3 1 1
3,] 1 1 3 1
[4,] 1 1 1 3
[1] [2] [3] [4] [3]
[1,] 0 -1 -2 -3 -4
[2,] 1 0 -1 -2 -3
3,] 2 1 0 -1 -2
[4,] 3 2 1 o0 -1
[5,] 4 3 2 1 0

Exercise 3.12. Solwe the following systemof linear equations:

2x+ 3y - z=4
5 - 10y + 2z = 0
X+ y-4z=5

Exercise 3.13. Considerthe built-in data frame catalyst :

> catalyst

TempConc Cat Yield
1 160 20 A 60
2 180 20 A 72
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3 160 40 A 54
4 180 40 A 68
5 160 20 B 52
6 180 20 B 83
7 160 40 B 45
8 180 40 B 80

(a) Reconstructthis data frame by meansof functions like rep, data.frame , etc.

(b) Export the createddata frameby meansof write.table to a le namedcatalyst.dat
and view the resulting le with atext editor (e.g. emacs,ot, nedit) or a pager(e.g.
more, cat, less).

(c) Import the le catalyst.dat into S-PLus using read.table under the name
catalyst.two

(d) Extract the ertries for temperature 160, and thosefor concenration 20.

Exercise 3.14. Considerthe built-in data frame kyphosis, which represets data on 81
children who have had corrective spinal surgery

(a) Storethe ertries for children, which had a postoperative deformity (Kyphosis), in
child.yes .

(b) Storethe ertries for children, which had no postoperative deformity (Kyphosis), in
child.no .

(c) Extract the erries for one month (age) old children.

Exercise 3.15 (IATEX data). To get this data, which is not built-in, you must attach
the library s+intro by typing

> library("s+intro")

This library contains the data frame LaTeX.dat, which gives information on the use
of IATEX for writing PhD thesisat the EPFL for the years1993-1998.

> LaTeX.dat
Year Dept LaTeX

1 1997 DP F

2 1993 DP

3 1993 DGM

4 1994 DGC

m T

563 1993 DP
564 1993 DP
565 1996 DGC
566 1997 DGC

m T T
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The data frame has 566 rows and three columns: the Year of the PhD thesis, the depart-
mert (Dept) in which the thesiswas made,and the third column represets the response
variable LaTeX i.e. if the thesishasbeenwritten in IATEX or not.

(&) From LaTeX.dat create a data frame, or a matrix, cortaining only the ertries for
1997,and denoreit by Y1997.dat.

(b) From Y1997.dat createa data frame, or a matrix, cortaining only the ertries for a
particular department.

(c) For this subsetof the data calculatethe number of thesisfor which IATEX was used,
and computeits percenage.

(d) From LaTeX.dat createa data frame, or a matrix, cortaining only the LaTeX=="T"
ertries, and calculate for eat departmert the number of thesisusing LATEX.

Exercise 3.16. Considerthe data from the New Jersey Pick-it Lottery, which are in
S-PLus under the nameslottery.number and lottery.payoff

(@) Find which winning numbers had payo s of more than $500.

(b) Find the 10 smallestpayo s and the correspnding "unludky' numbers. Hint: the
function order is helpful.
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Graphics

Note that S-Prus 4.0 for Windows introduced a completely separatestyle of graphics
basedon merus and toolbars with simple command-line equivalerts. The style of the
interfaceis designedfor intuitiv e exploration by experiencedWindows users;most of the
options are set from dialog boxes brought up by selectingand double-cliking or right-
clicking elemerts on the plot. There are separatedialog boxesfor di erent plot elemerts.
This graphical systemworksin a newgraphicaldevicecalleda Graph Sheet. As this guide
is intended for S-Prus for UNIX users,this devicewill not be treated in this guide.

4.1 Intro duction

Graphics are an integral part of S-PLus. The topic deseresa book of its own, and is
only skimmedin this chapter. Two principles that S-PLus graphicsfollow is that they
are deviceindepender, and that ead graph can be built up with numerouscommands.
Device independencemeansthat the samecommandsare usedto create a graph on a
PostScript printer as on a monitor running Motif | the only di erence is what type of
graphicsdevicethe userhassetto listen for graphicscommands. The ability to add to
plots meansthat complexgraphicscan be createdeasily A graphicsdeviceis a S-PLUS
function that arrangesfor graphicsto berendered. For example,the postscript function
makesit sothat a le of PostScript commandswill result when a graphicscommandis
given. Graphics devicesare put into one of three categories. Hard-copy devices are for
creating a physical picture; the most commonis the postscript device. Window devices
produce graphicswhen you are running a window systemon the network where S-PLus
is running; the S-PLus motif deviceis an example. Finally there are terminal devices
that are usedwhen S-PLus is run remotely. To inform you of graphicsdevicesavailable
to you, type

> help(Devices)

43
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A graphics device has a state that is queried and modi ed by the par function. The
state is descriked by a reasonablylarge number of graphics parameters, which will be
descrited later on. Graphics functions that say what to draw, as opposedto graphics
devices,are divided into high-level and low-level functions. High-lewvel functions, like plot
and barplot , create an ertire new gure. Low-lewvel functions (points and lines , for
example)merely add to the existing gure. Somefunctions have an add argumert sothat
they can function in either capacity.

Note that in addition to the graphicsfeaturesdescribed in this chapter, S-PLus in-
cludesthe "Trellis Graphics' library. You will nd information at:

http://www.research.att  .com/~ra b/t rell is/

During this chapter, a graphics device is assumedto be running; the S-PrLus motif
deviceis an example,

> motif()

4.2 High-lev el Plotting Commands

High-lewel plotting functions are designedto generatea completeplot of the data passed
as argumerns to the function. Appropriate, axes, labels and titles are automatically
generated(unlessyou requestotherwise). Note that high-level plotting commandsalways
start a new plot, erasingthe currert plot if necessary

The mostfrequertly usedS-PLus plotting function is plot . This is a genericfunction:
the type of plot producedis dependert on the type or classof the rst argumen. When
you call a plotting function, the S-Prus graphicswindow displays the requestedplot:

> plot(car.miles)

This plot is shovn in Figure 4.1. The argumert car.miles is a S-PrLus built-in vec-
tor data object. Sincethere is no other argumen to plot , the data are plotted against
their natural index or obsenation numbers, 1 through 120. Sinceyou may be interested
in your gasmileage,you may want to plot car.miles againstcar.gals . This is alsoeasy
to do:

> plot(car.gals, car.miles)

The result is shovn in Figure 4.2.

You can use many high-lewvel plotting functions besidesplot to display graphical
resultsin the S-Prus graphicswindow. Thesefunctions are listed in Table 4.1.
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car.miles
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100
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Index

Figure 4.1: Default plot for the car.miles vector data object.

car.miles
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100
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car.gals

Figure 4.2: Scatterplot of car.miles againstcar.gals .

A funny exampleis givenin Figure 4.3, whereead obsenation of the cereal.attitude
data, giving consumerattitudes towards breakfast cereals,is represeted as a face. The
following S-Prus commandwas used:

> faces(t(cereal.attitude), labels=dimnames(cereal.atti tude)[[ 2]],
+ ncol=3)

Which cerealdid the consumerdike best? You may nd the responsein Cherno (1973,
"The Use of Facesto Represen Points in k-Dimensional SpaceGraphically', Journal of
the American Statistical Association, 68, 361-368).
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Table 4.1: Common high-lewel plotting functionsin S-PLus.

Name | Description

barplot , hist Bar graph, histogram

boxplot Boxplot

brush Brush pair-wise scatter plots; spin 3-D axes
contour , image, persp | 3-D plots

coplot Conditioning plot

dotchart Dotchart

faces, stars Display multiv ariate data

pairs Plot all pair-wise scatter plots

pie Pie chart

qgnorm ggplot
scatter.smooth

Normal and generalQQ-plots
Scatter plot with a smaoth curve

tsplot Plot a time series
usa Plot the boundary of the U.S.
NS &4 S
O
corn flakes frosties
OO
weet abix all bran
00
rice krispies special k

Figure 4.3: Plot of synmbolic facesfor the cereal.attitude  data.
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Note that S-PLus providesvery usefulfunctions for represeting multiv ariate data, which
will beillustrated in Section5.1. Moreover, there are a number of argumerts which may
be passedo high-lewvel graphicsfunctions. A selectedist is givenin Table 4.2, and Figure
4.4 illustrates di erent type argumeris in order to cortrol the type of plot.

