FOURTH EDITION

Applied Statistics
and the SAS
Programming Language

Ronald P. Cody

ROBERT WOOD JOHNSON MEDICAL SCHOOL

Jeffrey K. Smith

AUTGERS UNIVERSITY

PRENTICE HALL, Upper Saddle River, New Jersey 07458




Library of Congress Cataloging-in-Publication Data

Cody, Ronald P.
Applied statistics and the SAS programming language / Ronald P
Cody, Jeffrey K. Smith - 4thed.
5 cnl.
Includes bibliographical references (p. - ) and index.
ISBN 0-13-743642-4 (pbk.)
1. SAS (Computer file) 2. Mathematical statistics-Data
processing. 1. Smith, Jeffrey K. 1L Tidle.
QA2764.C53 1997
519.5'0285'5369-dc2L 97-1737
CIp

Acquisition editor: Ann Heath

Editorial assistant: Mindy Ince

Editorial director: Tim Bozik

Editor-in-chief: Jerome Grant

Assistant vice president of production and manufacturing: David W, Riccardi
Editorialfproduction supervision: Nicholas Romanelli
Managing editor: Linda Mihatov Behrens

Executive managing editor: Kathleen Schiaparelli
Manufactuting buyer: Alan Fischer

Manufactuting manager. Trudy Pisciotti

Marketing manager: Melody Marcus

Marketing assistant: Jennifer Pan

Creative director: Paula Maylahn

Cover designer: Jayne Conte

=E ©1997,1991 by Prentice-Hal, Inc.
= Simon & Schuster/A Viacom Company
= Upper Saddle River, New Jersey 07458

SAS is a registered trademark of SAS Institute, Inc., Cary, North Carolina

All rights reserved. No part of this hook may be reproduced, in any

form or by any means, without permission in writing from the publisher.

Cover illustration: From the manuscripts of Leonardo DaVinci; published by

Charles Raviasson-Mollien, 6 vols,, Paris, 1881-91.
Back cover photo of Ron Cody by Russ Cody.

Printed in the United States of America

09876

ISBN: 0-13-743kLY42-Y4

Prentice-Hall, International (UK) Limited, London
Prentice-Hall of Australia Pty. Limited, Sydney
Prentice-Hall Canada, Inc., Toronto

Prentice-Hall Hispanoamericana, S.A., Mexico
Prentice-Hall of India Private Limited, New Delhi
Prentice-Hall of Japan, Inc,, Tokyo

Simon & Schuster Asia Pte. Ltd., Singapore

Editora Prentice-Hall do Brasil, Ltda., Rie de Janeiro

To our parents,

Ralph and Bettie Smith

and

Philip and Margaret Cody




Contents

Applied Statistics and SAS Software

Chapter 1 A SAS Tutorial 1

Chapter 2

Chapter 3

TOmmU 0w

Introduction 1

Computing with SAS Software: An Illustrative Example 2
Enhancing the Program 7

SAS Procedures 10

Overview of the SAS Data Step 13

Synté;( of SAS Procedures 13

Comment Statements 15

References 18

Describing Data 22

T OmmUNw>

Introduction 22

Describing Data 22

More Descriptive Statistics 26

Descriptive Statistics Broken Down by Subgroups 32

Frequency Distributions 34

Bar Graphs 35

Plotting Data 42

Creating Summary Data Sets with PROC MEANS and PROC UNIVARIATE 45
Outputting Statistics Other Than Means 33

Creating a Summary Data Set Containing a Median 54

Analyzing Categorical Data 58

TOmgmOnNw>

Introduction 58

Questionngire Design and Analysis 59

Adding Variable Labels 63

Adding “Value Labels” (Formats) 66

Recoding Data 70

Using a Format to Recode a Variable 73

Two-way Frequency Tables 75

A Short-cut Way of Requesting Multiple Tables 78




viii  Contents

- Computing Chi-square from Frequency Counts 79

- A Useful Program for Multple Chi-square Tables 80

McNemar's Test for Paired Data 81

Odds Ratios 83

Relative Risk 86

Chi-square Test for Trend 88

Mantel-Haenszel Chi-square for Stratified jsi
“Check All That Applyﬂ Questions 92e s maNe A %0

O ZE R e~

Chapter 4 Working with Date and Longitudinai Data 101

Introduction 101

Processing Date Variables 101

Longitudinal Data 106

Most Recent (or Last) Visit per Patient 109
Computing Frequencies on Longitudinal Data Sets 110

monw>

Chapter 5 Correlation and Regression 115

. Introduction 115

Correlation 115

Significance of a Correlation Coefficient 118
How to Interpret a Correlation Coefficient 119
Partial Correlations 120

Linear Regression 121

Partitioning the Total Sum of Squares 124
Plotting the Points on the Regression Line 125
Plotting Residuals and Confidence Limits 126
Adding a Quadratic Term to the Regression Equation 128
Transforming Data 129

Computing Within-subject Slopes 133

FR e ~TOmmUow>

Chapter 6 T-tests and Nonparametric Comparisons 138

Introduction 138

T-test: Testing Differences between Two Means 138
Random Assignment of Subjects 141

Two Independent Samples: Distribution Free Tests 143
One-tailed versus Two-tailed Tests 145

Paired T-tests (Related Samples) 145

MY 0w

Chapter 7  Anaiysis of Variance 150

A. Introduction 150
B. One-way Analysis of Variance 150

Zommon

Contents  ix

Computing Contrasts 158

Analysis of Variance: Two Independent Variables 159
Interpreting Significant Interactions 163

N-way Factorial Designs 170

Unbalanced Designs: proc Gy 171

Analysis of Covariance 174

Chapter 8 Repeated Measures Designs 181

oY 0w

[]

Introduction 181

One-factor Experiments 182

Using the REPEATED Statement of PROC ANOVA 168

Two-factor Experiments with a Repeated Measure on One Factor 189
Two-factor Experiments with Repeated Measures on Both Factors 197
Three-factor Experiments with a Repeated Measure on the Last

Factor 202
Three-factor Experiments with Repeated Measures on Two Factors 209

Chapter @ Muitipie-Regression Analysis 221

mmUOm>

Chapter 10

Chapter 11

Introduction 221

Designed Regression 226

Nonexperimental Regression 226

Stepwise and Other Variable Selection Methods 228
Creating and Using Dummy Variables 234

Logistic Regression 235

Factor Analysis 250

Introduction 250

Types of Factor Analysis 250

Principal Components Analysis 251
Oblique Rotations 258

Using Communalities Other Than One ~ 259
How to Reverse Item Scores 262

o 0w

Psychometrics 265

Introduction 265

Using SAS Software to Score a Test 265

Generalizing the Program for a Variable Number of Questions 268
Creating a Better Looking Table Using PROC TABULATE 210

A Complete Test Scoring and [tem Analysis Program 273

Test Reliability 276

Interrater Reliability 277

QmmYOm P>




x  Contents

Chapter 12

Chapter 13

Chapter 14

Chapter 15

SAS Programming

———————

The SAS INPUT Statement 280

. Introduction 280

List Directed Input: Data values separated by spaces 280
Reading Comma-delimited Data 281

Using iNFORMATS with List Directed Data 282

Column Input 283

Pointers and Informats 284

Reading More than One Line per Subject 285

Changing the Order and Reading a Column More Than Once 286
Informat Lists 286

“Holding the Line"—Single- and Double-trailing @s 287
Suppressing the Error Messages for Invalid Data 288
Reading “Unstructured” Data 289

FR =T OmmoNw >

External Files: Reading and Writing Raw and System Files 298

Introduction 298

Data in the Program Itself 298

Reading ASCII Data from an External File 300

INFILE Options 302

Writing ASCIl or Raw Data to an External File 304
Creating a Permanent SAS Data Set 305

Reading Permanent SAS Data Sets 307

How to Determine the Contents of a SAS Data Set 308
Permanent SAS Data Sets with Formats 309

Working with Large Data Sets 311

=T OmmYUNw >

Data Set Subsetting, Concatenating, Merging, and Updating 319

Infroduction 319

Subsetting 319

Combining Simitar Data from Multiple SAS Data Sets 321
Combining Different Data from Multiple SAS Data Sets 321
“Table Look up* 324

Updating a Master Data Set from an Update Data Set 326

Mmoo O®m >

Working with Arrays 329

Introduction 329

Substituting One Value for Another for a Series of Variables 329
Extending Example 1 to Convert All Numeric Vatues of 999 to
Missing 331

D. Conyerting the Value of N/A {Not Applicable) to a Character Missing
Value 332

O m >

Chapter 16

Chapter 17

Chapter 18

= O o M

Contents  xi

Converting Heights and Weights from English to Metric Units 333
Temporary Arrays 334

Using a Temporary Array to Score a Test 336

Specifying Array Bourds 338

Temporary Arrays and Array Bounds 338

Implicitly Subscripted Arrays 339

Restructuring SAS Data Sets Using Arrays 343

& >

Introduction 343

Creating a New Data Set with Several Observations per Subject from a
Data Set with One Observation per Subject 343

Another Example of Creating Multiple Observations from a Single
Observation 345

Going from One Observation per Subject to Many Qbservations per
Subject Using Multi-dimensional Arrays 347

Creating a Data Set with One Observation per Subject from a Data
Set with Multiple Observations per Subject 343

Creating a Data Set with One Observation per Subject from a Data
Set with Multiple Observations per Subject Using a Multi-dimensional
Array 350

A Review of SAS Functions:
Partl. Functions other than character functions 353

mY o w>

™

Introduction 353

Arithmetic and Mathematical Functions 353

Random Number Functions 3355

Time and Date Functions 3356

The ivput and puT Functions: Converting Numerics to Character, and
Character to Numeric Variables 358

The Lac and piF Functions 360

A Review of SAS Functions:
Partll. Character Functions 364

o~ T

OmmYOwm>

Introduction 364

How Lengths of Character Variables Are Set in a SAS Data Step 364
Working with Blanks 367

How to Remove Characters from a String 368

Character Data Verification 368

Substring Example 369

Using the susstr Function on the Left-hand Side of the Equal Sign
370

Doing the Previous Example Another Way 371

Unpacking a String 372

Parsing a String 373

Locating the Position of One String within Another String 373




xii  Contents

L. Changmg Lower Case to Upper Case and Vice Versa 374
M. Subst}tu[ing One Character for Another 375 ‘
N. Substituting One Word for Anotherina String 376

0. Concatenating (Joining) Strings 377 )

P Soundex Conversion 378

Preface to the Fourth Edition

Chapter 19 Seiected Programming Exampies 382

T Ommo W

. Introduction 382

. Express?ng Data Values as a Percentage of the Grand Mean 382
-+ LXPIessing a Value as a Percentage of a Group Mean 384
. Plotting Means with Error Bars 385

Using a Macro Variable to Save Coding Time 386
(Clomputmg Relative Frequencies 387
omputing Combined Frequencies on Diffe 1
i rent Vz
Computlng aMoving Average 391 bl 5
Sorting within an Observation N
Computing Coefficient Alphs (or kr-20) in 2 Data Step 393

Chapter 20 Syntax Exampies 395

. Introduction 395

Problem Solutions 404

Index 439

When we began creating this fourth edition, several facts were clear: First, SAS soft-
ware contintes to evolve and improve. Second, our programming techniques have
also improved, Third, several statistical techniques (such as logistic regression} have
become popular and required coverage in this editior.

We have met many readers of earlier editions at meetings and conferences and
were delighted to hear good things and constructive criticisms of the book. These we
have taken to heart and attempted to improve old material and add relevant new
topics. This fourth edition is the result of such reader reaction.

Most researchers are inherently more interested in the substance of their re-
search endeavors than in statistical analyses or computer programming. Yet, con-
ducting such analyses is an integral link in the research chain (all too frequently, the
weak link). This condition is particularly true when there is no resource for the ap-
plied researcher to refer to for assistance in running computer programs for staisti-

[1; PROC AxOVA. 106 1]\71 PROC LOGISTIC 400 4 0K ! ms
C. rrocasm 19 v PROCMEANs 400 cal apalyses. Apglzed Statistics aM the SAS Pfogrammmg Langztc{ge is mtended.to
D. rroccarr 396 O' PROC NPARTWAY 401 provide the appl.led researc_her with the capacity to pgrform stanstlcal‘analyses with
E. rroccontens 397 P PROCPLOT 401 SAS software w?thout wading through pages of technical documentation.

F pRoCCORR 397 o :: ‘;gg :‘;""T d01 The reader is provided with the necessary SAS statements to run programs for
G. proCDATASETs 397 R PROC REEK 433 ’ most commonly used statistics, explanations of the computer output, interpretations
H. procractor 308 S Procsor 403 of results, and examples of how to construct tables and write up results for reports

L rrocrorMaT 398 T rrocTiEST 403 and journal articles. Examples have been selected from business, medicine, educa-

J. PrROCFREQ 399 U PROCUNIVARIATE 403 tion, psychology, and other disciplines.

K. rrocony 399 ‘ SAS software is a combination of a statistical package, a data-base manage-

ment system, and a high-level programming language. Like SPSS, BMDP, Systat,
and other statistical packages, SAS software can be used to describe a collection
of data and produce a variety of statistical analyses. However, SAS software 1s
much more than just a statistical package. Many companies and educational insti-
tutions use SAS software as a high-level data-management system and program-
ming language. It can be used to organize and transform data and to create
reports of all kinds. Also, depending on which portions of the SAS system you
have installed in your computer (and what type of computer system you are run-
ning), you may be using the SAS system for interactive data entry or an on-line
system for order entry or retrieval.

This book concentrates on the use of the SAS system for the statistical analysis
of data and the programming capabilities of SAS software most often used in edu-
cational and research applications,

The SAS system is a collection of products, available from the SAS Institute in
Cary, North Carolina. The major products available from the SAS Institute are:
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Base SAS ® The main SAS module, which provides some data manipula-
tion and programming capability and some clementary de-
Scriptive statistics

SASISTAT ® The SAS product that includes all the statistical programs ex-
cept the elementary ones supphied with the base package

SASIGRAPH® A package that provides high-quality graphs and maps. Note
that “line graphics” (the graphs and charts that are produced
by normal character plats) are available in the base and
SAS/STAT packages. SASIGRAPH adds the ability to pro-
duce high-quality camera-teady graphs, maps, and charts,

SASFFSP® These initials stand for the Full Screen Product, This package
allows you to search, modify, or delete records directly from a
SAS data file. It also provides for data entry with sophisticated
data checking capabilities. Procedures available with Fsp are
FSBROWSE, FSEDSIT, FSPRINT, FSLIST, and FSLETTER,

SAS/AF @ AF stands for the SAS Applications Facility. This product is
used by data processing professionals to create “turn key” or
menu systems for their users. It is also used 10 create instruc-
tional modules Telating to the SAS system,

SAS/ETS ® The Econometric and Time Series package. This package con-
tains specialized programs for the analysis of time series and
econometric data.

SAS/OR ® A series of operations research programs,

SAS/QC® A series of programs for quality control.

SASIML ® The Interactive Matrix Language module, The facilities of

IML used to be included in proc MATRIX in the version 5 re-
leases. This very specialized package allows for convenient ma-
trix manipulation for the advanced statistician,

SAS, SAS/STAT, SAS/GRAPH, SAS/FSP, SASIAF, SAS/ETS, SAS/OR,
SAS/QC, and SAS/ML are Tegistered trademarks or trademarks of SAS Institute
Inc.in the USA and other countries. ® indicates USA Tegistration.

SAS software now runs on a variety of computers, from personal computers to
large multimillion dollar mainframes. The original version of the SAS system was
written as a combination of PL/1 and IBM assembly language. Today, SAS software
runs under Windows and Windows 95 on IBM compatible minicomputers, on most
Macintosh computers under UNIX on a large number of minicomputers and work-
stations, on IBM computers under a variety of operation systems, on Digital Equip-
ment VAX computers, and others tao numerous to mention. The major reason far the
ability of SAS software to run on such a variety of machines is that all SAS software

largest (and most suceessful) programming Projects ever undertaken. To migrate the
SAS system to another computer or operating system, only a small system-dependent
portion of code needs to be rewritten, The result is that new versions of SAS software

Preface  xv
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are made available for all computers very quickly, and the versions of SAS system
ike.
one computer to another are much ah' ‘ )
{mmLearning 50 program is a skill that is difficult to teac{l welll. Whlle tyoxr?tglyir:l(i
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A. Introduction

For the novice, engaging in statistical analysis of data can seem as appealing as going
to the dentist. If that pretty much describes your situation, perhaps you can take
comfort in the fact that this is the fourth edition of this book—meaning that the first
three editions sold pretty well, and this time we may get it right. Our purpose for this
tutorial is to get you started using SAS software. The key objective is to get one pro-
gram to run successfully. If you can do that, you can branch out a little bit at a time.
Your expertise will grow.