Table 4.2: Selectedlist of argumerns to high-lewel plotting functions.

| Argumen t | Description
add=T Forcesthe function to act as a low-level graphics function,
superimposing the plot on the current plot (some functions
only).
axes=F Suppressegenerationof axes| useful for adding your own

custom axeswith the axis function. The default, axes=T,
meansinclude axes.

log="x" Causeghe z, y or both axesto belogarithmic. This will work
log="y" for many, but not all, typesof plot.

log="xy"

type="p" Plot individual points (the default)

type="I" Plot lines

type="b" Plot points connectedby lines (both)

type="0" Plot points overlaid by lines

type="h" Plot vertical lines from points to the zeroaxis (high-density)
type="s" Step-function plots. In the rst form, the top of the vertical
type="S" de nes the point; in the second,the bottom.

type="n" No plotting at all. Howewer axesare still drawn (by default)

and the coordinate systemis set up accordingto the data.
Ideal for creating plots with subsequen low-level graphics

functions.
xlab="string" | Axis labels for the x and y axes. Use these argumeris to
ylab="string" changethe default labels, usually the namesof the objects

usedin the call to the high-lewel plotting function.
main="string" | Figure title, placedat the top of the plot in a large font.
sub="string" Sub-title, placedjust below the z-axisin a smallerfont.

4.3 Low-lev el Plotting Commands

Sometimesthe high-lewel plotting functions do not produce exactly the kind of plot you
desire. In this case,low-level plotting commandscan be usedto add extra information
to the current plot. Someof the more useful low-level plotting functions are listed in
Table 4.3. Low-lewel plotting functions usually require somepositioning information (e.g.
x and y coordinates)to determinewhereto placethe new plot elemerts. Coordinatesare
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Figure 4.4: Di erent type argumeris to high-lewvel plotting functions.

givenin terms of "usercoordinates’ which are de ned by the previous high-level graphics
commandand are chosenbasedon the supplied data.

Table 4.3: Commonlow-lewel plotting functionsin S-PLus.

| Name | Description |
abline Add line in intercept-slope form
axis Add axis
box Add a box around plot
legend Add a legendto the plot
lines , points | Add lines or points to a plot
mtext, text Add text in the margin or in the plot
stamp Add date and time information to the plot
symbols Add 3-D information to plot
title Add title to the plot
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4.4 Interactiv e Graphics Functions

S-PrLus also provides functions which allow usersto extract or add information to a
plot using a mouse. The simplest of theseis the locator function, which waits for
the userto selectlocations on the current plot using the left mousebutton. The type
argumert allows for plotting at the selectedpoints and has the samee ect as for high-
level graphicscommands;the default is no plotting. locator returns the locations of the
points selectedasa list with two componerts x andy. Note that locator is usually called
with no argumerts. It is particularly usefulfor interactively selectingpositionsfor graphic
elemerts sud as legendsor labels whenit is dicult to calculatein advance wherethe
graphic should be placed.

Moreover, the identify  functions performs no plotting itself, but simply allows the
user to move the mousepointer and click the left mousebutton near a point, i.e. the
mouseis usedto idertify points on a graph.

4.5 Graphics Parameters

You can customizealmost every aspect of the display using so-calledgraphicsparameters.
S-PLus maintains a large list of graphics parameterswhich cortrol things sud as line

style, colors, gure arrangemen andtext justi cation amongmany others. Every graphics
parameter hasa name (sud as col , which cortrols colors) and a value (a color number,

for example). A separatelist of graphicsparametersis maintained for ead active device,

and ead device has a default set of parameterswhen initialized. Graphics parameters
can be setin two ways: either permanertly, a ecting all graphicsfunctions which access
the current device;or temporarily, a ecting only a single graphicsfunction call. To get

the ertire list, cortaining all graphical parameters,type

> help(par)

The par function is usedto accessand modify the list of graphics parametersfor the
current graphicsdevice. Instead of describingin more detail all of the commonly-used
graphical parameters,consultthe S-PLus help documertation for the par function, which
provides a concisesummary, including adj, cex, pch, ask, col and Ilwd. Moreover, as
examples,| will descrile in this sectiononly pty and mfrow.

When you usea S-PLus plotting function, the default shape of the box enclosingthe
plot is rectangular. Sometimesyou prefer to have a squarebox around your plot. You
get a squarebox by using the global graphicsparameterfunction par as follows:

> par(pty="s")

All subsequenplots are madewith a squarebox aroundthe plot. If you want to return to
making rectangular plots, usepar(pty="") . The pty standsfor "plot type' and the "s"



50 CHAPTER 4. GRAPHICS

standsfor square.You may alsowant to display more than oneplot on your screenor on
a singlepageof paper. To do so,you usethe layout parametermfrowto cortrol the layout
of the plots. If youwant to setup a four-plot layout, with two rows of two plots ead, type

> par(mfrow=c(2,2))
When you are ready to return to one plot per gure, usepar(mfrow=c(1,1)) ; a similar
parameteris mfcol. As a nal example,the various possibilities of the pch, the number

of a plotting symbol to be drawn when plotting points, and Ity , the device dependen
line type, argumerts are given in Figure 4.5.

pch=n Ity=n

|
|
‘
O~NOUTIRWNE-

(©OO~NOUTRWNRFO
\
\

P OEDIXHKEDB S KKIO X400

Figure 4.5: Various possibilities of the pch and Ity argumerts.

4.6 Exercises
Exercise 4.1. Create a sequencey, from —10to 10 with spacing0.5.

(a) Createa vector, y, cortaining the squaresof x.
(b) Make a scatterplot of the two vectors.

(c) Reproduceadditional scatterplotsby changingits argumerts, liketype, xlab, ylab,
lwd, col .
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Exercise 4.2. Plot apie chart with 15 colorson the badground color, color O, for a total
of 16 colors. This pie chart is of particular interest asthe default color map for graphsheet
has sixteen colors: fteen foregroundand one badkground color. So, this chart can be
usedto seeall the colorsin the default color map.

Exercise 4.3. Plot sin(x) againstx, using 200valuesof x between-pi and pi, but do
not plot any axesyet (use parameteraxes=Fin the call to plot). Add an y-axis passing
through the origin using the "extended'style and horizortal labels. Add an z-axis with
tick-marks from -pi to pi in incremers of pi/4 , twice the usual length.

Exercise 4.4. Repraducethe following gure.

10
|
x

Introduction
@ fo

S-Plus

Exercise 4.5. Try out the various featuresof the motif device. To do so, usethe fol-
lowing S-PLus commandsto generatean easily-repralucible graphic:

> plot(corn.rain, corn.yield, type="n", main="Plot Example")
> points(corn.rain, corn.yield,  pch="*", col=2)

> lines(lowess(corn.rain, corn.yield), lty=2, col=3)

> legend(12, 23, c("Color 1", "Color 2", "Color 3"), pch="*",
+ lty=c(1, 0, 2), col=c(1, 2, 3))

Try to understandthis commandsand play around with its argumerts.

Exercise 4.6. The dataframesurvey.dat from the library s+intro cortains the results
of a survey of 237 rst-y ear Statistics studerts at Adelaide University. This data is taken
from Venablesand Ripley (1999).

(a) For a graphical summary of all the variables, use plot(survey.dat) . What kind
of plots are produced?

(b) Onecomponert of this data frame, Exer, is a factor object cortaining the responses
to a questionasking how often the studerts exercised.



52 CHAPTER 4. GRAPHICS

() Producea barchart of theseresponses.

(i) Usetable and pie (or piechart ) to create a pie chart of the responses. Do
you like this better than the barplot? Which is more informative? Which givesa
better picture of exercisehabits of studerts?

(i) The pie function takesan argumern nameswhich can be usedto put labelson
ead pie slice. Redraw the pie chart with labels.

(iv) Alternativ ely, you could add a legendto idertify the slices.

(c) Try the samethings with the Smokevariable, which recordsresponsesto the ques-
tion: "How often do you smole?'

Hint: note that table and levels ignore missing values;if you wish to include non-
responderts in your chart usesummaryto generatethe values,and nameson the summary
object to generatethe labels.
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Exploring Data

5.1 Multiv ariate Data Exploration

The ethanol data (stored in the data frame ethanol ) records88 measuremets for three
variablesNOxC and E from an experimert in which ethanolwasburnedin a singlecylin-
der automobile test engine. A short description can be obtained by

> ?ethanol

A summary of this data is given by

> summary(ethanol)

NOXx C E
Min. :0.370 Min. : 7.500 Min. :0.5350
1st Qu.:0.953 Ist Qu.: 8.625 1st Qu.:0.7618
Median :1.754 Median :12.000 Median :0.9320
Mean :1.957 Mean :12.030 Mean :0.9265
3rd Qu.:3.003 3rd Qu.:15.000 3rd Qu.:1.1100
Max. :4.028 Max. :18.000 Max. :1.2320

S-PLus provides two very useful functions for represeting multiv ariate data. First, to
producea pairwise scatterplot matrix of the variablesde ned by the columnsof ethanol ,

you can use

> par(pty="s")
> pairs(ethanol)

The resulting plot appearsas in Figure 5.1. Using the function persp, a perspective

# squae plotting regions

plot for the ethanol data can be easily computed:

53
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NOx
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Figure 5.1: Pairwise scatterplots of the variablesin the ethanol data.