The SAS System is a combination ‘of programs originally designed to perform
statistical analysis of data. Other programs you may have heard of are SPSS,BMDY,
or SYSTAT. If you look at personal computer magazines, you might run across other
programs, primarily designed to'run on personal computers. Since its inception, the
SAS system has grown to where it can petform a fairly impressive array of nonsta-
tistical functions. We'll get into a lttle of that in later chapters. For now, we want to
learn the most basic rudiments of the SAS system. If you skipped over it, the Preface
to the fourth edition contains some history of SAS software development and a
more complete overview of the capabilities of SAS software.

To begin, SAS software runs on a wide variety of computers and operating
systems (computer people call these platforms), and we don’t know which one
you have. You may have an IBM compatible personal computer running Windows
or, perhaps, Windows 95. You may have a Macintosh computer, or you may be
connected to a network or a mainframe computer by way of a modem or network
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connection. You may only have a sophisticated VCR, which you think is a com-
puter. If you are unsure of what Platform you are using or what version of SAS
software you are using, ask someone. As a matter of fact. right now would be a
good time to invite the best computer person you know to Junch. Have that per-
son arrive at your office about an hour before lunch so you can g0 over some
basic elements of your system. You need to find out what is necessary on your
computer to get the SAS system running. What we can teach you here is how to
use the SAS system, and how to adapt to your computer system.

It you are running on a mainframe, you may well be submitting what are called
“batch” jobs. When you run batch jobs, you send your program (across a phone
line or a network from your personal computer or terminal) to the computer. The
Computer runs your program and holds it until you ask for it or prints out the re-
sults on 2 high-speed printer. You may even need to learn some Job Control Lap-
guage (which you have to get from your local computer folks), and then you can
proceed.

If you are running on a personal computer, or running in what is called interac-
tive mode on a minicomputer or mainframe, then you need to learn how to use the
SAS Display Manager. The look and feel of SAS once you are in the Display Man-
ager is pretty much the same whatever platform you are using. If you are un-
daunted, take a deep breath and plunge into the real content in the next section. If

you are already daunted, take a minute and get that lunch scheduled, then come
back to this.

B. Computing with SAS Software: An Hlustrative Example

SAS programs communicate with the computer by SAS “statements” There are
several kinds of SAS statements, but they share a common feature—they end in a
semicolon. A semicolon in a SAS program is like a period in English. Probably the
most common error found in SAS programs is the omission of the semicolon. This
omission causes the computer o read two statements as a run-on statement and in-
variably fouls things up.

SAS programs are comprised of SAS statements. Some of these statements
provide information to the systent, such as how many lines to print on a page and
what title to print at the top of the page. Other statements act together to create
SAS data sets, while other SAS statements act tagether to run predefined statisti-
cal or other routines, Groups of SAS statements that define your data and create a
SAS data set are called a DATA step; SAS statements that request predefined rou-
tines are called a PROC (pronounced “prack”) step. DATA steps tell SAS pro-
grams about your data. They are used to indicate where the variables are on data
lines, what you want to call the variables, how 1o create new varjables from exist-
ing variables, and several other functions we mentjon later. PROC (short for PRO-
CEDURE) steps indicate what kind of statistical analyses to perform and provide

specifications for those analyses. Let’s look at an example. Consider this simple
data set:
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HOMEWORK
sENDER
SN%?\;IIIEEK (;M or F) EXAM1 EXAM! GRADE
10 M 80 84 .:
7 M 8s 89 ,
4 F 90 86 g
20 M 8 85 :
25 F 94 94 .
14 F 88 84

M2
We have five variables (SUBJECT I\iUMBinGEI\iIl))JIZi; %(;Axlz ,0 l?zl(nf:lwis,
lected for each of six . 3
and HOMEWORK GRADE) col och f s sbjecs e uny L arals
i le, is called an observation in SAS termimology.
B o rible™ h piece of information we collect for each ob-
uses the term “variable” to represent each pie o collea forach o
i i S program, we need to assign a
servation. Before we can write our SA gra, : e ameto
i h one variable from anothe:
h variable. We do this so that we can qmmgms !
Z?)Cingviomputations or requesting statistics. SAS variable nl?mes n;]lis; }f;[;f;;rsl g; ﬁ
i : it a letter, be not more than eigl
few simple rules: They must start wit .t A
Is) in length, and cannot contain blanks o : :
Iercsh(;rs Icl:)lﬁllfnr:s zelmicolins, etc. (The underscore character (_) is a valid chzliractﬁlr f(:
SS‘jAS variable n.';mes and can be used to make variable nameiE I;(Xiqr?’djieﬁ)o[ v:id
i “ UMBER,” or “
column headings of “SUBJECT N s : :
fS(Xeé \(r):rriable names. Logical SAS variable names for this collection of data would be

E
SUBJECT GENDER EXAM1 EXAM2 HWGRAD!

It is prudent to pick variable names that help you r_emem\t;erv;hl\Zl; Ir;;m\? Agﬁe;
with which variable. We could have named our five variables " VAR1 St;nds for,
VAR, and VARS, but we woulfd tllllen have to remember thal
“ BER,” and so forth. .

SU’II?OJ %ngnl,\lllejx say we are interested only in getting the class meﬁf{l f;xerrtsh; ::vg
exams. In reality it’s hardly worth using a con}puter to a(;id UF Stl}}l(e followj[{g "
does provide a nice example. In order to do this, we could write

program:

 TEST; () 'GENDER § 4 EXAML 6-8 EXAM2 10-12
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The first four lines make up the DATA step. In this example, the DATA step be-
gins with the word DATA and ends with the word DATALINES. Older versions of
SAS software used the term CARDS instead of DATALINES, Either term is still
valid. (If you don't know what computer card is, ask an old person.) Line @) tells
the program that we want to create 4 SAS data set called TEST. The next two lines
@ show an INPUT statement which gives the program two pieces of information:
what 1o call the variables and where to find them on the data line. Notice that this
single SAS statement occupies two lines. The SAS system understands this is a single
SAS statement because there is a single semicolon at the end of it. The first variable
is SUBJECT and can be found in columns | and 2 of the data line. The second varj-
able is GENDER and can be found in column 4. The dollar sign after GENDER
means that GENDER is a character (alphanumeric) variable, that 15, a variable that
can have letters or numbers as data vajues, (More on this later.) EXAM? is in
columns 6-8 etc. The DATALINES statement @) says that the DATA statements are
done and the next thing the program should look for are the data themselves. The
next six lines are the actual data, In this example, we are including the data lines di-
tectly in the program, Later on in this book, we will show you how to read data from
external files.

Great latitude is possible when putting together the data lines, Using a few rules
will make life much simpler for you. These are not laws; they are just suggestions.
First, put each new observation on a new line, Having more than one line per obser-
vation is often necessary (and no problem), but don’t put two observations on one
line (at least for now). Second, line up your variables. Don't put EXAMI in columns
6-8 on one line and in columns 9-11 on the next, SAS software can actually handle
some degree of sloppiness here, but sooner or later itll cost you. Third, right-justify
your numeric data values. If you have AGE as a variable, record the data as follows;

Correct Problematic
87 87
42 42
9 9
26 26
4 4
Right-justified  Leftjustificd

Again, SAS software doesn’t care whether you right-justify numeric data or not,
but other statistical programs will, and right justification is standard. Fourth, use
character variables sparingly. Take HWGRADE, for example. We have HW-
GRADE recorded as a character value, But we could have recorded it as 04 (O=F
1= D, etc). As it stands, we cannot compute a mean grade. Had we coded HW-
GRADE numerically, we could get an average grade. Enough on how to code data
for now.

Back to our example. A SAS program knows that the data lines are completed
when it finds a SAS statement or a single semicolon. When you include your data
lines in the program, as in this example, we recommend placing a single semicolon
on the line directly below your last line of data. The next SAS statement @ is a
PROC statement. PROC says “Run a procedure” to the program, We specify which

Section B / Computing with SAS Software: An lliustrative Example &

right after the word PROC. Here we are running a procgdure called
i/;OEC;(I{IuSr.eFol%owing the procedure name (MEANS), \‘ve.plaoe the option DATI.I\Z
and specify that this procedure should compute statistics on the de:lta set cz:i i
TEST. In this example, we could omit the option DATA;TEST, and t esgjl{(;;e uce—
would operate on the most recently created SAS data set, in this casg,TE .We red.
ommend that you include the DATA= option on every procedure since, m1 lmore anv
vanced SAS programs, you can have procedures that create data sets aslwe a; msz‘a1 i
data sets “floating around.” By including thezj DAT?: option, you can always be

is operating on the correct data set. ‘

your’[%?;/el(lji‘zﬁ;\;; ;Ir)gcedurge calculates the mean for any variables you spec1fy. Tlhe
RUN statement @) is necessary only when SAS programs are run under the l?lsp ﬁy
Manager. The RUN statement tells SAS that there are no more statentllents or etr el
preceding procedure and to go ahead and do the calculations. If we have severa
PROCs in a row, we only need a single RUN statement at the end of thg lf)rog[{elljnlii
However, as a stylistic standard, we prefer to enq every procedure with a "
statement and to separate procedures by a blank line to make the programs mo
fead&?}:n this program is executed, it produces something called the SAS LOG and
the SAS OUTPUT. The SAS LOG is an annotated copy of yfn’lr original p.rogrsn;
(without the data listed). It’s a lot like a phone boqk: Usually it’s pretty borm.gl,l U
sometimes you need it. Any SAS error messages will be found there, a.long wit in-
formation about the data set that was created. The SAS LOG for this program is
shown below:

NOTE: Copyright (c) 1989-1995 by SAS Institute Inc., Cary, NC, USA.
NOTE: SAS (r) Proprietary Software Release 6.11 TS020

Licensed to RON CODY/ROBERT WOOD JOHNSON MEDICAL SCHOOL, Site XXX.

NOTE: Release 6.11 of the SAS(R) System for Windows(R).

NOTE: AUTOEXEC processing completed.

1
DATA TEST; i
3 INPUT SUBJECT 1-2 GENDER § 4 EXAM1 6-8 EXAM2 10-12
4 HWGRADE § 14;
5 DATALINES;

NOTE: The data set WORK.TEST has 6 observations and 5 variables.
NOTE: The DATA statement used 0.27 second.

13 PROC MEANS DATA=TEST;
14 RUN;

NOTE: The PROCEDURE MEANS used 0.17 second.
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The more important part of the output is found in the OUTPUT window if vou
are using the Display Manager. It contains the results of the computations and pro-

cedures requested by our PROC statements. This portion of the output from the
program above is shown next:

Variable N

13.3333333 7.9916623 4.0000000 25.0000000

86.5000000 5.2057660 80.0000000 94.0000000
87.0000000 3.8987177 84.0000000 94.0000000

If you don’t specify which variables you want, SAS software will calculate the
mean and several other statistics for every numeric variable in the data set. Our pro-
gram calculated means for SUBJECT, EXAMI, and EXAM2. Since SUBJECT is
just an arbitrary ID number assigned to each student, we aren’t really interested in

its mean. We can avoid gelting it (and using up extra CPU cycles) by adding a new
statement under PROC MEANS:

The indentation used is on}
which variables to run PROC MEANS. PROC MEANS not only gives you

y a visual aid. The VAR statement ® specifies on

means, it gives you the number of observations used to compute the mean, the

standard deviation, the minimum score found, and the maximum score found.
PROCMEANS can compute many other statistics such as variance and standard

error. You can specify just which pieces you want in the PROC MEANS state.
ment. For example:

will get you only the number of observa
{MEAN), standard deviation (STD), and standard error (STDERR) for the vari-

tions with o missing values (N), mean

ables EXAM1 and EXAM?2. In addition, the statistics will be rounded to one deci-
mal place (because of the MAXDEC=1 option). Chapter 2 describes most of the
commonly requested options used with PROC MEANS.
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C. Enhancing the Program

i i i ith a
The program as it is currently written provides some usefu'l 1[;2(:[221302 bdutv,v I\:ilstﬂes
i { “bells and whistles” on it. The bells an '
little more work, we can put some g whiste
version below adds the following features: It computes a ﬁnaldgr:;de, gll(l);c}tlhxz [eﬁna]
o .
{ scores; it assigns a letter grade bas :
let be the average of the two exam ; o gradebasedon et e
it i in student number order, showing their ,
score; it lists the students in , roam sores et
/ des; it computes the class averag :
final grades and homework grades, . m and
final ggrade and a frequency count for gender and home_work grade; finally, it g
you a cup of coffee and tells you that you are a fine individual.

DATA EXAMPLE; @
INPUT SUBJECT GENDER § EXAM1 EXAM2
HWGRADE §;
2;: @
INAL = (EXAM1 + EXAM2) / 2; .
ir FINAL GE 0 AND FINAL LT 65 THEN GR?DEE;E'I: Gm@g o,
NAL LT 75 T ='C'y
ELSE IF FINAL GE 65 AND FI =0
© ELSE IF FINAL GE 75 AND FINAL LT 85 THEN GRADE='B';
ELSE IF FINAL GE 85 THEN GRADE='A';
DATALINES;
104 80 B84 A
7K 8 B9 A
4F 90 86B
20 82 85 B
25F 94 942
14F 8 84¢C

;

PROC SORT DATA-EXAMPLE; ()
BY SUBJECT;

RON; @

Pnogliizangzzz;Emﬁc’len;@ Number Order';
\iiks:BX;];iTéXAMZ FINAL HWGRADE GRADE;

RON;

PROC NEANS DATA=EXAMPLE ¥ MEAN STD STDERR MAXDEC=1; @)

‘TITLE : Descr;ptive Stgtistics';

VAR EXAM1 EXAMZ PINAL;

-RUN

PROC/FREQ DATASEXAMPLE; '®)

TABLES GENDER HWGRADE: GRADE;

i ] isani ion
As before, the first four lines constitute our DATA step. anf E@ Xl; %EEIEC(IR "
‘ data set whose data set name 1§ " (R
for the program to create a _ It
llow the same conventions as varial
member that data set names fo | . - N
@ is an INPUT statement which is different from the one in the previous examp
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We could have used the same INPUT statement as in the previous example but
wanted the opportunity to show you another way that SAS programs can read data.
Notice that there are no column numbers following the variable names.

This form of an INPUT statement is called list input. To use this form of
INPUT, the data values must be separated by one or more blanks (or other separa-
tors which computer people call delimiters). If you use one of the other possible de-
limiters, you need to modify the program accordingly (see Chapter 12, Section C).
The order of the variable names in the st corresponds to the order of the values in
the line of data. In this example, the INPUT statement tells the program that the
first variable in each line of data represents SUBJECT values, the next variable is
GENDER, the third EXAM1, and so forth, [f your data conform to this “space-
between-each-variable” format, then you don’t have to specify column numbers for
each variable listed in the INPUT statement. You may want to anyway, but it isn’t
necessary. (You still have to follow character variable names with a dollar sign.) If
you are going to use “list input,” then every variable on your data lines must be
listed. Also, since the order of the data values is used to associate values with vari-
ables, we have to make special provisions for missing values. Suppose that subject

number 10 (the first subject in our example) did not take the first exam. If we listed
the data like this:

10K 84 2

with the EXAMI score missing, the 84 would be read as the EXAM score, the pro-
gram would read the letter “A” as a value for EXAM? (which would cause an error
since the program was expecting a number), and, worst of all, the program would
look on the next line for a value of homework grade. You would get an error mes-
sage in the SAS LOG telling you that you had an invalid value for EXAM? and that
SAS went to a new line when the INPUT statement reached past the end of a line,
You wouldn’t understand these error messages and might kick your dog,

To hold the place of a missing value when using a list INPUT statement, use a
period 0 represent the missing value, The period will be interpreted as a missing
value by the program and will keep the order of the data values intact, When we
specify columns as in the first example, we can use blanks as missing values. Using
periods as missing values when we have specified columns in our INPUT statement

is also OK, but not recommended. The correct way to represent this line of data, with
the EXAMI score missing, is;

10K, 842

Since list input requires one or more blanks between data values, we need at
least one blank before and after the period. We may choose to add extra spaces in
our data to allow the data values to line up in columas,

Line ) is a statement assigning the average of EXAM! and EXAM? to a vari-
able called FINAL. The variable name “FINAL” must conform to the same naming
conventions as the other variable names in the INPUT statement. In this example,
FINAL is calculated by adding together the two exam scores and dividing by 2, No-
tice that we indicate addition with a + sign and division by a / sign. We need the
parentheses because, just the same as in handwritten algebraic expressions, SAS
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computations are performed according to a hierarchy, Multipligation and division
are performed before addition and subtraction. Thus, had we written:

FINAL = EXAM1 + EXAM2 / 2;

the FINAL grade would have been the sum of the EXAMI score and half of
EXAM2. The use of parentheses tells the program to add the two exain scores .ﬁrst,
and then divide by 2. To indicate multiplication, we use an asterisk (*); to m.dlc.ate
subtraction, we use a - sign. Exponentiation, which is performed before mglllpllca-
tion or division, is indicated by two asterisks. As an example, to compute A times the
square of B we write:

X = A % B**2;

The variable FINAL was computed from the values of EXAMI and lEXAMZ.
i it di he variables whose values were
That does not, in any way, make it different from t '
read in from the raw data. When the DATA step is finished, the SAS prpcedures that
follow will not treat variables such as FINAL any differently from variables such as
EXAMI and EXAM2. _

The IF statement @ and the ELSE IF statements @ are logical statements that
are used to compute a letter grade. They are fairly easy to ur_lderstand.When the con-
dition specified by the IF statement is true, the instrucnops f(_allowmg the word
THEN are executed. The logical comparison operators used in thls'example are GE
(greater than or equal to) and LT (less than). So, if a FINAL score is greater than or
equal to{, and less then 65, a letter grade of ‘F is assigned. The ELSE statements are
only executed if a previous IF statement is not true. For example, if a_FINAL gr'ade
18 73, the first IF statement () is not true, so the ELSE IF statement § 1s_tested. Since
this statement is true, a GRADE of ‘C’ is assigned, and all the following ELSE IF
statements are skipped. ' '

Other logical operators and their equivalent symbolic form are shown in the

table below:

Expression  Symbol Meaning
EQ = Equal
LT < Less than
LE <= Less than or equal
GT > Greater than
GE >= Greater than or equal
NE A= Not equal
NOT A Negation

Note: The symbols for NOT and NE may vary,
depending on your system.