> attach(ethanol)
> inter
> persp(inter,

<- interp(E,
xlab="E",

C,

NOx) #

ylab="C",

interpolate the value of NOx
zlab="NOx")

Note the the actual S-Prus 3D-plots needto be on a ewenly spacedgrid, i.e. the third
variable needsto be interpolated onto an evenly spacedgrid (!) of the rst two variables.
Figure 5.2 shows this three-dimensionalperspective plot, whereastwo-dimensionalplots,

.u'
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Figure 5.2: Perspective plot for the ethanol data.
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namely contour and image are represeted in Figure 5.3. For the later, the following
S-PLUs commandswere used:

> par(mfrow=c(1,2), pty="s")

> contour(inter, xlab="E", ylab="C")
> title("Contour Plot")

> image(inter, xlab="E", ylab="C")
> title("Image  Plot")

Contour Plot Image Plot

14 16 18
14 16 18

12
12

10
10

0.6 0.8 1.0 12 0.6 0.8 1.0 1.2

Figure 5.3: Contour and image plots for the ethanol data.

When three or four variablesare involved a coplot may be more enlightening.

> par(pty="n")

> E.intervals <- co.intervals(E, 9, 0.25)

> coplot(NOx ~ C| E, given.values=E.intervals, data=ethanol,
+ panel=function(x, y) panel.smooth(x, Yy, span=1, degree=1))

NOx~ C| E meansthat the function producesa number of scatterplots of NOx the
response,against G a predictor, for given valuesof E, a predictor; seeSection7.1. This
plot providesa graphical look at cross-sectionatelationships,which enableyou to assess
potertial interaction a ects. Figure 5.4 clearly shavsthe e ect of the interaction between
Cand E on valuesof NOx
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Given: E
0.6 08 1.0 12

NOx

c

Figure 5.4: Coplot of responseand predictors for the ethanol data.

5.2 EXxercises

Exercise 5.1 (IATEX data). Considerthe data frame LaTeX.dat described in Exercise
3.15.

(a) By meansof summarycompute a summary of the data.
Hint: usethe argumert maxsum
(b) Compute the overall percernage of the useof IATEX.

(c) Producea summary of the 1996enries, and calculate the perceriagesfor this par-
ticular year.

(d) Make a plot of the data LaTeX.dat:

> par(mfcol=c(3,1))
> plot(LaTeX.dat, ask=F)

What happensif you omit the argumert ask=F?
Commer the producedgraphics.

Exercise 5.2 (Phone data). Consider the arti cial data frame phone.dat from the
courselibrary "s+intro" . This data set consistsof the length in secondsof 200 phone
calls.

(a) Determine what the distribution lookslike by using the stem and leaf display.
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(b) Makeahistogramshowing 10classesi.e. bars. First, by usingthe breaks argumen,
and secondby specifying the nclass argumer.

(c) Produce a boxplot of the data, and compute the 10%, 25%, 50%, 75% and 90%
guartiles, aswell asthe mean,the interquartile distanceand the standard deviation.
What do you conclude?

Exercise 5.3 (Old Faithful geyser data). The "Old Faithful GeyserData', geyser,
cortains the waiting time betweeneruptions, waiting , and the duration of the eruption,
duration , for the OIld Faithful geyserin YellowstoneNational Park, Wyoming. The data
were collected cortinuously from August 1st until August 15th, 1985. There are a total
of 299 obsenations. The waiting time is the time interval between starts of successig
eruptions. The times are measuredin minutes. If you type

> geyser

you seethat this data is represeted in form of list corntaining the two variableswaiting
and duration . Our aim is to look at somesimple descriptive techniquesto help under-
stand the relationship betweenthe interval between eruptions and the duration of the
eruption.

(a) Make a summary for the two variableswaiting and duration . Commens?

(b) Produce histograms,normal probability plots, boxplots and summary statistics for
the duration and interval betweeneruptions.

(c) Produce a scatterplot of the data, showving the relationship betweenthe time be-
tweeneruptions and the duration of the eruption.

Is there a relationship betweenthe interval betweeneruptionsand the duration of the next
eruption? How doesthe length of the interval e ect the duration and doesthis accourt
for the bimodal histogramsfound?

Exercise 5.4 (Car data). Do ananalysisofthe cardata setprovidedwith S-Prus. The
data set, stored under car.all , cortains a set of cars plus a variety of their attributes,
like fuel consumption, price, and many more.

(a) Beforestarting the analysis,determine which car models are contained in the data
and what the variablesgiven in the data set are.

(b) Extract the fuel consumption(miles per gallon) and determinefor eat type of car
(small, medium, compact, large, van, sporty) the model with the lowest and the
highest fuel consumption.

(c) On the basis of averagefuel consumption and tank size, calculate the maximum
travel distancewithout a gasre Il.
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(d) Take the variables maximum travel distance, tank size, mileage, and horsepwer,
and display them graphically.

(e) Try to determine, using only graphics,the two variableswith the strongestdepen-
dency Ched your guessby calculating the correlation matrix (using the function
cor) for thesevariables.

Exercise 5.5 (U.S. States data). The data frame state.x77 cortains the following
statistics for the States of the U.S.: population estimate as of July 1, 1975; per capita
income (1974); illiteracy (1970, percen of population); life expectancy in years (1969-
71); murder and non-negligeh manslauglter rate per 100,000population (1976); percen
high-stool graduates(1970); mean number of days with minimal temperature smaller
than 32 degreeq1931-1960)in capital or large city; and land areain squaremiles.

S-PLus providesa very usefulfunction for represeting sud multiv ariate data: brush.
This functions createsa matrix of all two-dimensionalscatterplotsof the data plus optional
histogramsand three-dimensionalspinning plot, all of which may have points highlighted
interactively. By typing

> brush(state.x77,  hist=T)
you should seea full-screengraphicswindow appear with the title "Brush'.
(a) Try to understandthe graphicsgiven.

(b) Highlight seweral points with the left mousebutton. What happens?

(c) Above to the right of the scatter plots, there is a separatesub-windav with three-
dimensionalcoordinate axesand a 3-D point cloud. Rotate or spin the 3-D point
cloud. Do you seeany particular structure?

To existbrush at any time, click onthe "Quit' button. Note that the sub-window with the
three-dimensionalcoordinate axesand the 3-D point cloud canalsobe obtained by typing

> spin(state.x77)

Commerns?
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Statistical Functions

6.1 Densities and Distributions

S-PLus has built-in functions to compute the density, cumulative distribution function
(CDF), gquartile function (the inverseof the CDF) and to generaterandom samplesfrom
marny standard distributions. In all, there are four functions for ead distribution. The
function namesbegin with one of the four letters:

e d: is for density, e.g. dnorm
e p: standsfor probability , e.g. pnorm
e q: is for quartile, e.g. gnorm and

e r: standsfor random, e.g. rnorm.

The function namesend with a code for the distribution. The random functions generate
numbers from the distribution, the probability functions give the probability of being
lessthan or equalto the value given (probability distribution function), and the quartile

functions return the value wherethe distribution function achievesthe probability given.
The list of available distributions in S-PLus is givenin Table 6.1.
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Table 6.1: Available standard distributions in S-PLus.

Name | Distribution | Parameter(s)
beta Beta shapel, shape?2
binom Binomial size , prob
cauchy | Caudwy location , scale
chisq Y2 df= degreesof freedom
exp Exponertial rate
f Fisher's F’ dfl= degreesf freedomfor the numerator
df2= degreesf freedomfor the denominator
gamma | Gamma shape
geom Geometric prob
hyper Hypergeometric m=number of red balls in the urn
n= number of black balls in the urn
k= number of balls drawn from an urn
with mred and n blac balls
Inorm Lognormal meanlog=Ilog of the mean
sdlog= log of the standard deviation
logis Logistic location , shape
nbinom | Negative binomial | size= number of successes
prob= probability of a success
norm Normal (Gaussian) | mean=mean
sd= standard deviation
pois Poisson lambda
t Studert's ¢ df= degreesf freedom
unif Uniform min, max
weibull | Weibull shape
wilcox Wilcoxon m=number of obsenations in rst sample

n=number of obsenations in secondsample
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6.1.1 Randomness

Pseudo-randomfunctions within S-PLus use a single random number generator. The
seedfor the generatoris stored in .Random.seed which is a vector of 12 small integers.
So, if you want to reproduce results of random functions, then you needto save the seed
and restoreit just beforethe call that is to reproducethe results:

save.seed <- .Random.seed

> runif(4)

[1] 0.5354037 0.5107591 0.1341979 0.3324095
> runif(4)

[1] 0.6010147 0.2729012 0.8917196 0.3833721
> .Random.seed <- save.seed

> runif(4)

[1] 0.5354037 0.5107591 0.1341979 0.3324095

Another way of ensuringreproducibility is to usethe function set.seed , which puts the
random number generatorin a reproducible state. set.seed takesan integerthat should
be betweenl and 1024,and setsthe random seedto a certain value basedon the integer
given.