The “DATALINES” statement @) indicates that the DATA step is complete and

that the following lines contain data. ‘ ‘ '
Notice that each SAS statement ends with a semicolon. As menlxpned before,
the semicolon is the logical end of a SAS statement. We could have written the first

four lines like this:

h
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DATA EXAMPLE; INPUT SUBJECT GENDER $
EXAM1 EXAM2 HWGRADE $; PINAL =
(EXAM1 + EXAM2) / 2;

The program would still run correctly, Using a semicolon as a statement delim-
tler is convenient since we can write long SAS statements on several lines and sim-
ply put a semicolon at the end of the statement. However, if you omit a semicolon
atthe end of a SAS statement, the program will attempt to read the next statement
as part of previous statement, causing an error. This mmay not only cause your pro-
gram to die, it may result in a bizarre error message emanating from the SAS sys-
tem. Omission of one or more semicolons is the most common programming error
for novice SAS programmers. Remember to watch those semicolons! Notice also
that the data lines, since they are not SAS statements, do not end with semicolons,
In fact, under most usual circumstances, data are not allowed to contain semicolons,

Following the DATALINES statement are our data lines. Remember that if you
have data that have been placed in preassigned columns with no spaces between the
data values, you must use the form of the INPUT shown earlier, with column specfi-
cations after each variable name. This form of data is discussed further in Chapter 12,
We have used a RUN statement to end every procedure. Each RUN statement tells
the system that we are finished with a section of the program and to do the compu-
tations just concluded. Remember, when using the Display Manager, only the last

RUN statement is absolutely necessary; the others are really only a matter of pro-
gramming style,

D. SAS Procedures

Immediately following the data is a series of PROC:s. They perform various func.
tions and computations on SAS data sets. Since we want a list of subjects and scores
in subject order, we first include a SORT PROCEDURE @.,®.and @ Line @) indi-
cates that we plan to sort our data set; line @ indicates that the sorting will be by
SUBJECT number, Sorting can be multileve] if desired. For example, if we want sep-
arate lists of male and female students in subject number order, we write:

PROC SORT DATA=EXAMPLE;
BY GENDER SUBJECT;
RUN;

This multilevel sort indicates that we should first sort by GENDER (Fs fol-

lowed by M's—character variables are sorted alphabetically), then in SUBJECT
order within GENDER,
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The PRINT procedure @ requests a listing pf our data (whlgh is no:\j' in
SUBJECT order). The PRINT procedure is used to hst'the datavaluesina S;\S ata
set. We have followed our PROC PRINT statement with three st,alements that Slf
ply information to the procedure. These are the TITLE, ID,and V AR state(x)né:nts. : s
with many SAS procedures. the supplementary statements following a PROC can be
placed in any order. Thus:

PROC PRINT DATA=EXAMPLE;
ID SUBJECT; -
TITLE 'Roster in Student Number Order';
VAR EXAM1 EXAM2 FINAL HWGRADE GRADE;
RON;

is equivalent to

'BROC PRINT DATAEXAMPLE;
TITLE 'Roster inm Student
ID. SUBJECT; . a
VAR EXAM1 EXAM2 FINAL HWGRADE GRADE;

RUN;

SAS programs recognize the keywords TITLE, ID,and VAR ar.1d ipterpret whqt
follows in the proper context. Notice that each statement ends with its own (sjem;l
colon. The words following TITLE are placed in single (or double) quotes anS [\}1113
be printed across the top of each of the SAS output pages. The ID vana_ble, ; -
JECT in this case, will cause the program to print the variable SUBJECT in thebrst
column of the report, omitting the column labgled OBS (obseryanon nﬁm f:r)
which the program will print when an ID variable is absent.Thfs variables fol owing
the keyword VAR indicate which variables, besides the ID variable, we wam }llntﬁur
report. The order of these variables in the list also controls the order in which they
appﬁ:ﬁgx;psogrlocedure @ is the same as the one we used previ(:usly. Finally,
the FREQ procedure  (vou're right: pronounced “PROC FREAK %rgq{x;;ttsi:
frequency count for the variables GENDER, HWGRADP;, an’d GRA .“ [he’
what is the number of Males and Females, the number of A's, B's, etF., as well as the
percentages of each category. PROC FREQ will compute frequencies for theij Yra/r;
ables listed on the TABLES statement. The reason that SAS uses the keyword TA-
BLES instead of VAR for this list of variables is that PROC FREQ can also produce
n-way tables (suchas 2 X 3 tables). ' '
Output from the complete program is shown below:
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Roster in Student Number Order

1
13:15 Wednesday, July 31, 1996

SUBJECT EXaM1 EXaM2 FINAL HWGRADE GRADE

30

8.0
7 85 89 87.0 : :
10 80 84 82.0 A B
14 88 84 86.0 c a
20 82 85 83.5 B B
25 94 94 94,0 A A

Deacriptive Statisticg 13:15 Wednesday, July 31, 1996 2

Y?ff?}f__}j_- Mean Std Dev Std Error

EXaM1 [ 86 ; ----------------------------
. 5.2

EXAM2 [ 87. 3.9 f:

FINAL 6 86. 4.2 1-7

Descriptive Statistics 13:15 Wednesday, July 31, 1996 3

Cumulative Cumulative
GENDER  Frequency Percent  Frequency Percent

Cumulative Cumulative
HWGRADE Frequency Percent Frequency Percent

A 3 5

ST R

c 1 16'7 : 0o
. 6 100.0

Cunulative Cumulative
GRADE  Frequency Percent  Frequency Percent

The first part of the output (the page number is shown a i
leach page) is the re§ult of the PROC PRINT o the sorted daia&sl:t.eétar:}in:oﬁlgr::l?sf
abeled wx!:h the variable name, Because we used an ID statement with SUBJECT
the ID variable, the left-most column shows the SUBJECT number instead of th das
fault OBS column, which would have been printed if we did not have an [D va 'eble-

Page 2 of the output lists each of the variables listed on the VAR statem, nta fi
produces the Tequested statistics (N, mean, standard deviation, and stand ; oo
all to the tenths place (because of the MAXDEC=1 option) , e
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Page 3 is the result of the PROC FREQ request. Notice that the title “Descrip-
tive Statistics™ is still printed at the top of each page. Titles remain in effect until the
end of the current SAS session or if you change it to another title line. This portion
of the listing gives you frequencies (the number of observations with particular val-
ues) as well as percentages. The two columas labeled “Cumulative Frequency” and
“Cumulative Percent” are not really useful in this example. In other cases, where a
variable represents an ordinal quantity, the cumulative statistics may be more useful,

E. Overview of the SAS DATA Step

Let’s spend a moment examining what happens when we execute a SAS program.
This discussion is a bit technical and can be skipped, but an understanding of how
$AS software works will help when you are doing more advanced programming,
When the DATA statement is executed, SAS software allocates a portion of a disk
and names the data set “EXAMPLE,” our choice for a data set name. Before the
INPUT statement is executed, each of the character and numeric variables is as-
signed a missing value, Next, the INPUT statement reads the first line of data and
substitutes the actual data values for the missing values. These data values are not
yet written to our SAS data set EXAMPLE but to a place called the Program Data
Vector (PDV). This is simply a “holding” area where data values are stored before
they are transferred to the SAS data set. The computation of the final grade comes
next @), and the result of this computation is added to the PDV. Depending on the
value of the final grade, a letter grade is assigned by the series of IF and ELSE IF
statements. The DATALINES line triggers the end of the DATA step, and the values
in the PDV are transferred to the SAS data set. The program then returns control
back to the INPUT statement to read the next line of data, compute a final grade,
and write the next observation to the SAS data set. This reading, processing, and
writing cycle continues until no more observations remain. Wasn't that interesting?

F Syntax of SAS Procedures

As we have seen above, SAS procedures can have options. Also, procedures often
have statements, like the VAR statement above, which supply information to the
procedure. Finally, statements can also have options. We will show you the general
syntax of SAS procedures and then illustrate it with some examples. The syntax for
all SAS procedures is;

ROC PROCNAME options;
> STATEMENTS / statement options;
- .

*
STATEMENTS / statement options;
2% RUN;
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First, all procedures start with the word PROC followed by the procedure name.
I there are any procedure options, they are placed, in any order, between the proce-
dure name and the semicolon, separated by spaces. If we refer to a SAS manual, under
PROC MEANS we will see a list of options to be used with the procedure, As men-
tioned, N\ MEAN, STD,STDERR. and MAXDEC= are some of the available options.
A valid PROC MEANS request for statistics from a data set called EXAMPLE, with
options for N, MEAN.and MAXDEC would be:

PROC MEANS DATA=EXAMPLE N MEAN MAXDEC=1;
RUN;

Next, most procedures need statements to supply more information about
which type of analysis to perform. An example would be the VAR statement used
with PROC MEANS, Statements follow the procedure, in any order. They each end
with a semicolon. So, to run the PROC MEANS statement above, on the variables
EXAMI and EXAM2, and to supply a title, we would enter:

PROC MEANS DATA=EXAMPLE N MEAN STD MAXDEC=1;
TITLE 'Descriptive Statistics on Exam Scores'; .
VAR EXAM1 EXAM2;

RUN;

The order of the TITLE and VAR statements can be interchanged with no
change in the results. Finally, some procedure statements also have options. State-
ment options are placed between the statement keyword and the semicolon and sep-
arated from the statement by a slash. To illustrate, we need to choose a procedure
other than PROC MEANS, Let’s use PROC FREQ as an example. As we saw,
PROC FREQ will usually have one or more TABLES statements following it. There
are TABLES options that control which statistics can be placed in a table. For ex-
ample, if we do not want the cumulative statistics printed, the statement option
NOCUM is used. Since this is a statement option, it is placed between the TABLES
statement and the semicolon, separated by a slash. The PROC FREQ Tequest in the
earlier example, modified to remove the cumulative statistics, would be:

PROC FREQ DATA-EXAMPLE;
TABLES GENDER HWGRADE GRADI
RUN} B

To demonstrate a procedure with procedure options and statement options,
we use the ORDER= option with PROC FREQ. This useful option controls the
order that the values can be arranged in our frequency table. One option is

r
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ORDER=FREQ, which enables the frequency table to be arranged in f.reqpency
order, from the highest frequency to the lowest. So, to rg(]_uest frequencies in de-
scending order of frequency and to omit cumulative statistics from the output, we
write our PROC FREQ statements as follows:

PROC FREQ DATA=EXAMPLE ORDER=FREQ;
TABLES GENDER HWGRADE GRADE/ NOCUM;
RUN;

G. Comment Statements

Before concluding this chapter, we introduce one of _the_ most important SAS
statements—the comment statement. (Yes, v_ve’re not kidding!) A proper.ly com(;
mented program indicates that a true professnone_ll is at work. A comment, u}:serte
in a program is one ot more lines of text that are ignored by the progran;]—t ey are
there only to help the programmer or researcher when he or she reads the program
d e' . .

" 'lIaT[l:e Ztre two ways (o insert comments into a SAS program. Ong is to write a
comment statement. Begin it with an asterisk (*) and end it with a semicolon. There
are many possible styles of comments using this method. For example:

ck>kk ébmﬁixte Reliaﬁility Coefficlents

‘September: 18, 1997
Prodram Name: FRED stored in directory C:\MYDATA

Contact Fred Cohen at 555-4567;

Notice the convenience of this conclusion. Just enter the * and type as many
lines as necessary, ending with the semicolon. Just make sure the comment statement
doesn’t contain a semicolon. Some programmers get fancy and make pretty boxes
for their comments, like this:

jer: Ron Cody
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Notice that the entire box is 4 SAS comment statement since it begins with ap
asterisk and ends in a semicolon. Notice also that the box literally cries out, “[ need
alifel”

You may also choose to comment individual lines by resorling to one of the fol-
lowing three ways;

QUES = 6 - QUES; *Transform QUES VAR;
X = LOG(X); *LOG Transform of X;

or

*Transform the QUES Variable;
QUES = § - QUES;

*Take the 10G of X;

X = LOG(X);

*True professonal at work;

or

*

*Transforn the QUES Variable

*;

QUES = 6 ~ QUES;
*

*Take the LOG of X
*o

¥

X = LOG(X);

L3

*True professonal at work
*.

i

The last example uses more than one asterisk to set off the comment, for visual
effect. Note however, that each group of three lines is a single comment statement
since it begins with an asterisk and ends with a semicolon,

Analternative commenting method begins a comment with a /* and ends with a
*1. This form of comment can be embedded within a SAS statement and can include

semicolons within the comment itself. Tt can occur any place a blank can occur, A
few examples:

/* This is a comment line */

or
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ing the slash star
This is & pretty comment box using a
method of commenting. Notice that it begims with
a slash star and ends with a star slash.

or

MPLE; /* The data statement */

UT SUBJECT GENDER §

EXAM1 /* EXAM1 is the first exam score */

/* EXEM2 is the second exam score */

E §;

EXAM1 i EXAM2)/2; /* Compute a composite grade */

Let us show you one final, very useful trick using a comment statement, blefore
concluding this chapter. Suppose you have writte_n aprogram ag(.i run severad pro-
cedures. Now, you return to the program and wish to run additional procedures,
You could edit the program, remove the old procedurfss, anfi add the new ones. Qr,
you could “comment them out” by preceding the section with a /* and ending with
a *, making the entire section a comment. As an example, our commented pro-
gram could Jook like this:

The print procedure is not executed since it is treated as a comment; the corre-
lation procedure will be run.
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One final point: when running a batch program on IBM mainframes under
MVS,a /* in columns 1 and 2 causes the program to terminate.

A few extra minutes are needed to comment a SAS program, but that time is
well spent. You will be thankful that you added comments to a program when it
comes time to modify the program or if you expect other people to understand how

your program works. To repeat, comments in your program take a little time but are
usually worth i,

H. References

One of the advantages of using SAS software is the variety of procedures that can be
performed. We cannot describe them all here nor can we explain every option of the
procedures we do describe. You may, therefore, want to obtain one or more of the
following manuals available from the SAS Institute Inc., Book Sales Department,

SAS Campus Drive, Cary, NC 27513-2414. The SAS Institute also takes phone or-
ders. Call (919)677-8000 or (800)727-3228.