> set.seed(1023)

> print(.Random.seed)

>[1] 211449 16 62 1 32 22 36 23 28 3
> set.seed(-1)

> print(.Random.seed)

>[1] 21144916 62 1 32 22 36 23 28 3

The exampleabove shavs that set.seed returns the sameanswer for argumernts that are
the samemodulo 1024.

6.1.2 QQ-Plots

One of the best ways to comparethe distribution of a sample, x.sample, with a dis-
tribution is to use a QQ-plot, of which the normal probability plot is the best-knovn
example. QQ-plots can also be usedto comparetwo samples.The function qgplot plots
the quartile functions of two samplesx.sample and y.sample against ead other, and
so comparestwo samples. The function ggnormreplacesone of the samplesby a sample
at the quartiles of a standard normal distribution. This idea can be applied quite gen-
erally, seethe ppoints function. Finally, the commandqgline helpsasses$ow straight
a qgnormpilot is by plotting a straight line through the upper and lower quartiles. The
examples,which are shovn in Figure 6.1, are
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> par(mfcol=c(1,2), pty="s")
> qqplot(lottery.payoff, lottery3.payoff)
> abline(0, 1)

> ggnorm(lottery.payoff)
> qqline(lottery.payoff)

400 500 600
lottery.payoff
600 800

lottery3.payoff
400

300

200
200

100

200 400 600 800 -3 -2 -1 0 1 2 3
lottery.payoff Quantiles of Standard Normal

Figure 6.1: Two examplesof the useof QQ-plots in S-PLuUs.

The left panelin Figure 6.1 suggestsa basically di erent distribution for the two sets
of data. If both data would have a similar distribution the presened line would match
the plot. In the right panel of Figure 6.1 one notices that the payo s are not normal
distributed, especially in the tails; whereasthe middle part of the payo s seemsto be.
If they were, the plot would be fairly linear matching the line resulting from the qgline
command.

6.2 Basic Statistics

S-PLus includesfunctions for calculating all the standard summary statistics for a data
set, together with a variety of robust and/or resistart estimators of location and scale.
Table 6.2 givesa list of the most commonfunctions for summary statistics.
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Table 6.2: Commonfunctions for summary statistics in S-PLUS.

| Statistic | Description |
cor Correlation coe cien t
cummaxcummin | Cumulative maximum and minimum
cumprod cumsum Cumulative product and sum
diff Create sequetial di erences
max min Maximum and minimum
pmax pmin Maxima and minima of se\eral vectors
mean Arithmetic mean
median 50th percertile
prod Product of elemetts of a vector
quantile Compute empirical quartiles
range Returns minimum and maximum of a vector
sample Random sampleor permutation of a vector
sum Sum elemetts of a vector
summary Summarizean object
var Varianceand covariance

Consideras examplethe sample function. In its simplestuse,it returns a permutation
of its argumert:

> names.vector <- c("Introduction", "to", "S-PLUS", "for", "Unix")
> sample(names.vector)

[1] "S-PLUS" "to" ‘“Introduction™  "Unix" "“for"

> sample(1:10)

1] 6 5 1 2 3 8 710 4 9

An important argumern is replace which tells whether or not items are to be replaced
after they have beenselected:

> sample(names.vector, replace=T)

[1] “Introduction”  “for" “Introduction"  "S-PLUS""S-PLUS"
> sample(1:10, replace=T)

[1] 1010 110 2 5 3 6 710

There is also a probability argumert, prob, that takesthe relative probabilities for eah
item in the population. This neednot sumto one,samplewill normalizeit.

> sample(names.vector, replace=T, prob=1:5)
[1] "S-PLUS" "Unix" "for" "Unix" "Unix"
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6.3 Standard Tests

S-PLuUs corntains a number of functions for doing classicahypothesistesting; seeTable6.3.

Table 6.3: S-PLus functions for hypothesistesting.

| Test | Description |
binom.test Exact binomial test
chisqg.gof x? goodness-of- t test
chisg.test Pearson'sy? test for 2-D cortingency table
cor.test Test for zerocorrelation
fisher.test Fisher's exact test for 2-D cortingency table
friedman.test Friedman rank sum test
kruskal.test Kruskal-Wallis rank sum test
ks.gof Kolmogorov-Smirnov test
mantelhaen.test | Mantel-Haenszely? test
mcnemar.test McNemar's y? test
prop.test Proportions test
t.test Studert's one-ortwo-samplet-test
var.test F test to comparetwo variances
wilcox.test Wilcoxon rank sum and signed-ranksum tests

The following exampleillustrates how to uset.test to perform a two-samplet-test to
detect a di erence in means. This example usestwo random samplesgeneratedfrom
N(0,1) and N(1,1) distributions. The random number seedis set with the function
set.seed , sothis exampleis reproducible:

> set.seed(17)

> x.sample <- rnorm(10)

> y.sample <- rnorm(5, mean=1)
> t.test(x.sample, y.sample)

Standard Two-Samplet-Test

data: x.sample and y.sample

t =-1.3353, df = 13, p-value = 0.2047

alternative  hypothesis: true difference in meansis not equal to O
95 percent confidence interval:

-1.4926916 0.3522959

sample estimates:

meanof x meanof y

0.1375302 0.707728
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As the p-value of this two-samplet-test is 0.2047, there is no signi cant di erence
betweenboth means.

As an additional example,supposeyou tossa coin 1000times, with headscoming up
473 times. To test the coin for “fairness';that is, to test that the probability of heads
equals0.5, you can usethe following:

> binom.test(473, 1000)$p.value
Exact binomial test

data: 473 out of 1000
number of successes = 473, n = 1000, p-value = 0.0937
alternative  hypothesis: true p is not equal to 0.5

This test suggestghat you do have a fair coin. You may not want to take another coin.

6.4 EXxercises

Exercise 6.1. Generate 100 and 1000 random numbers, both samplesfrom a normal
distribution with meanvalue 3 and variance5. Draw histogramswith bin width 0.5, 1 and
2 for eadt of the two samples.Remenber that all gures have exactly the sameunderlying
distribution. Plot them all in a singlegraphicswindow and label them accordingly What
is visible?

Exercise 6.2. Generatea sampleof size50 from a Poissondistribution with rate 2.

(a) Put this sampleinto a 10 x 5 matrix A
(b) Namethe rows of Awith r1,..., rl0 and the columnswith c1,..., c5.
(c) Divide eat elemen in a row of Aby the sum of the correspnding row.

Exercise 6.3. Generatea 20x3 matrix of data using the Irnorm function. Produce a
"bubble plot' of the data, i.e. a scattergram of the valuesin the rst two columnswhich
includesthe valuesin the third column represeted by circleswith appropriate radii.
Hint: usethe symbols function.

Exercise 6.4. Generatea sample of size 100 from a ¢-distribution with 5 degreesof
freedom. Produce a QQ-plot of this sampleand assessow straight the produced plot
is by plotting a straight line. Moreover, in order to reproduce the sameplots, set the
random seed.

Exercise 6.5. In Chapter 2 we noticed that the distribution of payo s for winning num-
berswith a leading zero digit was di erent from the rest of the payo s. Usea QQ-plot
to investigatethis di erence.
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Exercise 6.6. Supposeyou play roulette in Las Vegasand bet on red. You expect your
probability of winning to be closeto, but slightly lessthan, 0.5, becausea roulette wheel
has 18 red slots, 18 bladk slots, and two additional slots labeled 0" and "00', for a total of
38 slots into which the ball canfall. Thus, for a “fair' wheel, you expect the probability
of red to be p, = 18/38= 0.474. You hope that the casinois not cheating you altering
the roulette wheelsothat the probability of red is lessthan 0.474.

Supposethat you bet onred 100times and red comesup 42times. Testthe hypothesis
that p = po, using the binom.test function,

(a) againstthe two-sidedalternative that p # 0.474;and

(b) against the one-sidedalternative p < po, i.e. you are concernedthat the casino
might cheat you.

Finally, asthe function binom.test doesnot compute a con dence interval for the
probability p of success,compute a con dence interval for p by using the prop.test
function. Commens?

Exercise 6.7 (IQ data). To get this data, which is not built-in, you must attach the
library s+intro by typing library("s+intro") . This library corntains the data frame
ig.data , which consistsof the IQ scoresand beharioural problem (BP) scoresof children
of age v e, labelled accordingto whether or not their mothershad su ered an episale of
postnatal depression.