SAS Language and Procedures: Introduction, Version 6, First Edition (order
number #P56074)

SAS Language and Procedures Usage, Version 6, First Edition (order number #P56075)

SAS Language and Procedures: Usage 2, Version 6, First Edition (order number
#P560078)

SAS Language: Reference, Version 6, First Edition {order number #P56076)
SAS Procedures Guide, Version 6, Third Edition (order number #P560080)

SAS/STAT User’s Guide, Version 6, Fourth Edition, Volumns 1 and 2 (order number
#P56045)

SAS/STAT Software: Changes and Enhancements through Release 6.11 (order number
#P55356)

SAS Programming by Example, by Ron Cody and Ray Pass (order number #P55126)
The SAS Workbook, by Ron Cody (otder number #P55473)
The SAS Workbook: Solutions, by Ron Cody (order number #P55475)

The SAS Workbook and Solutions (both books sold together at a discount), by Ron
Cody (order number #55594)

Below are some statistics books that we recommend:
Statistical Principles in Experimental Design, by B. J. Winer (McGraw-Hill, New
York, 1991)

Statistical Methods, by Snedecor and Cochran (lowa State University Press, lowa, 1980)
Multiple Regression in Behavioral Research: Explanation and Prediction, by Elazar J.
Pedhazur (Holt, Rinehart and Winston, New York, 1982)

Experimental Design in Psychology Research, by Edwards (Harper & Row, New
York, 1975)

Multivariate Statistics in Behavioral Research, by R. Darrell Bock (McGraw, New
York, 1975)

Problems

1-1. We have collected the following data on five subjects:

Grade Point  College Entrance

Average Exam Score

ID AGE  GENDER (GPA) (CSCORE)
1 18 M 37 650
2 18 F 20 490
3 19 F 33 580
4 23 M 28 530
5 2 M 35 640

(a) Write the SAS statements necessary to create 2 SAS data set. ' »

{b) Add the statement(s) necessary to compute the mean grade point average
mean college entrance exam score.

(c) We want to compute an index for each subject, as follows:

INDEX = GPA + 3 x CSCORE/500

Modify your program to comptite this INDEX for each stude_m and toprinta llxls_)t o(f} i::
dents in order of increasing INDEX. Include in your listing the student ID, .

CSCORE, and INDEX.
1-2. Given the following set of data:

Social Security  Annual
Number Salary  Age  Race
123874414 28,000 35 W
646239182 29,500 k) B
012437652 35,100 40 w
018451357 26,500 3l \4

y y and
(a) Createa SAS data set using the data above. Compute the average annual Sa’llz:Zng
average age. NoTE: Since you don't know yet how to read numericvalues co
commas, you may enter the values without commas.

i |
(b) If all subjects were in a 30% tax bracket, compute their taxes (ba_sed ;)ln a:ﬁi:l
salary) and print out a list, in Social Secuity number order, showing the a

salary and the tax.
1-3. What's wrong with the following program?

TAKE;
1D 1-3

19
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*14. A large corporation is interested in who js buying their product, What the CEQ wants

is a profile of the “typical buyer.” The variables collected on a sample of buyers are;
age, gender, race, income, maritg| status, and homeowner/ renter. Set up a layout for
the observations, and write a SAS program to obtain a profile of the “typical buyer.”
Nore: Slightly more difficult problems are preceded by an asterisk (¥).

HINTS AND COMMENTS:

(1) For vartables such as “homeowner,” it is easier to Temember what you have if you
let negative responses be 0 and positive responses be 1,

(2) When grouping numerical variables into Categories, make sure YOur grouping suits
Your needs and your data, For example, if your product is denture crea, a group-

ing of age,
=<2t 2=2135 3=3650 4=>5

is virtually useless. You know such people are mostly over 50, You might use group-
ings such as

1= <50, 2=5059 3=6069 4= >¢9,

1-5. Given, the data set:

ID  RACE spp DBP HR

001 W 130 80 60
002 B 140 2 70
003 w 120 70 64
004 w 150 %0 7%
005 B 14 86 7

(NoTe:SBP is systolic blood pressure, DBP i diastolic blood pressure, and HR is heart
1atg,)

Write the SAS statements to prodce a report as foliows:

Race and Hemodynamic Variables
D _RACE SBP ppp
003 w 120 70
005 B 124 86
001 w 130 80
002 B 140 L)
004 w 150 %

Nore: 1. To omit the default “OBS” column, use the PROC PRINT option NOOBS,
2 Dataisin increasing order of SBP
3. The variable HR is not included in the Teport,
4. The report has a title,
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1-6. Given the data set of problem 1-5, modify that program to compute the “average

blood pressure. {ABP) defined as a weighted average of the f‘iaStth'tl;]::]i xp;esssti:z
i . Since the heart spends more time in i
and the systolic blood pressure. Since , i elned ste
i iastoli is weighted two-thirds, and the systolic p
(diastole), the diastolic pressure is weigl e
is wei -thi fore, the average blood pressure ¢
is weighted one-third. Therefore, e tlond e o 1
iplyi jastoli by 2/3, and the systolic p
multiplying the diastolic blood pressure ) olic bl o 18
i { i ould be the diastolic pressure p!
d adding the two. An equivalent expression would be ressur g
fl?irdaof thi difference between the systolic and diastolic pressures, Using either defini
tion, add APB to the data set.
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A, Infroduction

Did you work the problems at the
think 0. S0, g0 back and do the
Broadcasting station,

One of the first steps for an
tive statistics for all the continy
dard deviation, you may wa
normality of distributions, and

end of Chapter 1 as we asked you? We didn't
m now,and then send in a check to your local Public

Y data analysis project is to generate simple descrip-
ous variables. Besides the traditional mean and stan-
L 1o use histograms, stem-and-leaf plots, test for
a variety of other descriptive measures,

B. Describing Data

Even for complex statistical analysis, you must be able to describe the data in a
straightforward, casy-to-comprehend fashion. This is typically accomplished in one

of several ways, The first way is through descriptive Summary statistics. Probably the

Tmost popular way to describe a sample of scores is by reporting: (1) the number of

people in the sample (called the sample size and referred to by “n”in statistics books
and SAS printouts); (2) the mean (arithmetic average) of the scores: and (3) the
standard deviation of the scores, The standard deviation is a measure of how widely

22
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el . Al
spread the scores are. Roughly speaking, if the scores fonimta Zelrldszis?; i(f:oor;nt; i
i ill fall within 1 standa

istribution, about 68% of the scores will Lw deia
dlS[:b(U lll(l);l or minus) and 95% of the scores within 2 standard dFVLaél?(r:sdescripﬁve
" Eet[zs create a SAS data set to introduce some concepts relate L0 descrpine
tatistics. Suppose we conducted a survey (albeit a very smalLor;el)l(:VWien e
ihe gender height, and weight of seven subjects. We collect the 1 g

GENDER  HEIGHT  WEIGHT

M 68.5 155
F 612 9
F 630 115
M 700 205
M 68.6 170
F 65.1 125
M 74 2

There may be several questions we want to_ask about t{les‘jaV :::Ii?g.tﬁe;lt;e:’p; ::lc:

nt to count how many males and female§ are in our sampl e.d VST o
mians and standard deviations for the var_lables ]-{iilggsfaz::j s déterminé

i Us V. , ,

i the d e toszec?):;iséﬁ:ln:ooﬁzz cc(:)[:]??;m a normal distribution. Thes_e are
i 'the d'atalcan ks if only seven people are involved, However, we are rarely inter-
o it E - Il samples. Once we begin to consider as many as 20-30 people,dsta-
?Siéd 1ln Sl:icl ssi;n;y hang becomes quite tedious. A SAS program to read these data
2[51303) f:mgute some descriptive statistics is shown next:

a-HwT; O

TNPUT SUBJECT GENDER § HEIGET WEIGHY; @

NES; @

 MEANS DATASETHT; @

ITLE'Simple ‘Descriptive Statistics'; ®

o

@y ” g M Oul’

Once again, in this example, our data are placed “in-stream dlregtgalnsgs u

program. For sn’lall data sets, this is an approg{latte mcet:tho;i.s Ij:g l;:;g);am Wheré e

. i file and instruct ou

lly place our data in a separate ! : hee 1o

I“;(l)l;: tg End the data (see Chapter 13, Section C). In FhlS progra(;n%rw::n hj}:enm o

to use the list form of input where each data value is separate [ o@ the nex %
one or more spaces. The first three lines define our DATA step. In @,

. o o




r

—_— es to the right of the decimal, you
that we are creating a SAS data seq called HTWT. As mentioned in the tutorial, only the N and MEAN and you want three plac

SAS data set names as well as SAS variable names are from one to eight charac- would write:

ters in length. They must start with 1 letter or underscore(_). The other characters
in SAS data set names or SAS variable names can, in addition, include numerals,
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PROC MEANS DATA=HTWT N MEAN MAXDEC=3;

. . e ic variables in your data set you
Thus, our name HTWT meets these criteria and is a valid SAS data set name. You may also W'sh. t0~ Spea?'lsﬁ)crs\:sh(:c\};ensge;\l;i‘da;em“g deZcriptiVC statistics
Statement () is the INPUT statement. This statement gives names 1o the variables wanl {0 compute descriptive SISaUlB JECT). We make this specification with a_VAR
Wwe are going to read. In this form of INPUT. the order of the variable names cor- on numeric variables Such\;:/SXRIABLES).is a statement that gives additional 1.nf0r-
responds to the order of the data values. Since our data values are arranged in statement. VAR (short for d other procedures as well). The syntax is t_he
SUBJECT, GENDER, HEIGHT, and WEIGHT order, our INPUT statement lists mation to PROC MEAN?- (anf I:fi:tyﬂe names. So, if we want descriptive statistics
variable names in the same order. If we had any missing values in our data, with word VAR followed by a list ot t‘tlle sample size, the mean, and three decimal places,
this form of input we would have had to use a period (.) to hold the place of a miss- only on HEI,GHT and we wan
ing value. Again, in review, the § following the variable name GENDER indicates we would write:

that we are using character values for GENDER (M’ and ‘F). Statement @,
DATALINES, indicates that the in-stream lines of data will follow and that the
DATA step is finished, Following the data is a lone semicolon

(), which is a con- PROC MEANS DATA=HTWT N MEAN "ﬁi’ﬁ:ﬂcs-;
venient way 1o indicate there are no more data lines. Statement @ is our request TITLE 'Simple Descriptive
for descriptive statistics. Since we did not tell it 1o do otherwise, ROC MEANS VAR BEIGHT;
will give us the number of observations used to calculate the descriptive statistics RON:

for each of our numeric variables, the mean, standard deviation, minimum, and

maximum. In a moment, we will show you how to request only those statistics that

is1 i ly requested options
' i i elevant. A list of the commonly

You want rather than accepting the defaults, Let’s look at the results of running The order of the options s i

this program:

for PROC MEANS is as follows:

Opii Description
tion -
N : Number of observations for which the statistic was computed
Simple Descriptive Statistics NMISS Number of observations with missing values for the
variable of interest
Variable inj i MEAN Arithmetic mean -
STD Sample standard deviation
4.0000000 2.1602469 1.0000000 7.0000000 dard error .
STDERR Stan . o | (CI) for the mean
66.9714286 4.0044618  61.2000000  72,4000000 oM Lower and upper two-sided 95% conﬁdt[:fn;e ::tzgihg an)d UCLM arerequested,
155.5714286  45.7961321  99.0000000 220.0000000 LCLM Lower one-sided 95% CI for the mean. If both LCLM and | ne-sided interval.
atwo-sided Clis computed; otherwise, this OleEﬂ %,IIY/[CS yguUaCLM are requested
) h LCLM an ’
. . -sided 95% CI for the mean. If bot] LCL L i
veL fogzrs?dn;s(lileis con:puted: otherwise, this option gives you  one-sided interval
2 tWo-
. L inimum: lowest score for the data
For the variable of height in our sample, we see that there are seven people MIN m‘;‘:}‘:}:} }?;hw score for the data
(n=7); that the shortest person s 61.2 inches tal! and the tallest 72.4 inches (from m\i{ Sum
the “minionim value” and “maximum vahe” columns); their mean height is 66.971 VAR Variance _
(rounded off); that the standard deviation is 4.004. Notice that we also obtain statis- v Cocfficient of variation
tics on the variable called SUBJECT. The mean subject number is probably not SKEWNESS  Skewness .
going to be of interest to us. We will show you, shortly, how to compute statistics only KURTOSIS gﬁg::s t-test, testing the null hypothesis that the population mean is zero.
for those variables of interest, T

PRT Probability of obtaining a larger absolute value <;ft unit[:;l:(:altl:ﬂstll ilsypolh“l&
You can specify which statistics you want to compute by specifying options for MAXDEC=n  Where n specifies the number of decimal places for pri

PROCMEANS, Most SAS procedures have options which are placed between the

procedure name and the semicolon, Many of these options are listed in this text; a
complete list of options for all SAS procedures can be found in the manuals avail-
able from the SAS Institute. As mentioned in Chapter 1, the option MAXDEC=n
controls the number of decimal places for the printed statistics, N prints the num- PA-ETWT MAXDEC=2 N MEAN STD STDERR CLM;
ber of (nonmissing) observations, and MEAN produces the MEAN. S0, if you want PROC MEANS DATA=

i devia-

One further example. Suppose we want the sample size, meani stal;j;i‘r}in e
tion, standard error, and a 95% confidence imgrval about the samp];: \r:me..
tionq we want the statistics rounded to two decimal places, We wou :
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Qutput from this request would look as follows:

Simple Descriptive Statistics

13:46 Monday, June 17, 1996 10

Variable N Std Dev

The standard error of the mean is used to indicate a “confidence interval” about
the mean, which s useful when our Scores represent a sample of scores from some
population. For example, if our seven subjects were arandom sample of high school ju-
miors in New Jersey, we could use the sample mean (66.97) as an estimate of the aver-
age height of all New Jersey high school juniors. The standard error of the mean tells
us how far off this estimate might be. If our population is toughly normally distributed,
the sample estimate of the mean (based on a random sample) will fall within one stan-
dard error (1.51) of the actual, or “true,” mean 68% of the time and within two stan-
dard errors (3.02) of the mean 95% of the time. By specifying the CLM option, PROC
MEANS will print a 95% confidence interval about our sample mean. Looking at our
listing, we are 95% “confident” that the interval from 63.27 to 70.67 contains the true
population mean for heipht. For weight, this interval is from 11322 to 197.93.1f you
were to compute a 95% confidence interval by hand, you would need to add and sub-
tractat-value (based on the degrees of freedom) times the standard error of the mean.
As mentioned earlier in this chapter, PROC MEANS produces, by default, the
N, mean, minimum, maximum, and standard deviation. Suppose you want standard
error added to that list, If You request any statistic (MAXDEC= is not g statistic),
PROCMEANS will print only that statistic. Therefore, if you decide to override the
system defaults and request an additional statistic, y

ou must specify them all. As an
example, to add standard error to the default jist we would write;

PROC MEANS DATA=HTWT N MEAN STD MIN MAX STDERR;

C. More Descriptive Statistics

If you would like a more extensive list of statistics, incl
and-leaf plots, and box plots, PROC UNIVARIATE
useful procedure can compute, among other things:

uding tests of normality, stem-
is the way to go. This extremely

.
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1. The number of observations (nonmissing)
2. Mean _
3. Standard deviation
4. Variance
5. Skewness
6. Kurtosis
7. Uncorrected and corrected sum of squares
8. Coefficient of variation

. Standard error of the mean ‘ .
13 Ai-test comparing the variable’s value against zefo
11. Maximum (largest value)
12. Minimum (smallest value)
13. Range '
14. Median, 3rd, and 2nd quartiles
15. Interquartile range
16. Mode '

tiles
10th, 90th, 95th, and 99th percen .

127% }[fl:ff;s:a highest and five lowest values (useful for de}ta Ftt)xetclgng)
19' W or D statistic to test whether data are normally distribute
20. Stem-and-leaf plot
2 Emr(rrﬁgllprobability plot, comparing your cumulative frequency distribution

. No lot,

to a normal distribution

To run PROC UNIVARIATE for our variables HEIGHT and WEIGHT, we

would write:

y y g q ad'

B ael alll we g he IS 8 ems O \elS‘ of statistics above. l(lle UCSt,

d ] Oﬂauy atest Of nor mallty, a Steﬂl'and'leaf pl()t. and a l)OX plol, we WOuld add lhe
1 ]

Optlons NORMAL and PLOI as fOllOWS.

A portion of the output from the request above is shown next:




More Descriptive Statisticg
Univariate Procedure
Variable=HEIGHT

Moments

N 7 Sum Wgts 7
Mean 66.97143 gum 468.8
8td Dev 4.004462 Variance 16.03571
Skewness ~0.23905 Rurtosis -1.16133

uss 31492.42 Css 96.21429
cv 5.979358  Std Mean 1.513544
T:Mean=0  ¢4.2480g Pr s(T| 0.0001
Num 4= ¢ 7 Num >0 7
M(Sign) 3.5 Prsa= |y 0.0156
Sgn Rank 14 Pr>= g 0.0156
W:Normal 0.954727 Prey 0.7849

Quantileg (Def=5)

100% Max 72.4 99% 72.4
75% Q3 70 95% 72.4
50% Med 68.5 90% 72,
25% Q1 63 10% 61.2

0% Min 61.2 5% 61.2

1%

Extremes

Lowest Obs Highest Obs

61.2( 2) 65.1( 6)

63( 3) 68.5( 1)
65.1¢( 6) 68.6( 5)
68.5( 1) T0( 4)
68.6( 5) 72.4( 7}

More Descriptive Statistics
Univariate Procedure
Variable=HEIGHT

Stem Leaf

Variable=WE

N

Mean

5td Dev
Skevmess
Uss

cv
T:Mean=0
Num 4= 0
¥(Sign)
Sgn Rank
W:Normal

100% Max
75% Q3
50% Med
25% Q1

0% Min

Range

Q3-Q1
Mode

Lowe

1
1

More Descriptive Statistics
Univariate Procedure

IGHT
Moments

7 Sum Wgts
155.5714 Sum
45,79613 Vvariance
0.278915 Kurtosis

182001 cSS
29.43737 Std Mean
8.987731 Pr> T

7 Num > 0

3.5 Pro>= Ml
14 Pr>=|8|
0.941255 Pr<wW

Quantiles(Def=5)

220 99%
205 95%
155 90%
115 10%
99 5%
1%

121

90

99

Extremes

st Obs Highest

93¢ 2) 125¢(
15( 3) 155¢(
25( 6) 170¢

155 1) 205(
176¢ 5) 220(

+¥ 4+t

[Conﬁnued]
Normal Probability Plot
™ Yiatt
o 4tiae
et
o +eahy
+444Y
614 +44%e

7

1089
2097.286
-1,46723
12583.71
17.30931
0.0001

7

0.0156
0.0156
0.667¢

6)
1)
5)
4)
7
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[Continued)

MOfe D?scriptive Statistics
Univariate Procedure
Variable=WEIGHT

Stem Leaf

bl # Boxplot

20 5 " ’

" A +

160 1

14

: 5 1 #eoyee

25 |

105 : J

s DT
i e LTy

Multiply Stem.leaf by 10%*41

Normal Probability plot

2304
Yeiad
LR ST
EX T
++eve
+4a¥
+44¥
+4+4¥
90+ 444
R s L
; + Lt Al SR T PO,
- D *
0 +1 42

There is a lot of information |
. ” ' ina PROC UNIV
Monllents' you will see a number of s "
Here s a list with explanations;

TATE output. Under the tit,
Cl ’ 3
tatistics, Most of them are self explanatory.

g}m Wt glumber of nonmissing observations
um of weights (if WEIGHT state
Mean Arithmetic mean et el
Sum Sum of the scores
Std Pev Standard deviation
;imance Variance
ewness Skewmess (measure of th

o : of the symmetry or asymmetry of the distributi
USrst051s gunosm (measure of the flatness or the dizt?buttign;) e dsbuton

SCncor_rected sum of squares (the sum of the scores squared—each
oss Core 15 squared and the squares are added together)

orrected sum of squares (sum of Squares about the mean, usuall
o mofe useful then USS) el
ey Coefficient of variation
ean Standard error of the mean (t iation divi
e oo {the standard deviation divided by the
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TMean=0  Students 1-test for testing the hypothesis that the papulation mean i Zefo.
Prob>{T|  The pvalue for the tstatistic (two-tailed) ‘

SgnRank  The Wilcoxon signed rank sum (usually used for difference scores)
Prob>[S|  The p-value for the Sign Rank test

Num =0  Number of nonzero observations

W:Normal ~ Shapiro-Wilk statistic for a test of normality (SAS

(D:Normal)  will produce the Kolomogorov D:Normal test when  is larger than 2000)
Prob<W  P-value testing the null hypothesis that the

(Prob>D)  population is normally distributed (when the D:Normal test is done, the

statistic is Prob>D)

Looking further at the output, we find, under the heading “Quantiles(Def=5).”
two sets of useful information. The left-hand set lists quantiles, showing the highest
score (100%), the score at the third quartile (75%), the median (50%), the score at
the first quartile, and the lowest score (0%). We point out that this is the only place
we know of where you can compute a median. (Wouldn't a median be a nice option
for PROC MEANS?) The “Def=5" in the heading indicates that SAS is using defin-
ition S Tisted in the SAS Procedures manual. This definition is described as an “em-
pirical distribution function with averaging” We refer those interested in the subile,
yet fascinating differences of the five available definitions, to consult the SAS Pro-
cedures manual under PROC UNIVARIATE. For the other 99.6% of our readers,
we recommend DEF=5.

The right-hand column lists other percentiles that are often of interest (99%,
95%. etc.).

Below these two columns you will find the range, the interquartile range
Q1), and the mode.

"The Jist of Extremes, which comes next, is extremely useful (sory, bad pun, but
an excellent mnemonic). This list also comes without our specifically asking for it. It
Jists the five lowest and five highest values in the data set. We find this useful for data
checking, Obviously incorrect values can be spotted easily. Next to each extreme
value is the corresponding observation number. This can be made more useful if an
ID statement is used with PROC UNIVARIATE. The ID variable (usually a subject
number) is printed next to each extreme value, instead of the observation number.
That way, when a data error is spotted, it is easier 10 locate the incorrect value in the
data by referring to the 1D variable. We can use our variable SUBJECT as an ID
variable to demonstrate this. Our complete PROC UNIVARIATE request would be:

Q-

The next portion of the output from PROC UNIVARIATE is a result of the
PLOT option we used. The left side of the page is a Tukey-style stem-and-leaf plot.
This can be thought of as a sideways histogram. However, instead of using X’s to rep-
tesent the bars, the next digit of the number after the “stem” is used. For example,
the smallest heightis 72.4 Next to the stem value of 72, we see a ‘4", which tells us not
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onlyis there a value between 72and 74 but that the actual value is 72.4. Look at the
stemn labeled “68." Notice that there Were two scores between 68 and 70, The “leaf”
values of S’ and 6" indicate that there is one height equal 0 68.5 and another height
equal to 68.6. This style of “histogram” supplies us with additional information con-
cerning the structure of values within a bar. [ this small example, the stem-and-leaf
plot is not top impressive, but with samples from about 20 1o 200,t is very usefyl,
Another Tukey invention, the boxplot, is displayed on the tight side of the page.
The SAS conventions are g follows: The bottom and top of the box represent the

within three interquartile ranges of the box boundaries, are shown with o's, Still more
extreme values are shown with an asterisk (*)- The purpose of the boxplot is to pre-
sent a picture of the data and js useful for comparing several samples side-by-side, In
the next section we show you how to produce descriptive statistics broken down by
One or mare variables. When you do this with PROC UNIVARIATE (using a BY
statement), you will obtain side-by-side boxplots automatically, for ach value of the
BY variable or each combination of the BY variables if you have more than one,

The Normal Probability Plot, shown last, is also a result of the PLOT opition and
Tepresents a plot of the data compared to a normal distributiop, The y-axis displays
our data values, and the x-axis is related to the inverse of the standard normal func-
tion. The asterisks {*) mark the actual data values, the plus signs (+) provide a refer-
ence straight line based on the sample mean and standard deviation, Basicaly, as the
sample distribution deviates from the normal, the more the asterisks deviate from
the plus signs. You will, no doubt, find the stem-and-leaf and boxplots a more inty-
itive way to inspect the shape of the distribution,

D.  Descriptive Statistics Broken Down by Subgroups

Instead of computing descriptive statistics for every subject in your data set, you
may want these statistics for specific subgroups of your data. For example, in the data
set of Section B, you might want the number, the mean, and the standard deviation
of HEIGHT and WEIGHT separately for males and females We cap accomplish

this two ways. First, we can sort the data set by GENDER and then include a BY
statement with PROC MEANS, like this:

ot

PROC ]
BY

r
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The resulting output is shown below:

GENDER=F
variable X e St bev
=
GENDER=M

Variable W Mean §td Dev
mm oL 4

dure leadl €vel ol v i b ] t
| ftheBY anable.Remem er to alwa; S' SO tﬂe(aase ' '
[he same B i Vlal .able (01' know in advance that 1he data setis al] eady SOl’ted) Si()]llel
i i l g pll' gram yOU aSk for a data set to be Soned thh yOu p €vIous y
times 1n a lon, 0 y Wi

o e 8
it earlier ani did it). In SAS versions 6.0
orted it earlier and forgot that you ' s
il (beC?fUS;f roeli;lest asort on a data set that has bgen prevmuslg f}og;(: tbhye S
a}?d ab?rvei‘lll nS(/)t be performed, and you will be notified in the SAS L
the sor .

set was already sorted in the order indicated.

ent wi i se of a
An alternative to using a BY statement with PROC MEANS is the u

. y SS statemen Y It the

( ],A;; statement If you use a (:LA t ]nstead ofa B sta emem,
pUt ll lmllar, S y U Can S€€ In the OUtpUt 0 h a

pl'lnted out] W1 be § as you ca bel W WHere CLASS

statement is used:

Simple Descriptive Statistics

std Dev

GENDER N Obs Variable N _“!_(??1-1 ______________
S 1.95
; } atcir : lg:ég 13.11

WEIGHT .
1.82
4 69.88
N ¢ ;{;igg 4 187.50 30,14

i t is that you do not have to sort the datla
o advamag?iOtfausse]:ltls%&&;srsn:ﬁeﬁ:?ge saving of procf:ssing tirpe (ag;i po(s)srz
o) largeh adown side, use of a CLASS statement requires cons1derg , ly mand
A [BeY statemenYt especially if there are several CLASS variables n
memogv;l;sagf iach In general,try using a CLASS statement first, and resort to us
many . N
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a BY Stﬁ[ellle 1t onl lf m I g
y CMOry hllmﬁ!l(ms fOfCC you to. We alllpllfy tlle d SCUSSIO|
i .
abOUt USlllg a CLASS Slatement with P ROC MEANS n SeCtlon I { of thls Chaptm

E. Frequency Distributions

Let's look at how 1o
' g6t SAS software to count ho
are n our sample. The following SAS program doeztgli:‘n el ndemals e

DATA HTWT;

INPUT SUBJECT GENDE
DATALINES; R § HEIGHT WRIGHT;

1M 68,5 155

oo~

ROC FREQ DATA:HTWT;

TITLE 'Using PROC F ' e
TABLES GENDER, REQ to Compute Frequencies';
RUN; .

This firme
FREQI; tPl\ge(:E 1;1;[;&8 'OffP]ROC MEANS, we are using a procedure (PROC) called
sble CENEn 1s followed by a request for 5 table of frequencies for the vari-
e € ER. The Word TABLES (or TABLE), used with PROC FREQ, i

wed by a list of variables for which we want to o

continuous variables such a AGE since i
. ou will
value. This may kill severa| trees. e
N
b ?Ote Ct:at PROC FREQ does not use a VAR statement to specify on which var-
AR mpute frequenut?s (as we did with PROC MEANS and PROC UNrIl
)- This may seem inconsistent to you. You need to learn (or look up) the-

appropriate statements that cap be used wi i
: th each
mcll;ie§ Some syntax examples that may help you prelrpocedure capter2
Otice that the two statements TITLE .
i , and TAB i
spaces right of the other lines The starting column of ar{d oA pamated el
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of people. The “CUM FREQ™ and “CUM PERCENT” columns give us the cumula-
tive counts (the number and percentage respectively) for each category of gender.

Using PROC FREQ to compute frequencies
Cumulative Cumulative

GENDER  Frequency Percent FPrequency Percent
3 3 42.9 3 42.9
. 4 57.1 7 100.0

If you do not need (or want) the cumulative statistics that are automatically pro-
duced by a TABLES request, you may use the NOCUM statement option to omit
the cumulative statistics. To review, statement options follow a slash (/) after the ap-
propriate statement. Thus, to omit cumulative statistics, you would write:

TABLES GENDER / NOCUM;

To omit both cumulative statistics and percentages you would include the NO-
PERCENT TABLES option as well, like this:

TABLES GENDER / NOCUM NOPERCENT;

The order in which you place these options does not matter. The output from the
request above is shown next:

Using PROC FREQ to compute frequencies

GENDER Frequency

E  Bar Graphs

We have seen the statistics that are produced by running PROC MEANS and
PROC FREQ. It is an excellent way to get a summarization of our data. But then, a
picture is worth a thousand words (p=1000w) so let’s move on to presenting pictures
of our data. SAS software can generate a frequency bar chart showing the same in-
formation as PROC FREQ, using PROC CHART.

The statements:
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W
ere used to generate the {requency bar chart shown below:

Frequency
4 XTI
322 7)
IX2LL]
XL
3 IX2RE X122
Haras Rk w
i IX2LL]
X2 theas
2 I XXEY CEREE
darrs X220
XTI ITX2L]
XTI XL T]
1 IX2LL] X1
kA X220
XTI XTI
L_47 [X2T] X311
F ¥
GENDER

The term HBAR in i
: place of VBAR will generat i i i
Ztne(z;(; Zf ct:etvemc:ll bars obtained from VBARg. Whenel-g:;n is“ﬁg:ldh(f)rzz?ltm —
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value of height (how many people are 60 inches tall, how many are 61 inches tall,

etc.). 1f we use PROC CHART instead, it will automatically place the subjects into
height groups (unless we specified options to control how we wanted the data dis-
played). Since our sample is so small, a frequency distribution of heights or weights
will look silly, but we'll show it to you anyway. The SAS statements below will gen-

erate a vertical bar chart:

- PROC CHART DATA=HTWI;
©.7" g1mE ‘Distribution of Helghts';

© . VBAR HEIGHT / LEVELS=6; .
. iRON; 5

The option LEVELS=6 is an instruction to group the heights so that there will
be six equally spaced intervals for the variable HEIGHT. If we leave out any options
when we are charting a continuous variable, PROC CHART will use its own group-
ing algorithm to select the number of levels and the midpoints for the plot. The out-

put from the program above is:

pistribution of Heights
Frequency
2 [EE R R
[EEE R
X R R
kR Rk E
[EE R R
1 [EEER] 2 XX 2] 'R R [EERE N ['ERE 2] [EERR]
khkkkE [ZEX R kh kAR X281 [ZEER) XX X2
[Z XXX I'EEEE) X2 XAl kR kkE XXX R [2 2221
I'ERER) IR E] X2 [ER R kkkkE [XEE RN
[EREZ ] ek kR [ZE R IR E XS] 'RE R A X2 R R}
62 64 66 68 70 72
HEIGHT Midpoint
|

The VBAR and HBAR statements of PROC CHART have a variety of options.
The general form of the VBAR and HBAR statements is:

VBAR variable(s) / list of options ;

An alternative to the LEVELS= option provides the procedure with specified
midpoints, This is done with the MIDPOINTS option. The form is:

MIDPOINTS= lower_ limit TO upper_limit BY interval;
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An example would be:
VBAR HEIGHT -
o / MIDPOINTS=50 TO 80 BY 10; Frequency
ere are ti
variable into in[tlmes when we do not want PROC CHART to divide our numerical 71 b pray
variable and ervals. Suppose we had a variable called WEEK that was a numeric S22 2] YT
Tepresented the day of the week (from 1 1o 7). The statement; 6 A wrary
VBAR WEEK; WEEES T3]
would most | . Sy . EERES [EEXT
this an in:tiﬁ(cil}égrooguce a chart with midpoints that were not integers. To avoid : AL LA
DISCRETE is added toCtI;? ?Trm ¥ “%e abfwal ot e Sl he option ¢ erer o e
=i ption list. To be sure that the fir
WEEK is printed correctly, the statement: equency chart for . . ::::: :::::
3 LR R
VBAR WEEK / DISCRETE; 'YL X33 L) I'T2ET)
ShOll]dbeused (Rememberth . | 'EX2R] T332 222 'S22E]
- at statement options are placed 2
men]; 2?d th;: semlco}l)(;{l,separated bya slash.) P between the state- PP Y YT PP
01¢ leavin IXEEE] [ ZEZ Y] XX XZ] XXX L] 23X}
that are availablegfo d(gglscv\}/{eAhISé :,(?H(Sifl'[::tnfitrate ﬁ fe: of the other OpﬁOI'lS ' XY X2 T] S22 L} [REE T X222}
the variables DEPT ) ©d another data set which containg
ment (department), YEAR, QUARTER, and SALES, The state- 1500 2500 3500 4500 5500
SALES Midpoint
VBAR DEPT;

will produce a simple frequency bar graph as shown below:

To see the sales distributions of each department side-by-side, we can use the

r\ GROUP option available with both VBAR and HBAR. The statement:
| VBAR SALES / GROUP=DEPT;