(a) Store the 1Q scoresof children of non-depressedmothers in ignd, and those of
children of depressednothersin iqd .

The main questionsof interest about thesedata are asfollows:

(b) Do the two groupsof children have di erent 1Q and/or BP scores?Most commonly
a t-test is usedto assesshesehypothesis. The test assumedhat the obsenations:

1. areindependen of oneanother (here they are);

2. come from populations having normal distributions (verify with histograms,
boxplots, and probability plots and excludethe outliers); and

3. come from populations having the samevariance (verify with the var.test
function).

Assesghe hypothesisthat the two groupshave the samepopulation meanwith with
the S-PLus function t.test and with the Wilcoxon rank-sumtest (wilcox.test ).

(c) Is there any evidenceof a relationship betweenthe two variables? Plot BP versus
IQ scoresand add a linear regressionline. Moreover, the correlation between the
two variablescan be calculated,and the hypothesisthat the population valueis zero
tested, using the cor.test function.



6.4. EXERCISES 67

(d) Assesswhether there is any evidenceof an assaiation between mother's menal

state at the birth of her child, and the child's behavioural problemsscoresat v e,
in particular whether this scoreis above 8 or not.

Hint: make a x2-test by meansof chisqg.test , followed by Fisher's exact test
(fisher.test ).
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Chapter

Statistical Models

Most of the statistical modeling functions in S-PLus follow a uni ed modeling paradigm
in which the input data are represeted as a data frame and the model to be t is
represeted asa formula. Formulascanbe sared asseparateS-PLus objects and supplied
asargumerts to the modeling functions. A partial listing of S-PLus modeling functions
is givenin Table 7.1.

Table 7.1: Listing of someS-Prus modeling functions.

| Function | Description
aov, manovaraov | Analysis of variance models
Im Linear model (regression)
glm Generalizedlinear model
gam Generalizedadditive model
loess Local regressionmodel
tree Classi cation and regressiorntree models
nls, ms Nonlinear models
Ime, nime Mixed-e ects models
factanal Factor analysis
princomp Principal componerts analysis
7.1 Basic Formulas
In aformula, you specify the responsevariable rst, followed by atilde, *~', and the terms

to be included in the model, separatedby operators. Variablesin formulas can be any
expressionthat evaluatesto a numeric vector, a factor or ordered factor, or a matrix.
Table 7.2 givesa summary of the formula synax.
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Table 7.2: Summary of the S-Prus formula syntax.

| Expression | Meaning |

A~ B Ais modeledasB

B+ C Include both B and Cin the model

B-C Include all of B exceptwhat is in Cin the model
B:C The interaction betweenB and C

B*C Include B, G and their interaction in the model
C %in%B Cis nestedwithin B

B/C Include B and C %in%B in the model

An exampleof a simple formula linking your chosenresponsevariable to the predictor
variable is given by:

> cost ~ age

Both, cost and age, arevariablesfrom the claims data. So,the previousformula speci es
that the variable cost is modeledas a function of age.

7.2 Linear Mo dels: Im

Simplelinear regressiorexploresrelationshipsthat are readily descriked by straight lines.
The classicalsimple regressionusesthe method of least squaresto t a cortinuous, uni-
variate responseasa linear function of a single predictor variable. In the method of least
squareswe t aline to the data soasto minimize the sum of the squaredresiduals.

As example,considerthe air pollution data in the built-in data setair , which is taken
from an ervironmenal study that measuredthe four variables ozone, solar radiation ,
temperature , and wind speedfor 111 consecutie days. A scatter plot of temperature
againstozoneis shavn in Figure 7.1;

> attach(air)
> plot(temperature,  ozone)

From the scatter plot, we may hypothesizea linear relationship betweentemperature
and ozone concertration. We choose ozone as the response, and temperature as the
single predictor. The choice of responseand predictor variablesis driven by the subject
matter in which the data arise, rather than by statistical considerations.To t the model,
we can usethe Im function as follows:

> ozone.Im <- Im(ozone ~ temperature, data=air)
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ozone

60 70 80 90

temperature

Figure 7.1: Scatterplot of temperature againstozone for the air data.

The rst argumer, ozone ~ temperature, is the formula specifying that the variable
ozoneis modeledas a function of temperature . The secondargumert speci es that the
data for the linear model is cortained in the data frame air . The summaryfunction can
be usedto obtain a summary of the tted model:

> summary(ozone.lm)

Call: Im(formula = ozone ~ temperature, data = air)
Residuals:

Min 1Q Median 3Q Max
-1.49 -0.4258 0.02521 0.3636 2.044

Coefficients:

Value Std. Error t value Pr(>|t)
(Intercept) -2.2260  0.4614 -4.8243  0.0000
temperature 0.0704  0.0059 11.9511  0.0000

Residual standard error: 0.5885 on 109 degrees of freedom
Multiple R-Squared: 0.5672
F-statistic: 142.8 on 1 and 109 degrees of freedom, the p-value is O

Correlation of Coefficients:
(Intercept)
temperature -0.9926

The Value columnunder Coefficients  givesthe coe cien ts of the linear model, allowing
usto read o the estimatedregressionliine: ozone = -2.2260 + 0.0704 temperature .
The estimated standard error is given in the column labelled Std. Error , and the term
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Multiple R-Squared tells us that the model explains about 57% of the variation in
ozone The F-statistic  isthe ratio of the meansquareof the regressiorto the estimated
variance;if there is no relationship betweentemperature and ozone, this ratio hasan F
distribution with 1 and 109 degreesof freedom. The ratio hereis clearly signi cant, so
the true slope of the regressionline is probably not zero.

But how good is the tted regressionmodel? To answer this questionthe simplest
and most informative method consistsin looking at the model graphically. Thereforewe
can usethe default plotting method for Im objects by meansof:

> par(mfrow=c(2,3))
> plot(ozone.Im,  ask=F)

If you are not interestedin all of the plots createdby the default plotting method, call
plot with the argumert ask=T. As shawn in Figure 7.2, this yields the following six plots:

1. Residuals against fitted values. This plot revealsunexplainedstructure in the resid-
uals.

2. Square root of absolute residuals against fitted values. This plot is usefulin identi-
fying outliers and assessingariability in the residuals.

3. Response against the fitted values. This givesa good idea of how well the model has
captured the broad outliers of the data.

4. Normal quantile plot of residuals. This plot providesa visual test of the assumption
that the model's errors are normally distributed.

5. Residual-Fit spread plot. This plot comparesthe spreadof the tted valueswith the
spreadof the residuals. Sincethe model is an attempt to explain the variation in
the data, one hopesthat the spreadin the tted valuesis much greaterthan that
in the residuals.

6. Cook’s distance plot. Cook's distanceis a measureof the in uence of individual
obsenations on the regressioncoe cien t.

The line showvn as a dashedline in the third plot (far right of top row in Figure 7.2) is
in the caseof simple regressionvisually equivalert to the regressionline. The regression
line appearsto model the trend of the data reasonablywell. The residuals plots (left
and certer, top row) shov no obvious pattern, although v e obsenations appear to be
outliers. By default, asin Figure 7.2, the three most extremevaluesare iderti ed in eadh
of the residualsplots and the Cook's distanceplot; seeid.n argumert in the call to plot .
Another useful diagnostic plot is the normal plot of residuals (left plot, bottom row).
The normal plot gives no reasonto doubt that the residualsare normally distributed.
The Residual-Fit spread plot, on the other hand (middle plot, bottom row), shows a
weaknesdn this model; the spreadof the residualsis actually greaterthan the spreadin
the original data. Howeer, if we ignorethe v e outlying residuals,the residualsare more
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Figure 7.2: Use of the default plotting method for Im objects for ozone.Im.

tightly bunchedthan the original data. The Cook's distanceplot shonvsfour or v e heavily
in uential obsenations. As the regressiorine ts the data reasonablywell, the regression
is signi cant, and the residualsappear normally distributed, we feeljusti ed in usingthe
regressionline asa way to estimate the ozoneconceitration for a given temperature.

Oneimportant issueremains| the regressionline explainsonly 57% of the variation
in the data. Therefore,we may want to considerthe e ect of other variableson the ozone
concerration. Constructing linear models involving more than one predictor is as easy
in S-Prus asmodelswith a single predictor. One possibleway is to usethe Im function
with the formula ozone ~ temperature + wind + radiation

7.3 Others Mo dels

A variety of statistical modelsare analyzedin Beder and Hastie'sbook (1992, Statistical
Models in S), including analysisof variance, generalizedlinear models, additive models,
local regressionnonlinear models, mixed-e ects models, and tree-basedmodels. As they
go far beyond the coverageof this guide, only the namesof the correspnding S-PLuUs
functions are listed in Table 7.1. In addition, you may want to look at the excellen book
by Venablesand Ripley (1999, Modern Applied Statistics with S-Plus).
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7.4 EXercises

Exercise 7.1 (Simple linear regression). Considerthe cell survival data, which is in
the courselibrary s+intro . The two variablesare dose, the doseof drug given to ead
cell, and logsurv , the logarithm of the resulting survival time.