Frequency

will produce the side-by-side graph like the one below:
Frequency
6 LR R}
kR
5 LR R [ E R
LR R kkh
4 LR R kkk
LR R (R R
3 Hrk Hh (R R
LEE R X [ XX
2 Frk kkA *kH I ZE B R R}
Rk Hkd *k & khk khR
1 I T B EE BN EEEE R R B E R ] *hk khk
kkk Kek kkk Rk A kh wkk khg
The statement:
1500 2500 3500 4500 5500 1500 2500 3500 4500 5500 SALES Midpoint
VBAR SALES;
will prod ; o || FOOD 1 lf TOYS { DEPT
Produce a frequency distribution of SALES for all years and all departments

= —— e k _
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Another way to display these data i t have the y-axis represent a sales sum,
rather than a frequency or count. This is done by using a SUMVAR option with
VBAR or HBAR. The keyword SUMVAR is followed by a variable whose sum we
want displayed on the y-axis. We also use the SUMVAR option to display a mean
value on the y-axis by adding the keyword TYPE=MEAN to the list of VBAR or
HBAR options. We will show you a chart using the SUMVAR and TYPE options.
Since we are displaying a sum of sales for each department, the TYPE= option is re-

dundant but is included to remind you that it is available to display other statistics
on the y-axis. The statement:

VERR DEPT / GROUP=YEAR SUMVAR=SALES TYPE=SUM;
produces the graph below:

SALES Sum

20000 drrae
LA 2 2 X1
LEER ¥ LA ER Y] LA 2 X XY
LA R 2 ¥ LA XXX (A EXEE] LA R R X
LA XY LA R E X1 LE R X LA XX X1
10000 LR R XY LEE R ¥ LR R XN LA R XX} LA E XK
LER 2 X1 LR ERY LA X X 21 LEA X XY LEE R X
LA X X1 LA X R ¥ LARE R LA R X X LA R X B
LEX X X1 LA R R ¥ LE R X X1 LB E RN (AR ER]
L2 2 X1 LA R ¥ LA XX B L EE XX AR R X X1
FOOD TOYS FOOD TOYS FOOD TOYS DEPT
"1988~—‘ }—‘1989‘-’ ‘—‘1990\—-‘ YEAR

Other valid vahues for the TYPE- option are;

Option Result
TYPE=FREQ Frequency counts
TYPE=PCT Percentages
TYPE=CFREQ  Cumulative frequencies
TYPE=CPCT Cumulative percentages
TYPE=SUM Totals
TYPE=MEAN  Means

One final option used with VBAR and HBAR is SUBGROUP The first charac-
ter of a SUBGROUP variable is used as the character making up the bars in the bar
graph. If we write:

VBAR SALES / SUBGROUP=DEPT;

the department values (A's and Bs) will show us which departments are contribut-
ing to the sales frequencies. See the chart below for an example:
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Frequency

TTTTT TTTTT
6 TTTTT TTTTT
FFFFF TTTTT
4 FFFFF TTTTT
FFFFF FFFFF TTTTT

2 FFFFF FFFFF TTTTT FFFFF

FFFFF FFFFF FFFFF FFFFF FFFFF

1500 2500 3500 . 4500 5500
SALES Midpoint

Symbol DEPT Symbol DEPT

F  FOOD T TOYS

it ist showing you the fancy three-
Before we leave PROC CHART, it’s hard to resist s ( :
dimensional graphs produced by the BLOCK statement. The BLOCK \{arlable dfh
fines the x-axis, the GROUP option defines the y-axis,and SUMVAR variables (wi
any of the TY};Ez options) defines the z-axis, epresented by the heights of the bars.
The block chart resulting from the statement:

BLOCK YEAR / GROUP=DEPT SUMVAR=SALES TYPE=SUM DISCRETE;

is shown below:

Sum of SALES by YEAR grouped by DEPT
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G. Plotting Data

We now investi ionshi
oW mvestigate the relationship between height and weight. Our intuition tells us

Ll:snt 3\:;6{ tvs(;q vellriatbhles alie telated: The taller a person is, the heavier (in general). The
0 display this relationship is to draw a graph of hei i '
: ght versus weight. Wi

have our SAS program generate this graph by using PROC PLOT. The stftemer?t?n

PROC PLOT DATA=HTWT;
PLOT WEIGHT*HEIGHT;
RUN;

generate the graph that follows: (Nore; This is a plot using the original data set of

seven people.)
—
Plot of WEIGHT*HEIGHT :
— . Legend: A = 1 obs, B = 2 obs, etc.
250
a
200 *
A
150 *
a
a
100 A
60.0 62.5 65.0 67'.5 70'.0 72‘ 5
HEIGHT

The general form of the plot procedure is:
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Notice that SAS software automatically chooses appropriate scales for the x-
and y-axes. Unless you specify otherwise, PROC PLOT uses letters (A, B,C,etc.) as
plotting symbols. Since a computer line printer is restricted to printing characters in
discrete locations across or down the page, two data values that are very close to
each other would have to print in the same location. If two data points do occur at
one print position, the program prints the letter “B”; for three data points, the letter
“C” and so forth.

Can we obtain a plot of heigfit versus weight for males, and one for females? The
answer is “yes,” and it is quite easy to do. Just as we used a BY variable with PROC
MEANS earlier, we can use the same BY statement with PROC PLOT to create
separate plots for males and females, First, we need 0 have the SAS program sort
our data by GENDER. Once this is done, we can use PROC PLOT to produce the
desired graphs.

Our program will look as follows:

The result of this program will be a separate graph for males and another for fe-
males If we omit a BY statement with PROC PLOT, the program will ignore the fact
that the data set is now sorted by GENDER.

We can generate another graph that displays the data for males and females on
a single graph but, instead of the usual plotting symbols of A, B, C, etc., we will use
Fs and M’s (for females and males). The statements:

“g¥rn,
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;chgr;plishes this. The data set does not have {o be sor
i (";H!;; D:SIENDER".after our plot request specifies that the first letter of each
values will be used as Plotting symbols. In essence, this allows us to

look at three variables (hei i
at thr ght, weight, and gender) si
running this last procedure is shown below: ) smianeonhy T e o

ted to use this form of PROC

Plot of WEIGHT*HEIGHT.

Symbol is value of GENDER,
WEIGHT

250 l
200 "
150 1 '

100 F

60.0 62.5 .

HEIGHT

Since we are not using the standard plottin
servations at a single print location willpnot beg :iomxssl(s) i Gt
case of onemale and one female, in which case the
optionis setand you have an output device, such a
The program will print a message indicating the n
the bottom of the graph in this case.

If you would like to choose a plottiny
C,etc., you may follow the PLOT re
your choice in single quotes,
plot request would read:

), multiple ob-
n the graph (except in the
MandF will overprint if the OV P
s a lineprinter, that can overprint).
umber of “hidden” observations, at

g symbol, instead of the SAS default of AB,
quest by an equal sign and a plotting symbol of
If you wanted an asterisk as your plotting symbol, the

PLOT WEIGHT*HEIGHT='* '

As for the case of a variable name followi i
: . ng the equal sign,
symbol will not all.0w hidden observations to be displayed, air(li
sage to that effect if there are any hidden observations.

choosing a plotting
you will see a mes-
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H. Creating Summary Data Sets with PROC MEANS
and PROC UNIVARIATE

Besides providing a printed output of descriptive statistics, broken down by one or
more CLASS (or BY) variables, PROC MEANS and PROC UNIVARIATE can
produce new SAS data sets containing any of the statistics produced by these proce-
dures. This might be useful, for example, in educational research where the original
data were collected on individual students, but you want to use classroom means as
the unit of observation {to compare teachers), or in business (to compare sales from
various quarters when the original data are collected daily). In medicine, you may
have clinical data on patient visits, with a different nuntber of visits for each patient,
and want to compute patient means for later analysis.

To demonstrate how this is done, suppose we have collected data on several stu-
dents. We have a student number, gender, the teacher’s name, the teacher’s age, and
two test scores (a pre-test and a posttest). We use the following data for our example:

SUBJECT GENDER TEACHER TAGE PRETEST  POSTTEST
i M JONES % 67 81
2 F JONES 35 98 86
3 M JONES % 2 2
4 M BLACK 2 4 74
5 F BLACK 42 46 76
6 M SMITH 68 8 80
7 M SMITH 68 49 7
8 F SMITH 68 38 63
9 M HAYES 23 7 7

10 F HAYES 23 46 92
1 M HAYES 23 0 90
12 F WONG 47 49 64
13 M WONG 47 50 63

Notes: (1) T_AGE is the teacher’s age. (2) In a “real” study, we would probably enter the
teacher’s name and age only once in a scparate data set and combine that data set with the
student data later on, saving some typing. However, for this example, it is simpler to include
the teacher’s age for every observation.

As a first step, let’s see how we can compute the mean pre-test, post-test, and
gain scores for each teacher. Look at the following program:

QR -PRETEST POSTTEST;
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This program is straightforward, The DATA ste 1
PROC ME_ANS requests statistics for each teacher gycﬁlrglﬁ)xliitiisg?l"%in(fgg}% :sn :
CLASS variable. The LENGTH statement ) is used to specify how many charact .
are needed for the alphanumeric variables GENDER and TEACHER il and 5 o
spectively). We include this because, with the space-between-the-values fom:1 of c;m-
entry, a default length of eight is used for all character variables. Here is the outp?xl:]'

‘Means Scores for Each Teacher
TEACHER N Obs Variable N Mean Std Dev
BLACK 2 PRETEST 2 ;;-;6 ---------- ;-;;
POSTTEST 2 75.00 1‘41
GAIN 2 31.50 2.12
HAYES 3 PRETEST 3 62.33 14.15
POSTTEST 3 84.67 11 . 02
GAIN 3 22,33 22,59
JONES 3 PRETEST 3 72.33 23,46
POSTTEST 3 86.33 5.51
GAIN 3 14,00 26.00
SMITH 3 PRETEST 3 41.67 6.35
POSTTEST 3 71.33 8‘50
GAIN 3 29.67 10.79
WONG 2 PRETEST 2 49,50 0.71
POSTTEST 2 63.50 0 . 71
______________ GAIN 2 14.00 1.41
S—

Lnstead of just printing out the results, what we want to o is to create a new data
set tl at has TEACHER as the unit of observation instead of SUBJECT. In our ex-
ggflfp e, wi on:ly have five teachers, but we might have 100 and they might be using
itferent teaching methods, be in di
o el g s, be in different schools, etc. To create the new data set, we
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The NOPRINT option on the first line (@ tells the program not to print the re-
sults of this procedure (since we already have them from the last run—or, the list-
ing would be too large to want to look at). We want the computed statistics (means
in this case) in the new data set. To do this, we include an OUTPUT statement @
in PROC MEANS. The QUTPUT statement creates a new data set. We have to
give it a name of our choosing (by saying OUT=TEACHSUM), tell it what statis-
tics to put in it, and what names 1o give those statistics.

We can output any statistics available with PROC MEANS by using the
PROC MEANS options (N, MEAN, §TD, etc.) as keywords in the OUTPUT state-
ment. These statistics will be computed for all the variables in the VAR list and
broken down by the CLASS variable. Since we want only the score means in this
new data set, we said “MEAN = M_PRE M_POST M_GAIN" These new vari-
ables represent the means of each of the variables listed in the VAR statement, in
the same order the variables are listed. Thus, M_PRE will represent the mean value
of PRETEST, M_POST will represent the mean value of POSTEST, and M_GAIN
will represent the mean value of GAIN. You could have named thesc new variables
MANNY, MOE, and JACK. SAS doesn’t care what you call them. We used
M_PRE, M_POST, and M_GAIN because it helps us remember that they repre-
sent Means of PREtest, POSTtest, and GAIN.

Finally, we need to explain the NWAY option it line @. This tells the procedure
to only give us results for each TEACHER (the CLASS variable) and not to include
the grand mean in the new data set. Don’t forget this. We will explain what happens
if you leave this out later. Your new data set (the listing from PROC PRINT) will

look like this:

Ligting of Data Set TEACESUM

0OBS TEACHER _TYPE_ _FREQ_ M_PRE M_POST M_GAIN
BLACK 1 2 43,5000 75.0000 31,5000
HAYES 1 3 62.3333 84.6667 22,3333
JONES 1 3 72,3333 86.3333 14.0000
SMITH 1 3 41,6667 71.3333 29,6667
WONG 1 2 49,5000 63.5000 14,0000

Let's leave the explanations of the _TYPE_ variable for our next example.
The variable _FREQ_ gives us the number of observations (missing or nonmiss-
ing) for cach value of the CLASS variable. If you go back to the original data val-
ues, you will see that teacher BLACK had two students, HAYES three students,
and so forth.

What if you wanted the teacher's age in this new data set (so you could compare
age to gain score, for example)? This is easily accomplished by including an ID state-
ment as part of PROC MEANS. So, to include the teacher’s age in this data set, you

would use the following code:
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PROC MEANS DATA=SCHOOL NOPRINT NWay; @
CLASS TEACHER;
ID T _AGE;
VAR PRETEST POSTTRST GAIN;
OUTPUT OUT=TEACHSUM ()

MEAN=M_PRE M_POST M_GAIN;
RUN;

The resulting data set (TEACHSUM) will now contain the variable T_AGE. As
an altemative, you could have included both variables, TEACHER and T_AGE, as
CLASS variables with the same result, :

We now turn t0 a more complex example where we create an output data set,
using PROCMEANS and a CLASS statement with more than one CLASS variable.
Yes folks, hold on to your hats, this gets tricky, First, the raw data:

SUBJ  GENDER  REGION HEIGHT ~ WEIGHT

01 M North 70 200
02 M North n 220
03 M South 68 155
M M South 4 210
05 F North 68 130
06 F North 63 110
07 F South 65 140
08 F South 64 108
09 F South . 220
10 F South 67 130

Next, we create a SAS data set as follows:

DATA DEMoG; ‘
LENGTH GRNDER § 1 REGION § 5,

INPUT SUBJ GENDER § REGION § HEIGHT WEIGHT;
DATALINES; '

01 M North 70 200

02 M North 72 220

03 M South 68 155 Ll .
04 M South 74 ' '
05 F North 68

06 F North 63

07 F .Bouth' 65

08 F Bouth 64

09 F .

10 F South 67

To compute the number of subjects, the mean, and the standard deviation for

each combination of GENDER and REGION, include a CLASS statement with
PROC MEANS like this:
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PROC MEANS DATA=DEMOG N MEAN STD MAXDEC=2;
TITLE 'Output from PROC MEANS';

CLASS GENDER REGION;
VAR HEIGHT WEIGHT;
RUN;
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Remember that you do not have to sort your data set when you use a ClLA_SS
statment with PROC MEANS. In this example we have two CLASS variables in-
stead of one. The output from this procedure is shovyn next:

OQutput from PROC MEANS

GENDER REGION N Obs Variable

¥ North 2 HEIGHT
WEIGHT

South 4 HEIGHT
WEIGHT

N North 2 HEIGHT
WEIGHT

South 2 HEIGHT

WEIGHT

Mean

£5.50
120.00

65.33
149.50

71.00
210.00

71.00
182.50

Std Dev

3.54
14.14

1.53
48.86

1.41
14.14

d.24
38.89

Since we now have two CLASS variables, the requested statistics are computed

for each combination of GENDER and REGION,

We first demonstrate what happens when we use PROC MEANS to create ;n
output data set with GENDER and REGION as CLASS variables. Here is the code:

Don't be confused by the three asterisks in thecomment §b0ve. Remember tllllat
the first asterisk starts the comment, and the semicolon ends it. We added the other
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two asterisks to make the comment stand out better. (One of the programming chal-
lenged authots thought you might like to know this.)

As before, the NOPRINT option on the first line  tells the procedure not to
print any output. Rather, you want these values ina 8AS data set. To do this, you add
an OUTPUT statment @ to PROC MEANS, The OUTPUT statement allows you to
create anew data set, to select which statistics to place in this data set, and what names
to give to each of the requested statistics. The name of the output data st is placed
after the OUT= keyword The request o output means is indicated by the keyword
MEAN= (. The two variable names following the keyword MEAN= are names you
choose to represent the mean HEIGHT and WEIGHT, respectively. The order of the
names following MEAN=corresponds to the order of the variable names in the VAR
statement. In this example, the variable M_HEIGHT will represent the mean height
and the variable M_WEIGHT will fepresent the mean weight. Other keywords (cho-
sen from the list of statistics available with PROC MEANS earlier in this chapter) can
be used to output statistics such as standard deviation (STD=) or sums (SUM=).

Usinga PROC PRINT with DATA=SUMMARY to sec the contents of this new
data set, we Obtain the listing below:

Listing of Data Set SUMMARY

0BS GENDER REGION _TYPE_ _FREQ_ M_HBIGHT M_WEIGHT
1 0 10 67.8889 162,300
2 North 1 4 68.2500 165.000
3 South 1 6 67.6000 160.500
4 F 2 6 65.4000 139.667
5 M . 2 4 71,0000 196.250
6 P North 3 2 65.5000 120.000
7 F South 3 4 65,3333 149,500
8 M North 3 2 71.0000 210.000
9 M South 3 2 71.0000 182.500

Besides the mean for each combination of GENDER and REGION, we sec there
are five additional observations and two addition variables, TYPE_and FREQ .
Here’s what they're all about. The first observation with a value of 0 for _TYPE_isthe
mean of all nonmissing values (9 for HEIGHT and 10 for WEIGHT) and is called the
grand mean. The two observations with _TYPE_ equal to 1 are the mean HEIGHT
and WEIGHT for each REGION; the next two observations with _TYPE_ equal to
two are the mean HEIGHT and WEIGHT for cach GENDER. Fi ally, the last four
observitions with _TYPE_ equal to 3 are the meags by GENDER and REGION
(sometimes called cell means). This is getting complicated! Relax, there is actually a
way 10 tell which _TYPE_ value corresponds to which breakdown of the data.

Let's look carefully at our CLASS statement. It is written:

CLASS GENDER REGION;

First, we count in binary (remember, 0, 1, 10,11, 100,101, etc.) and place the bi-
nary numbers below the CLASS variables Like this;
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s Gil?rzfyk RE_GTIY(;}:':_ Interpretation
0 0 0 Mean over all GENDERS and REG[ONS
0 1 1 Mean for each value of REGION
1 0 2 Mean for each value‘of QENDER
11 3 Mean for each combination of

GENDER and REGION (cell means)

ith asi he TYPE_ value, written
e up with a simple rule. Whenever the _L
i b'N:X[,vil‘fecsa;ozo:f‘l”%eneath a CLASS variable, the .stalfsum are brokc;:l ddowr;
lt? ti?at?a%iable Tiwe look at_TYPE_ =1 we write that in binary (not tog arf 3:;1
0¥ and realize that the _TYPE_ = 1 statistics represerit each REGION and so forth.
i fused? It’s OK,, this is not easy. ‘
SU“;S: rﬁ(s)zt applications, you don’t even need to look at the _TYPE_ ;alfu:e;. S(:]I;Cs:
most applications call for cell means (the values F})'rYOIEEn downb;)ylefza;f) u(i)ndue:i clas
i e.

i ill want the highest value of the _varia )
v:ﬁli\?m; ‘::1 tﬁe PROC MEANS statement, only cell mear:; }\Evigll}ero:tpzz c[ﬁ
i I

i HEIGHT and o
data set. So, if you only want the mean . '
g(ljnxll)?r‘:;tion of GENDER and REGION, you would write the PROC MEAN

statements like this:

BROC MEANS DATA.DENOG NOPRINT NWAY;

' MEAN-N_HETGHT M WEIGHT;

ROC PRINT DATA=SUMMARY;
2 opipuR 'Listing of Data Se
" RUN;

¢ ‘GOMMARY with NWAY Optiof';

The resulting data set (shown below) contains only the "TYPE_ =3 values.

Listing of Data Set SUMMARY with NWAY Option

M_WEIGHT
OBS GENDER REGION _TYPE_ _FREQ_ M_HEIGHT |
120.0
3 2 65.5000

2 ; Nortll: 3 4 65.3333 149.5
: N South 3 2 71.0000 210.0
: ¥ t;gfxth 3 2 71.0000 182.5
4 M

The value of the variable _FREQ_ is the number of observations (mlilssilzllgr(t)lr1
nonmissing) in each subgroup. For example, there were two females fré)m tk sowothe
so FREQ. =2 in observation 1 in the summary data set. If you need to




W

e

s 210.0
71.0000 182.5

Listing of pata Set §

with Requests for N= and MEAN=

OBS GENDER REGION _TYPE_
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number o issing v i
f nonmissing values that were used in computing the requested statistics

llldude arm quest fi T N— mny p
€ O our output daf a £t’s delﬂol strate thls Wlth the
d ta set.

PROC MEANS DATA=DEMOG NOPRINT NWAY;
CLASS GENDER REGION; '
VAR HEIGHT WEIGHT;

OUTPUT OUT=SUMMARY
N=N_HEIGHT N_WEIGHT

MEAN=M_HEIGHT
- M_WEIGHT; :

PROC PRINT DATA=SUMMARY;
TITLEL 'Listing of Data.get §

TITLE2 and ¥
o 2 'with Requests for Ne and MEAN

In this program, we hav
N_WEIGHT to represent the
output, shown below, makes th
N= variable clear:

e chosen the variable names N_HEIGHT and
number of nonmissing observations. The resulting
e difference between the value of _FREQ_ and the

UMMARY with NWAY Option

_FREQ  N_HEIGHT N_WEIGHT M_HEIGHT M_WEIGHT

F  North

: s : i 2 2 65.5000 120.0
X e ; ) : 421 65,3333 149.5
. ; : : : 71.0000

Observe that the value for N_HEIGHT
value of _FREQ_ is 4 (there was a missin
Finally, if you use the NWAY op

s 3 for females from the South, whil

,while the
g HEIGHT for a female from the South).
tion, there is not much need to keep the
data set option to
ow:

_T.YPE._ var.iable in the output data set. You can use 2 DROP=
omit this variable. The program, modified to do this, is shown bel
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Some lazy programmers sometimes omit the variable list following a request for
a statistic when only one statistic is requested. For example, if you only want means
for each combination of GENDER and REGION, you would write:

PROC MEANS DATA=DEMOG NOPRINT NWAY;
CLASS GENDER REGION;
VAR HEIGHT WEIGHT;
OUTPUT OUT=SUMMARY (DROP=_TYPE_}
: ’ MEAN=;
. 'RUN;

Using this method, the variable names in the new summary data set will be the
same as listed on the VAR statement. That is, the variable name representing the
mean height will be HEIGHT, and the variable name representing the mean weight
will be WEIGHT. This is probably a bad idea since you may get confused and not
realize that a variable name represents a summary statistic and not the original
value. (Actually that other author would not even put in (DROP=_TYPE_)
since it takes up too much time and he doesn’t mind the extra variable in the
printout.)

L Outputting Statistics Other Than Means

We saw that PROC MEANS can create an output data set, using an OUTPUT state-
ment, which contains means for each variable in the VAR list for each level of the
variables in the CLASS or BY statement. We used the keyword MEAN= to indicate
that we wanted to output means. Any of the options that are available to be used
with PROC MEANS (see Section B) can also be used to create variables in the data
set created by PROC MEANS, For example, if we wanted our new data set to con-
tain the mean, standard deviation, and maximum value, we would write:

ROC ‘MEANS DATA=DEMOG NOPRINT HWAY;
CLASS: GENDER REGION;
7. 'VAR ‘HRIGHT WEIGHT;

~ OUTPUT OUT =STATS .
MEAN=M_HRIGHT N WEIGHT

BTD =4 MEIGHT

Notice that we MUST include a list of variable names after the keywords
MEAN=, STD=, and MAX= since we need to have a different variable name for
each of these statistics. The resulting data set (STATS) will include the variables
GENDER and REGION as well as the variables representing the mean, standard
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deviation, maximum, and the two vari
en. , 0 variables _TYPE_and _FREQ_ created by the

J. Creating a Summary Data Ser Containing a Median

S
VJXEIPA}"}%E l;rf)l;}l/:f:sgoes not compute medians, you will need to use PROC UNI-
0t 1o construct a summary data set containing that statist;
f st
fltlitements to create an output data set using PROC UNIVARIA’%E areS i?iz:]rslttlicc.aﬂll‘ftlz
ones you used with PROC MEANS except that you must use a BY statement

]athe] than a CLASS statement since }ROC IJI VARIAIE dOCS 0t SuppOIt a
:LI \SS S!a[fl[]ellt (‘OU bad) U '

The keywords used to output statistics when using PROC UNIVARIATE are
pter. To output both means and medians

the same ones listed in Section C of this cha
to a summary data set, you could write:

“PROC SORT- DATA<DEMOG; -
Y GENDER REGION;

F

PROC UNIVARIATE DATA=DEMDG NOPRINT;'

BY GENDER REGION; ~ -

QATA=SW; c )
PITLE *pi t BUMY;
i LE ‘Listing of Data Set BUMY;

The resulting output data set s listed below:

e —  —

Listing of Data Set SUM

OBS GENDER REGION N ET N WI MEAN HT MEAN WT MED_HT MED WT

1 F
2 : g:lrl:ll: i f 25.5000 120.0 65.5 120.0
5.3333  149.5 ‘
: . 65.0 135.0
; :: :orth 2 2 71,0000 210.0 71.0 210.0
outh 2 2 71.0000 182.5 71.0 182:5

-_—
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Problenis

21, Add the necessary statements to compute the number of males and females in
problem 1-1.

2.2, Given the data set from problem 1-2, use SAS software to compute the number of
Whites (W) and Blacks (B). Use the appropriate option to omit cumulative statistics
from the output.

2.3, Run the program below to create a SAS data st called PROB2_3, containing variables
X,Y,Z,and GROUP:

(a) Write the SAS statements fo generate a frequency bar chart (histogram) for
GROUP.

(b) Write the SAS statements to generate a plot of Y vs. X (with “Y” on the vertical
axis and “X” on the horizontal).

(c) Write the SAS statements to generate a separate plot of Y vs. X for each value of
the GROUP variables.

2-4. We have recorded the following data from an experiment:

SUBJECT DOSE REACT  LIVERWI  SPLEEN

| 1 54 102 89
2 1 59 98 73
3 1 48 122 91
4 1 69 1138 838
5 1 158 109 90
5 7 49 138 66
7 7 50 120 9
8 5 67 105 80
9 2 182 119 69
10 2 55 59 o

Use PROC UNIVARIATE to produce histograms, normal probability plots, and box
plots, and test the distributions for normality. Do this for the variables REACT,
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. ID TYPE  SCORE
LIVER_WT, and SPLEEN. first for ai] subjects and then separately for each of the two

DOSES.

1 A 44
1 B 9
2:5. What's wrong with the following program? 1 C 203
2 A 50
2 B 7
2 C 188
DATA 123; 3 A 39
INPUT AGE STATUS PROGNOSIS DOCTOR GENDER STATUS2 3 B 9
STATUS3 ; 3 C 234
(data lines) BY st
; S or BY state-
PROC CHART DATA-123 BY GENDER; Write a progra to read these data and produce means, (Hivr: A CLAS
VBAR STATUS ' ment might come in handy.)
VBAR PROGNOSIS;

RUN; . ¥
“PROC PLOT DATA=123;

‘DOCTOR BY PROGNOSIS;
“RUN;

26. Giventhe data set:

Target Number  Numberof  Unis
Salesperson compary  ofvisits  phone calls sold

Brown American 3 12 28,000
Johnson VRW 6 4 33,000
Rivera Texam 2 6 8,000
Brown Standard 0 2 0
Brown Knowles 2 19 12,000
Rivera Metro 4 8 13,000
Rivera Uniman 8 7 27,000
Johnson Oldham 3 16 8,000
Johnson Rondo 2 14 2000

(a) Write a SAS program to compare the sales records of the company’s three sales
people. (Compute the sum and mean for the number of visits, phone calls, and units
sold for each salesman.) Note that the values for “Units sold” contain commas,
Since you don’t know how to read data values with commas (you use a COMMA
informat), omit the commas when you enter your data values,

(b) Plat the number of visits against the number of phone calls, Use the value of Sales-

person (the first character in the name) as the plotting symbol (instead of the usual
A,B,C,ete.).

(¢) Make a frequency bar chart for each Salesperson for the sum of “units sold”

*2-7. You have completed an experiment and recorded 2 subject ID, and values for variables
A, B, and C. You want to compute means for A, B and C but, unfortunately, your lab
technician, who didn’t know SAS programming, arranged the data like this:
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Analyzing Categorical Data

A. Introduction
B. Questionnaire Design and Analysis
C. Adding Variable Labels
D. Adding “Value Labels” (Formats)
E. Recoding Data
F. Using a Format to Recode a Variable
G, Two-way Frequency Tables
H. A Short-cut Way to Request Multiple Tables
L Computing Chi-square from Frequency Counts
J. A Useful Program for Muitiple Chi-square Tables
K. McNemar's Test for Paired Data
L. Odds Ratios
M. Relative Risk
N. Chi-square Test for Trend

0. Mantel-Haenszel Chi-square for Stratified Tables and Meta
Analysis

P. “Check All That Apply” Questions

A, Introduction

This chapter explains ways of analyzing categorical data as well as step-by-step in-
structions for analyzing questionnaires, Variables such as gender, sick or well, success
or failure, and age group represent categories rather than numerical values. We use
a number of statistical techniques such as tests of proportions and chi-square with
variables of this type.

You may notice a substantial enlargement of this topic from our previous edi-
tion. This is the result of expanded techaiques from the SAS procedures used on cat-
egorical data and some techniques such as meta analysis that have become
increasingly popular in many fields,
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B. Questionnaire Design and Analysis

. . N "
A common way to collect certain types of data is by u.smgS a qulest(ljonl;lin(r)i :;:;Zocl:)i :
igned 1 s, the accompanying Sample Que:
these can be designed in many ways, \ "
tains features that make it especially useful whe?1 téle cgllecu;cji tiagle?;ge ;(ial[)]cl:] o
i t an approach based on
tered into a computer. We presen 1y
entered into the computer, which is probably the most common approach for m

For office use only

SAMPLE QUESTIONNAIRE D D D D

L1

1. Agein years

(Questions 2-4: Please check the appropriale category.)

2. Gender 1=Male [:l
__ 2=Female
3, Race ___ 1=White

__ 2=African American

____ 3=Hispanic D

__ 4=0Other

4, Marital Status:
__ 1=Single
____ 2=Married
__ 3=Widowed D
____ 4=Divorced

5. Education Level:
____ 1=Highschool or less
2=Two year college
" 3-Four year college (BA. or BS) N
: 4=Post graduate degrec

For each of the following statements, please enter a NUMBER frfo;n
the list below, on the line to the LEFT of each question. Use the fol-

lowing codes:

1=Sirongly disagree  2=Disagree 3=Neutral
4=Agree 5=Strongly agree

6. The president of the U.S. has been doing a good job.

7. The arms budget should be increased.

HEEEN

8, There should be more federal aid to big cities
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researchers. However, software is available that allows researchers to design ques-
tionnaires which are scannable on standard PC scanners. Researchers doing a lot of
work with questionnaires should investigate that possibility.

Notice that every response in this questionnaire is placed in a box by a coding
clerk, and that the boses are all on the right side of the page. This will facilitate the
Jobof transferring the data from the survey instrument to our computer. One should
be careful, however, not to ignore the person who is filling out the questionnaire, It
the questionnaire confuses the tespondent, it will not matter how easy the data are
to enter. With this in mind, many experienced questionnaire designers would place
the choices for questions 6 through 8 below each of these items and have the re-
spondent check his choice,

The typical method of coding data from a questionnaire of this type is to enter
the data into a computer by using a wordprocessor, a specialized data entry pro-
gram, a spread sheet (such as Lotus ™ gr Excel (), or by using a data-base man-
agement program (such as Paradox ™), Access ™). o DBase (™. Tn the case of
the wordprocessor or data entry program, we would probably set aside certain
columas for each variable, Where a data base Management system is used, the data
caneither be written to a text file or converted directly toa SAS system file if the ap-
propriate software is available. There are also key-to-tape systems for large com-
mercial applications, Another option is the use of an optical mark sense reader for
large volume data entry requirements. It is preferable to design the questionnaire so
that the data can be entered directly from the questionnaire, rather than having to
be transcribed first to a coding form.

We might decide to enter our questionnaire data as follows:

Column Description Variable Name
13 Subject ID D
45 Age in years AGE
6 Gender GENDER
7 Race RACE
8 Marital status MARITAL
9 Education level EDUC
10 President doing good job PRES
11 Arms budget increased ARMS
12 Federal aid to cities CITIES

Typical lines of data would look like:

001091111232
002452222422

Notice that we have not left anty spaces between the values for each variable,
This is a common method of data entry since it saves space and extra typing. There-
fore, we must specify the column location for each variable. Our INPUT statement
for this questionnaire would be written:

INPUT ID 1-3 AGE 4-5 GENDER § 6 RACE § 7 ARTTAL § 8EDUC 49
PRES 10 ARMS 11 CITIES 1%
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Some programmers find it easier to read INPUT statements if written one vari-
able per line, thus:

INPUT ID 1-3
AGR 4-5
GENDER § 6
RACE § 7
MARITAL § 8
BpUC § 9
PRES 10 .
ARMS 1

CITIES  12;

Don't forget the semicolon at the end of the INPUT statement if you use this
roach. o
w Each variable name is followed by its column designation. We chose to store lclialta
values for GENDER, RACE, MARITAL, and EDUC as characters, even though we
i : for doing this s to save storage space on
are coding the values as numbers. Ox}e reason .
the compiter disk. Another reason is that we would be ughkell): to perlform an})lf ;ryzie

i i i iable such as RACE. Storing these values as ¢ -
of arithmetic operation on a variab ‘
ters helps remind us that the numerical values are merely the names of categories.