> cell.dat

dose logsurv
1.175 -0.8209806
1.175 -0.5978370
2.350 -1.8325815
2.350 -2.0402208
4.700 -3.2188758
4.700 -3.9322257
4.700 -2.7936081
7.050 -5.2983174
7.050 -5.7446045
10 9.400 -6.8124451
11 9.400 -8.8048753
12 9.400 -8.5684865
13 14.100 -4.9618451
14 14.100 -9.7211660

O©CooO~NOOUIThWNPE

(a) Make a scatter plot of the data, i.e. plot dose againstlogsurv .

(b) Do asimplelinear regressiorwith S-Prus in choosinglogsurv asthe responseand
dose asthe predictor variable. Fit the model by meansof the function Im. Producea
summaryof the tted model. Finally, plot the tted line usingthe function abline .
Commens?

(c) Redo(b) by usingcell.dat without the 13th obsenation, and comparewith (b).
What do you conclude?

Exercise 7.2 (Multiple Regression). Considerthe Scottish hill racesdata, which is
in the courselibrary s+intro . The data set is taken from Staudte and Sheather(1990,
Robust Estimation and Testing, Wiley and Sons,New York). The data is in the data
framerace.dat .

(a) Fit a linear model in taking as dependen variable the record time in minutes
(RecTim@ and asindependen variablesthe distancein miles (Dist ) and the climb
in feet (Climb).

(b) Usethe S-PrLus function summaryto obtain the summaryofthe tted model. What
model do you reado ?
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(c) Look at the t graphically. To do this usethe plot function. In consideringthe
resulting plots, what do you conclude?

(d) Tryto t ageneralizecadditive model. Do you think the linear modelis appropriate?

Exercise 7.3 (Adv anced). Nonparametric regression with the Great Barrier Reef data.
In a surwey of the fauna on the seabed in an arealying betweenthe coast of northern
Queenslandand the Great Barrier Reef, data were collectedat a number of locations.
Data and the neededfunctions are in the S-PLus library sm which comeswith Bowman
and Azzalini (1997). This library canbe downloadeddirectly from

http://www.stats.gla.ac.uk /~adria n/sm/

Try the following commands:

> library(sm)

> provide.data(trawl)

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

> plot(Longitude, Latitude, type="n")

> points(Longitude[Zone == 1], Latitude[Zone == 1))

> text(Longitude[Zone == 0], Latitude[Zone ==0], "0")

> Zone93<- (Year == 1 & Zone==1)

> Position <- cbind(Longitude - 143, Latitude)

> sm.regression(Latitude[Zon €93], Scorel[Zone93], h=0.1)
> sm.regression(Position[Zon €93,], Scorel[Zone93],

h=c(0.1, 0.1), eye=c(8,-6, 5), xlab="Longitude - 143")
sm.regression(Longitude[Zo ne93, Scorel[Zone93], h=0.1)
> par(mfrow=c(1,1))

\

The top left paneldisplays the sampling points. The dots are taken from a closedregion,
where commercial shing is not allowed to protect the nature. The circlesrefer to areas
outside, which were surveyed to allow comparisons. Due to large numbers and types of
speciescaptured in the surwey, the responsevariable is expressedas a score,on a log
weighted scale,which conmbines information acrossspecies. The two right panelsof the
plot shov nonparametric estimatesof the relationship betweenthe catch scorewithin the
closedzoneand the spatial coordinates, latitude and longitude, for the 1993survey.

(a) Can we obsene a changein the catch scorewith latitude ?

(b) Can we obsene a changein the catch scorewith longitude ?

Exercise 7.4 (Adv anced). Generate artificial data. Generatedata using the following
code:
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> n <- 100

> X <- sort(runif(n))

> m<- (Sin(2*pi*x"3))"3

>y <- m+ rnorm(n)*sqrt(0.1)

> plot(x, vy, main="Generated data")
> lines(x, )

Apply smaothing techniqueslike ksmooth lowess, loess and smooth.spline to the gen-
erated data. Choosedi erent smaoothing parametersand obsene their in uence on the
smoother.

Exercise 7.5 (Adv anced). Kernel or wavelet smoothing. In this exercisewe propose
to comparethe predictive performanceof the kernel smaother with that of the wavelet
smoother, basedon simulated data. We generatedata accordingto the additive model

vi = f(zi) + &,

wheree 2 N(0,1). Herewe usethe following non-smath block function for f(-):

blocks <- function(x, snr = 5)

{

pos <- c¢(0.1, 0.13, 0.15, 0.23, 0.25, 0.4, 0.44, 0.65, 0.76, 0.78, 0.81)
hgt <- c(4, -5, 3, -4, 5, -4.2, 21, 43, -3.1, 21, -4.2)

y <- rep(0, length(x))

for(j in 1l:length(pos)) y <-y+ (1 +sign(x - pos[])) * hgt[j])/2

(snr * y)/1.914

The following commandscreate a plot in which the dots are the noisy data y; and the
dotted line is the true block function.

>n <- 256

> X <- seq(0, 1, length=n)
> ytrue <- blocks(x)

> ynoise <- ytrue + rnorm(n)
> plot(ynoise)

> lines(ytrue, lty=2)

(a) First we try the kernel smoother ksmooth After typing the following commands,
chooseyour "best' bandwidth among (0.001 0.01 0.1, 1) to estimate block :

for(bandwidth in ¢(0.001, 0.01, 0.1, 1))
{
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plot(ynoise, pch=".")

kernel.estimate  <- ksmooth(x, ynoise, bandwidth=bandwidth)
lines(kernel.estimate$y)

lines(ytrue, Ity=2)

title(paste("bandwidth=" |, as.character(bandwidth)) )

}

You may want to set par(mfrow=c(2,2)) .

(b) Secondwe try the wavelet smaother waveshrink, assumingyou have the S+Wavelets
module:

http://www.insightful.com  /pro ducts/w avel ets/

Again chooseyour "best' threshold among (0.1, 1,5, 10):

module(wavelets)

for(vshrink in ¢(0.1,0 1, 5, 10))

{

plot(ynoise, pch=".")

wavelet.estimate <- waveshrink(ynoise, wavelet="haar", vshrink=vshrink)
lines(wavelet.estimate)

lines(ytrue, Ity=2)

title(paste("Threshold=" , as.character(vshrink)))

}

module(wavelets, unload=T)

(c) Finally put your "best' bandwidth and threshold in place of ??? in the following
commands:

par(mfrow=c(2,2))

kernel.best.estimate <- ksmooth(x, ynoise, bandwidth=?77)

plot(ytrue,  type="I", ylim=c(-6,16))

lines(kernel.best.estimate  $y, Ity=2)

title("Kernel")

plot((ytrue-kernel.best.es timate$y )2, type="I", ylim=c(0,25),
ylab="errors")

VVVYVVYV

> ME<- round(mean((ytrue-kernel .best.es timate$y)*2), 2)

> title(paste("Residuals. ME=", as.character(ME)))

> module(wavelets)

> wavelet.estimate <- waveshrink(ynoise, wavelet="haar", vshrink=??7?)
> module(wavelets, unload=T)

> plot(ytrue,  type="I", ylim=c(-6,16))



78 CHAPTER 7. STATISTICAL MODELS

> lines(wavelet.estimate, Ity=2)

> title("Wavelet")

> plot((ytrue-wavelet.esti mate”2, type="I", ylim=c(0,25), ylab="errors")
> ME<- round(mean((ytrue-wavelet. estimate)*2), 2)

> title(paste("Residuals. ME=", as.character(ME)))

P
The "Model Error', ME = i”:l(f(:ci) — f(xi))?/n, was calculated for both estimates.
Basedon that measureof goodness-of- t and on the two left residualsplots, which estimate
givesthe best predictive performance?



Chapter 8

S-Plus Functions

In this chapter, the basicsof S-PLus functions are described brie y, like using loopsand
conditional execution, the syntax and the useof the apply functions. For an additional
and a more detailed accoun of S-PLus functions, consult books given in Section1.3.5.

8.1 Loops and Conditional Execution

8.1.1 Grouped Expressions

Commandsmay be grouped together in braces,{ expressionl; expression2; ... },
in which casethe value of the group is the result of the last expressionin the group
ewvaluated. Sincesud a group is alsoan expressionit may, for example,be itself included
in parerthesesand useda part of an even larger expression,and so on.

8.1.2 Control Statements
Conditional execution: if statemen ts
S-PLus hasa conditional construction of the form

if (expressionl) expression2 else expression3

where expressionl must ewaluate to a logical value and the result of the ertire ex-
pressionis then evidert. For example,supposethat for a vector, x.vector , we want to
calculate its logarithm by rst cheding if the vector is larger than zero. This could be
doneby
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> if (min(x.vector)>0) log(x.vector) else cat("min(x.vector)<=0.")

With x.vector <- c¢(-1,0,1) this would producethe following output:

min(x.vector)<=0.

Rep etitiv e execution: for loops, repeat and while
There is alsoa for loop construction which hasthe form
for (namein expressionl) expression2

wherenamaes the loop variable. expressionl is a vector expressionpften a sequencdike
1:10, and expression2 is often a grouped expressionwith its sub-expressionsvritten in
terms of the dummy name expression2 is repeatedly evaluated as namerangesthrough
the valuesin the vector result of expressionl .

As an example, supposethat for a vector, x.vector , we want to ched& elemen by
elemen if its componerts are all larger than zero. For example,we could usethe following
code:

for (i in 1:length(x.vector))

{

if (x.vector[i]>0) cat("Element", i, "is >0.\n")
else cat("Element”, i, "is <=0.\n")

}

With x.vector <- ¢(-1,0,1) this would producethe following output:

Element 1 is <=0.
Element 2 is <=0.
Element 3 is >0.

Another exampleof a for loop is
for (i in 1:length(x.vector)) x.vector <- x.vector + i

Note that the useof for loopswill result in relatively slov evaluation. Therefore, they
shouldbe avoidedif possible.Many functions, sud asapply, tapply , sapply and others,
are written primarily to avoid using explicit for loops; seeSection8.3. Other looping
facilities include the statemert

repeat expression
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and the statemert
while (condition) expression

The break statemert can be usedto terminate any loop, possibly abnormally. This
is the only way to terminate repeat loops. The next canbe usedto discortinue one par-
ticular cycleand skip to the "next'. Control statemens are most often usedin connection
with functions , which are discussedn the next section.

8.2 Function Syntax

A function is de ned by an assignmen of the form
name<- function(argumentl, argument2, ...) expression

The expression is an S-PLus expression(usually a grouped expression)that usesthe
argumerts, argumentl, argument2, ... , to calculatea value. The value of the expres-
sionis the value returned for the function. A call to the function then usually takesthe
form name(expressionl, expression2, ...) and may occur anywherea function call
is legitimate. An exampleis given by the function mean

> mean
function(x, trim =0, na.rm = F){

if(na.rm) {
wnas <- which.na(x)
if(length(wnas)) X <- X[ - wnas]

}

if(lmode(x) == "complex") {
if(trim > 0) stop("trimming not allowed for complex data")
return(sum(x)/length(x))

}

X <- as.double(x)

if(trim > 0) {
if(trim  >= 0.5) return(median(x, na.rm = F))
if('na.rm  && length(which.na(x))) return(NA)
n <- length(x)
i1 <- floor(trim *n +1
2 <-n-il +1
X <- sort(x, unique(c(il, i2)))[il:i2]

}

sum(x)/length(x)
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Easierexamplesof S-PrLus functions are given by

std.dev <- function(x){
std.x <- sqrt(var(x))
std.x

}

mean.var <- function(x){
X.mean <- mean(x)
x.var <- var(x)
return(x.mean, Xx.var)

}

sum.squares <- function(x, y = 0){
(x +y)"2
}

The function std.dev returns the standard deviation of a vector x, mean.var its mean
and variance,and sum.squares calculatesthe sum of squaresof the sumof x andy. Note
that the default value of y is zero. Possibleusesand outputs of thesethree functions are

> std.dev(x=1:10)
[1] 3.02765

> std.dev(1:10)
[1] 3.02765

> mean.var(1:10)
$x.mean:
[1] 5.5

$x.var:
[1] 9.166667

> sum.squares(1:4)

[1] 1 4 916

> sum.squares(1:4, 5)
[1] 36 49 64 81

8.3 The apply Family

The functions apply, lapply , sapply andtapply all apply a function to sectionsof some
object. Theseare usedinstead of a for loop. In general,the appropriate apply function
is fasterthan the equivalert for loop. Eacd of the four apply functions have an argumert
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namedFUNvhich canbe either a function or the nameof a function. When you useapply,
the MARGIErgumert speci es the dimensionsthat you want to keep. For example,

> mymatrix <- matrix(1:10, nrow=2)

> mymatrix

(1 [21 [3] [4] [5]
[1,] 1 3 5 7 9
[2,] 2 4 6 8 10

> apply(mymatrix, 2, "mean")
[1] 15 35 55 75 95

The result is a vector of length 5, represeting the averageof ead column. The function
lapply appliesa function to ead componert of a list, and sapply is usedin the same
situations aslapply , but generallyreturns a simpli ed object. sapply producesa matrix
when all of the results are the samelength. If the results vary in length, then sapply is
the sameas lapply . Finally, tapply is usedin situations where you have one or more
categories but there is not necessarilyan equal number of points in ead combination of
categories.

Another interesting feature of theseapply functions is that optional argumens can be

supplied and are passedunchanged (including their names)to ead call of FUN Suppose
that there is a NAIn mymatrix,

> mymatrix <- matrix(c(1:9, NA), nrow=2)

> mymatrix

(1 (2] [3] [4] [9]
[1,] 1 3 5 7 9
[2,] 2 4 6 8 NA

Calculating the averageof ead column as beforewould result in the following output

> apply(mymatrix, 2, "mean")
[1] 15 35 55 75 NA

If onewants to remove the missingvalue before computation, one can use

> apply(mymatrix, 2, "mean”, na.rm=T)
[1] 15 35 55 75 9.0

wherena.rm is an optional argumert to the S-PLus function mean
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8.4 Debugging in S-Plus

When writing your own functions, you may want to have somemeansof exploring the
computations, say if either somethingis wrong or you are not sure that ewerything is
right. Very good S-PLus functions for this are browser, debugger, trace and inspect ;
seethe correspnding help documertations. Note that the inspect interactive debugger
is not available in S-Prus 5.x and there have beense\eral changesto the browser and
the related function debugger, seeSection10.3.

8.5 EXxercises

Exercise 8.1. Usingthe tapply function, computea meanmurder rate by regionin the
state.x77 data, which cortains information about the Statesof the U.S.

Exercise 8.2. Considerthe data testscores , which cortains test scoresfor 25 studerts
in eat of v e subject areas.

(&) Compute the total scorefor ead studert. What about the averagescore? Which
studert wasthe best?

(b) Calculate the averagescorefor ead of the v e subject areas.

Exercise 8.3. Write a function that takestwo argumerns, x and y, and returns an ob-
ject whoseelemetrs are the larger of the correspnding elemerts of the argumens. For
example,with = = (1,2) and y = (2, 1) this function should return the vector (2, 2).

Exercise 8.4. Write afunction that takesz- and y-coordinate data and a vector of labels
and producesa scatterplot with the labelsat the points.

Exercise 8.5. Write a function that takestwo vector argumens x and power and pro-
ducesx”power if poweris non-zero,but produceslog(x) if poweris zero.

Exercise 8.6. Write a recursive function to compute Fibonaccinumbers, basedon the
following facts: Fib(0)==0, Fib(1)==1 and otherwise Fib(n) is Fib(n-1)+Fib(n-2)
Traceits evaluation in computing Fib(5) .

Exercise 8.7. Write afunction to computethe factorial of anumber. Traceits evaluation
in computing 10!, i.e Fact(10) .



Chapter 9

Miscellany

9.1 Use a Library

An advantage of S-Prus is that a lot of recen methodology is available asfree libraries
that seamlesslyextend S-Prus. To usesud a library, type

> library(name)

which attachesit asa data directory at the end of the seard list. Thus libraries cannot
over-ride standard functions nor your own functions. To make a library over-ride the
systemfunctions, use

> library(name, first=T)

which attaches the library nameat position 2 (after the .Data directory). An exam-
ple of sud a library is the courselibrary, which is a collection of useful functions and
datasetsto accompaiy the introduction course:

> library("s+intro")

To get the list of its cortents, you needthe position of the library s+intro by using:

> search()

[1] ".Data"

[2] "lusr/local/splus/splus/ .Functio ns"
[3] "/usr/local/splus/stat/. Fundion s"
[4] "/usr/local/splus/s/.Fun ctio ns"

[5] "/usr/local/splus/s/.Dat asets"

[6] "/usr/local/splus/stat/. Datasets "
[7] "lusr/local/splus/splus/ .Dat asets"
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[8] "/usr/local/splus/library/ trel lis /.Data"
[9] "/usr/local/splus/library/ s+intro /.Data"

You note that the s+intro library wasattachedin the ninth position, thereforels(pos=9)
providesyou with a listing of its contents.

9.2 Load C or Fortran Code

A powerful featureof S-PLus isthat it allowsyou to extendits functionality, enablingyou
to interface with other languagesnamely C and Fortran. Interfacesto other languages
allow you to conbine the speedand e ciency of compiled code with the robust, exible
programming environment of S-PLUS; seealso Section10.4regarding S-PLus 5.x.

9.3 ESS: Emacs Speaks Statistics

ESSis an emacspadkagewhich providesa standard interface betweenstatistical programs
and statistical processesilt is intendedto provide assistancdor interactive statistical pro-
gramming and data analysis,and was s basedon and extendsthe capabilities of S-made.
The code is freely available but is not in the public domain. It is distributed under the
GNU General Public License(GNU GPL). With ESSyou are able to comnunicate di-
rectly with a running S-PLuUs process: you can use key sequenceso send lines from
the S-made le to the inferior S-PLUs process,and you can edit S-PrLus input les and
transcripts of previous S-PLus sessionsThe latest versionsof ESSare available from:

http://ess.stat.wisc.edu

9.4 R: the GNU S

R, alsoknown as ' GNU S', is a systemfor statistical computation and graphics. It consists
of a languageplus a run-time environment with graphics, a debugger,accesgo certain
systemfunctions, and the ability to run programsstoredin script les. R implemertis a
languagewhich is not ertirely unlike the Slanguage.Indeedin the absenceof a R manual,
you can (mostly) get along by using the S manual. R is very similar in appearanceto S;
seethe R FAQ for a discussionof the di erences betweenR and S:

http://cran.r-project.org/d oc/ FAQR-FAQ.ht ml
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R is available as free software under the terms of Free Software Foundation's GNU GPL.
CRAN is a network of ftp and web seners around the world that store iderntical, up-to-
date, versionsof code and documertation for the R statistical padage:

http://cran.r-project.org
or
http://www.r-project.org



88

CHAPTER 9. MISCELLANY



e 1O

Comparison of S-Plus 5.x with S-Plus 3.4

S-PLus 5.x is the rst product that is basedon the new versionof the S languagefrom
Lucert Tednologies:version4 of S. This is a major revisionof S designedoy John Cham-
bersto improve its usefulnessat ewery stageof the programming process. The following
pagegivessomeof the featuresof Version4 of S

http://cm.bell-labs.com  /cm/ms/departments/ sia/ proj ect/S/

You can keep up to date with the latest in S programming by visiting the "Program-
ming with Data' web site at

http://cm.bell-labs.com/st at/S book/

10.1 Backward Compatibilit y Issues

S-PLus 5.x for UNIX usesa completely reengineeredmplemertation of the S language.
Objects createdwith S-PLus 5.x cannot be usedwith earlier versionsof S-Prus. You
should always run S-PLus 5.x in an S-PrLus 5.x working directory; this ensuresthat it
cortains only objects createdin S-PLus 5.x. Do not run S-Prus 5.x usinga .Data direc-
tory createdby S-Prus 3.x asyour working directory. If you have extensiwe collections
of user-written S-PLus functions, you should run the function convertOldLibrary on
them beforeusing them with S-Prus 5.x for UNIX. As S-PLus 5.1 includesa new help
system(seeSection10.2) you have to corvert old-style help les for usewith S-PrLus 5.1
and later with convertOldDoc.

Additional changesinclude the object-orierted programming model, the functional pro-
gramming model, the equalssign, =, asan assignmeh operator. For more details | refer
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to "ReleaseNotes: S-P1.us 5.x For UNIX'.

10.2 The New Help System

S-PLus 5.1introducesa new help systemto replacethe nro -based systemusedin earlier
versionsof S-PLus. The new help systemdisplays help asHTML-formatted text, by de-
fault usinga modi ed versionof the Lynx terminal-basedbrowser. If you have Netscape
Navigator on the macine you useto run S-PLus, you can chooseto have help displayed
in your Navigator window. The help.start function has beenrestored, but now uses
your Netscape Navigator window to display its meru of function and dataset help les.

The new help systemuseshelp les written in SGML, which are converted to HTML for
display in the browser.

To call up the help system,type
> help.start()

If you are currertly running Netscape Navigator, the S-PLus help merus appear in the
running Navigator window. Otherwise, a new Navigator window is launched with the
S-PLus help merus. To turn o the help system,type

> help.off()

At this point, help requestswill no longer be sert to the Navigator help window, but the
Navigator window will remain open until you closeit.

The S-PLus help window cortains two frames, which at start-up cortain two lists of
hyperlinks, the "Categorylist' and the "Function list'. The "Categorylist', labeled Cate-
gories',is on the right side of the Netscape browser. The "Function list' is on the left side
of the browser, and lists all the functions under a selectedcategory or all the functions
whosedescriptionscortain a user-sgeci ed "Topic keyword'. Getting help on a topic can
easily obtained through scanningthe "Category list' on the right side of the help win-
dow until you nd the desiredcategory selectingthe category and scrolling through the
“Function list' in order to selectthe function. To print the formatted le, click the "Print
button' on your Navigator toolbar. If none of the categoriesin the "Categorylist' seems
to cover what you want, you canusethe "Seart option' (at the top of the "Categorylist’)
to provide your own topics.

You can accesshelp easily at the S-Prus prompt with the ? and help functions. By
default, both ? and help usethe slynx browser (a version of the freely available lynx
browser) to display the requestedhelp, which is formatted for display using HTML. You
can usethe ARROW keysto pagedown and up, respectively; usethe 'q key to exit



10.3. CHANGES IN DEBUGGING 91

help and return to the S-PLus prompt, or usethe ARROW keysto navigate through the
hyperlinks. You can specify a di erent help pagerby using, for example,

> options(help.pager="vi"

Sincevi is just a text editor, if you usevi to view your help les, you will seeall the
HTML formatting codes.

10.3 Changes in Debugging

The inspect interactive debuggeris no more available in this new S-PrLus releasefor
UNIX or Linux, and there have been seral changesto the browser and the related
function debugger. In addition, a new function, recover , can be usedto provide inter-
active debuggingas an error action. To userecover , setyour error action asfollows:

> options(error=expression(i  f(in tera ctiv e() ) recover() else dump.calls()))
Then, for thosetype of errors which would normally result in the message

Problem in ... Dumped

you are instead asked

Debug?Y/N

If you answer Y, you are put into recover s interactive debugger,with a R>prompt. Type
? at the R>prompt to seethe available commands. Use UP to move up the frame list,
DOWN to move down the list. As you move to eat frame, recover provides you with a
list of local variables. Just type the local variable nameto seeits currernt value.

The browser function now works much like the recover function: you navigate usingthe
UP and DOWN functions, seeavailable commandsand local variableswith ?, and exit
with g (in S-PLus 3.4 onehad to useO to exit).

10.4 Migrating C and Fortran Code

"Dynamic Linking Dynamic' loading (that is, the dyn.load function) and static loading
(the LOADutilit y) are no longer supported in S-Prus 5.x. Compiled code is now added
to S-PLus by meansof dynamic linking, using the CHAPTERedanism as descriked in
Chambers (1998) or in the S-PLus 5.x documertation.
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Conclusion

The main aim of this guide wasto give a solid but quick introduction to the S-PrLus en-
vironmert. | hopethat you are now ready to tackle the really sophisticatedfunctions and
to write your own functions. Note that spacedid not permit to cover recen dewlopmerns
in graphics,like the Trellis library, and to treat additional or new statistical functionality,
like bootstrapping, particular statistical models, time seriesanalysis, survival analysis,
spatial statistics, neural networks, and so on. So, if a specic problem is not covered
in the presen guide, you should be ableto nd the answer in one of the books given
in Section1.3.5; especially in the books by Venablesand Ripley (1999, Modern Applied
Statistics with S-Plus; 2000,S Programming); see

http://www.stats.ox.ac.uk  /pub/MASS3/
or

http://www.stats.ox.ac.u  k/pub/MASSBESpr og/
You will nd on this page additional exercises,ncluding selectedanswers, and on-line
complemers of their book. Moreover, the authors have written se\eral software libraries
which enhanceS-PLus; theseand all the data setsusedare available aswell. An up-to-
date list of texts and bookson S and S-PLus is:

http://www.insightful.co m/resour ces/ bibl io. html

If you really should not nd what you are searding for, post your query to the S-news
mailing list or consult its archive:

http://www.biostat.wustl. edu/s-n ews/
Finally, note that the new version of S-PrLus, S-Prus 6 for Solaris and Linux, is in

its beta stage. New featuresin S-PLus 6 include Java-basedgraphical userinterface,and
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Java connectivity; multiple imputation library for analysisof data with missing values;
and a new robust statistics library.
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