A common occurrence with questionnaires is that some resppndent§ do n<l>t ?t?
swer all the questions. With a list INPUT statement (one in Whl(.:h we list only ! g
variable names and not the column designations) we use a period to replres;:,nw
missing value; with our columa INPUT statement we leave the column(s) b an h ﬁ
can do this si;lce it is the columns, not the order of the data, that determine whic

ariable is being read. ' ‘ _
' A completeg SAS program shown below, with some sample.lmes of data, calﬁu
lates the mean age of the respondents and compute frequencies for all the other
variables:

2 § 7 MARITAL § § RDUC § 9
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[Continued]

PROC FREQ DATA=QUEST;

TITLE 'Frequency Counts for Categorical Variables';
TABLES GENDER RACE MARITAL EDUC PRES ARMS CITIRS;
RUN;

We have chosen to supply PROC MEANS with options to print statistics to two
decimal places and to compute N, the number of nonmissing observations, the mean,
and standard deviation.

We listed the variables GENDER, RACE, MARITAL, EDUC, PRES, ARMS,
and CITIES in our PROC FREQ TABLES statement. A shortcut method for spec-

ifying a list of variables in a SAS data or PROC step is the - (two dashes together)
notation. The convention

variable name 1 -- variable_name 2

means to include all the variables from variable_pame 1 to variable_name_2 in the

order they exist in the SAS data set. A TABLES statement equivalent to the one
above, using this shortcut method, is:

TABLES GENDER -- CITIES;

The statement “in the order they exist in the SAS data set” is particularly im-
portant when using this particular short-cut method of specifying variable lists. In
this case, the order is the same as the order og the INPUT statement. As you will
see later, such SAS statements as LENGTH, ARRAY, and RETAIN can affect
this order.

While we are on the topic of variable list Rotation, ROOTn-ROOTm is used to
refer o all variables with the same alphabetic root, from the nth to the mth numeric
ending. For example, ABC1-ABCS is equivalent to: ABCI ABC2 ABC3 ABC4
ABCS. 1t is convenient to name certain variables using the same root with a number
ending so we can use the single dash notation any time we want to refer to part orall
of the list. If we recorded the response to 50 multiple-choice questions in a test, con-
venient variable names would be QUES1, QUESY,...up o QUESS0. Then, if we
wanted frequencies on all 50 variables, the tables request:

TABLES QUES1-QUES50;

would do the trick. It is not necessary for the variables (o be in any particular order
in the data set when this notation is used.

In this questionnaire, we have not requested any statistics for the variable ID.
The ID number only serves as an identifier if we want {0 go back to the original ques-
tionnaire to check data values, This is a highly recommended procedure. Without an
ID variable of some sort, when we discover an error in the data, it is difficult to find
the original questionnaire to check on the correct value. Even if you did not include
an ID on the questionnaire, number the questionnaires as they are returned, and
enter this number in the computer along with the other Tesponses.
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A sample of the output from PROC FREQ is shown below:

e

Frequency Counts for Categorical variables

cumulative Cumulative

rcent
GENDER  Frequency Percent Prequency Pe:

4 66.7
66.
) ; 33.3 6 100.0
2
Cumulative Cunmlati:e

RACE Frequency Percent Frequency “lfx_:r_.'fx-l"
------------------------------------ 0
1 3 50.0 k| Zg :

2 33.3 5 .0
: 1 16.7 6 100.

cumulative Cumulative
percent Prequency  Percent

MARITAL  Frequency

2 33.3

2 33, ;

2 2 33.3 4 gga

; 1 16.7 5 .0

‘ 1 16.7 6 106.
4
L

C. Adding Variable Labels

i i i have to refer back to our cod-
st znotfh;;il LI;‘;L: g:;i’:ll)fl:e names,. Some variable names
d no explanation; others like PR_ES and CITIES do.
h each variable name by using LABEL state-
he variable name in certain proce-
S The general form of a LABEL

We can improv ly
ing scheme to sce the definitio
like GENDER and R/_&CE rlleg "
We can associate a variable abe wi \
ment. These labels will be printed along w1}t3h AtN
dures such as PROC FREQ and PROCM

statement is

BEL varisble name =

» can contain up to 40 characters (each blank counts as af

{ be enclosed in single or double quotes (but not a mxtyre }(1)
e The LABEL statement can be placed anywhere in the
: lude variable labels, follows:

The “description

character) o
both, e.g. “Description : ‘
DATA step. Our program, rewritten to Inc
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DATA QUEST;

INPUT ID 1-3 AGE 4-5 GENDER § 6 RACE § 7 MARTTAL § 8 EDUC § §
PRES 10 ARMS 11 CITIES 12;

LABEL MARITAL='Marital Status'
BDUC='Bducation Level’
PRES='President Doing a Good Job'
ARMS='Arms Budget -Increase’
CITIES='Pederal Aid to Cities';

DATALINES;
001091111232,
002452222422

~003351324442
1004271211121
-005682132333

006651243425

EROC, FREQ DATA=QUEST;
. TITLE 'Prequency C
TABLES GENDER RACE MARITAL EDUC PRE

Notice that we did not supply variable labels for all our variables, The ones you
choose are up to you, Now, when we run our program, the labels will be printed

along with the variable names in our PROC FREQ output. A sample of the output
from this program is shown below:

Frequency Counts for Categorical Variables

Cumulative Cumulative
GENDER  Prequency Percent Frequency  Percent

Cumulative Cumulative
RACE  Frequency Percent Frequency Percent

1 3 50.0 3 50.0
2 2 33.3 5 83.3
3 1 7 6 100.0
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[Continued]
Marital Status
Cumulative Cumulative
MARITAL Frequency Percent Frequency Percel_ni )
----------------- ;““- 33. 2 33.3
2 2 33 4 66.7
; 1 1 5 83.3
. 1 6 100.0
4 ~
Education Level
cumulative Cumulative
EDUC Frequency Percent Frequency Percexf )
;. ------ 1 16.7 1 lg . g
2 2 33.3 3 53 . :
3 2 33.3 5 83.
4 1 16.7 6 100.0
president Doing a Good Job
Cumulative Cumulative
PRES Frequency Percent Prequency Perce_ax_l&_
—“1“- 1 16.7 1 ;g;
2 1 16.7 2 : . :
3 1 16.7 3 5
4 3 50.0 6 100.0
Armg Budget Increase
cumylative Cumulative
ARMS Frequency Percent Frequency Percex_lt_:_
----------------------------------- 50.0
50.0 3
: ; 3 5 83.3
i 1 1 6 100.0
Pederal Aid to Cities
cumulative Cumulative
CITIES Frequency Percent Frequency Pffc_x_ex_]t_:_
----- ;— ) 1 16.7 1 é: . :l]
2 3 50.0 4 N . :
3 1 16.7 5 .
5 1 16.7 6 100.0

65
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D, Adding “Value Labels” (Formats)

We would like to improve the readability of the output one step further. The re-
maining problem is that the values for our variables (1=male 2=female etc.) are
printed on the output, not the names that we have assigned to these values, We
would like the output to show the number of males and females, for example, not the
number of 1's and 2's for the variable GENDER. We can supply the “value labels”
In two steps,

The first step is to define our code values for each variable. For example,
1=Male, 2=Female will be used for our variable GENDER. The codes 1=str dis-

agree, 2=disagree, etc. will be used for three variables: PRES, ARMS, and CITIES,
SAS software calls these codes formats, and
that name.

The second step, shown later, will be to associate a FORMAT with one or more
variable names. Below is an example of PROCFORMAT used for our questionnaire:

we define the formats in a procedure by

PROC FORMAT;
VALUE SSEXFMT  '1'='Male' '2'='Pemale’;
VALUE $RACE '1'='White' ‘'2'='African Am.' '3'='Bigpanic'

'4'='0ther';
VALUE $0SCAR '1'='Single' '2'='Narried' '3'u!

‘4'="'Divorced';
VALUE $EDUC '1'="High Sch or Less'

: '2'="Twg Yr. College'

'3'='Four Yr. College'

'4'='Graduate Degree';
VALUE LIKERT: . 1='Str Disdgree’ -
‘3="Neutral®
“4="agree’
5='8tr Agree';

Widowed'

The names §SEXFMT, $RACE, $OSCAR, $EDUC, and LIKERT are format
names. (An aside: We chose the name LIKERT since scales such as I=strongly dis-
agree, 2=disagree, 3=neutral, etc, are called Likert scales by psychometricians.)
You may choose any name (consistent with naming conventions, with the excep-
tion that they cannot end in a number or be identical to a SAS supplied format) for
your formats. It is best to give names that help you remember what the format wil]
be used for. As a matter of fact, you can use the same name for a format and for a
variable without confusion. Notice the silly format name $OSCAR used to format
values of the variable calied MARITAL. We did this just to emphasize the fact that
format names do not have to be related to the variables they will be used to for-
mat. Format values can be up to 40 characters long but should be restricted to 16

characters since this is the number of characters that will appear in a cross tabula-
tion or frequency table.
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jarl with a § sign. Notice the format

e “a;n/[;’f églitggagggéilfi,b;?drggslt)s(;{gﬂese formats will alfl E;: uieg ts

ga;inrfc: iasxlii(sl:for éharacter’ variables. Notice that the Val'lal&:; tll;evloelg ?Om;—vahgle
e ' : i
d in single quotes for character varl

i ?150 Ee :ilrllill?j:uotes, eiclose 1t with double quotes. RACE. LIKEK.
e h lz'e defined a set of formats (such as $SEXFMT, ,ewe oK

oo n the formas to the appropriate vanaples.]ust becal;ls e b
B aISESS;UC for example, does not mean that this format has eus v
e fiformal$ al’led EDUC. We need another SAS statement that in tmian
S %?t‘)le Csed or associated with which variables:Formats'tatem?nus § ¥
Whi;hgorm?ﬁ ;V:)R;/IUAT followed by a single variable ora hs;.otf vfarljrlilelzs{e an\zor_
ot ed wi ceding variables. The List of varia
T s o bf):saesd r:;:z'tlti‘relezr:s necegssary and ends with a semlcol?rll.asnzlss
ot k Conmt‘lllj: Sdifference l;etween our variable names and our formal
Sf)ﬂwafe o riod after each format name in our format statement. —
e ts can be placed within a DATA step or as a statem a2

s Stfatemixnoose to place our format statement in the DATA ;t;% . Se for
PRt(t) %S\EZE.leIs ::';lcbe associated with the assigned variable(s) for all
matte

OW. Ifwe p ace a format sta ement la] OC ste the for latted ValUCS Wln be
f ! f lace I stati 1 R D,
0

Sed Onlv fOI ﬂlat r()cedu € I]l this example WE Wi | place Oour f()ﬂnat statement in
7 p I
It

i fore
i1l define our formats with PROC FQRMAT bej
e DATA S[ell))./;["}l/e\r:tfg re{h‘/l;ev‘xﬁlatjssociate the format $SEXFMT w1t1.1 tll;le vz;rgglse
CENDER. CE wiﬁ; the variable RACE, and so forth. The varia &sh mi
R $R:I;IES are all “sharing” the LIKERT format. If you loo_k at liec:gon
[\I%Séﬁzstigrllnaire program below, the use of PROC FORMAT and its appli
plete

in other PROCs shoutd become clear.

: ‘= 't 12'='Female’; .
il beint Ii‘—zxize' ';'='A£rican am,' '3'='Hispanic
e ricen
)
:i:::g'ﬂ:ﬁef 12 s"Married' !3'='Widoved’
'4'='Divorced';
-§EDUC '1'='High Sehoor.
= 121" 1vo YT,
13'a"Pour Yr. College':
+4*='Graduate Degree';
LIRERT 1=!8tr Disagree’
i 2='Dis o
3= Neutra
4='Agree’
5e'Str Agree's

INFUT : R § 6 RACE
D 1-3 AGE 4-5. GENDE :
' ;RES 10 ARMS 11 CITIES 12;
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[Continued)

LABEL MARITAL='Marital Status’
EDUC="'Education Level'
PRES='President Doing a Good Job'
ARMS='Arms Budget Increage’
CITIES='Federal Aid to Cities';

PORMAT GENDER $SEXFMT. RACE SRACE, MARITAL $0SCAR
EDUC $EDUC. PRES ARMS CITIES LIRERT.; '

DATALINES;

001091111232

002452222422

003351324442

004271111121

005682132333

006651243425

i

PROC HEANS DATA;OUES’I‘ MAXDEC=2 N MEAN $TD;
TITLE ' Questionnaire Analysis'; '
VAR AGE; : '

RUN;

PROC FREQ DATA=QUEST; :
TITLE ‘Frequency Counts for Categorical vat

m?ums GENDER RACE MARITAL EDUC PRES ARMS C
f f

Output from this program is shown belaw:

Questionnaire Analysis

Analysis Variable : AGE

Frequency Counts for Categorical Variables

Cumulative Cumulative
GENDER  Frequency Percent Frequency  Percent
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{Continued]
Cumulative Cumulative
RACE Frequency Percent  Frequency Percent
White 3 50.0 3 50.0
African Am. 2 33.3 5 83.3
Higpanic 1 16.7 [ 100.0

Marital Status

Cumulative Cumulative
MARITAL Frequency Percent Frequency Percent

Single 2 33.3 2 33.3
Married 2 33.3 4 66.7
Widowed 1 16. 5 83.3
Divorced 1 16. 6 100.0
Education Level
Cumulative Cumulative
EDUC Frequency Percent  Frequency Percent

High Sch or Less 1 1
Two Yr. College 2 33.3 3 50.0
Four Yr, College 2 5
Graduate Degree 1 [

president Doing a Good Job

Cumulative Cumulative
PRES Frequency Percent Frequency Percent

Str Disagree 1 16.7 1 16.7
Disagree 1 16.7 2 33.3
Neutral 1 16.7 3 50.0
Agree 3 50.0 6 100.0

Arms Budget Increase

Cumulative Cumulative
ARMS  Frequency Percent Frequency Percent

Disagree 3 50.0 3 50.0
Neutral 2 33.3 5 83.3
Agree 1 16.7 6 100.0

Cowmeds S steresr
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Federal Aid to Cities
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{Continned]

EDUC $EDUC. PRES ARMS CITIES LIKERT.
AGEGRP AGEFMT.;

DATALINES;

(data lines)

Cumulative Cumulative
CITIES Frequency Percent Frequency Percent

Str Disagree 1 1

Disagree 3 5
1 1
1

PROC FREQ DATA=QUEST;
TABLES GENDER -- AGEGRP;
RUN;

Neutral
Str Agree

Several new features have been added to the program. The major additions are
the four IF statements following the INPUT. With the DATA statement, the pro-
gram begins to create a data set. When the INPUT step is reached, the program will
read a line of data according to the INPUT specifications, Next, each IF statement is
evaluated. If the condition is true, then the variable AGEGRP will be set to 1, 2,3,
or 4. Finally, when the DATALINES statement is reached, an observation is added
1o the SAS data set, The variables in the data set will include all the variables listed
in the INPUT statement as well as the variable AGEGRP. The variable AGEGRP
may be used in any PROC just like any of the other variables. Be sure there are no
“cracks” in your recoding ranges. That is, make sure you code your IF statements so
that there isn't a value of AGE that is not recoded. If that happens, the variable
AGEGREP for that person will have a missing value. Notice that the first IF state-
ment is written:

Notice how much easier it s to read t

o his listing com i i
which did not contain labels of formats g compared to the earlier version

E. Recoding Data

Izathe “[I)ll;evxpus questionnaire example, we coded the respondents’ actual age in
years. What if we want to look at the relationship between age and the questions 6-

8 (opinion questions)? It mi i
? ght be convenient to h i indi
age group rather than the person’s actual ok at e et
plishing this.
Look at the following SAS statements:

age. We will look at two ways of accom-

IF 0 <= AGE <= 20 THEN AGEGRP=1;
and not like this:
IF AGE <=20 then AGEGRP=1;

The reason is subtle. SAS stores missing values as —0 raised to a power. You
don't need to understand what this means but you do need to know that SAS pro-
grams treat missing values as negative infinity for ordering purposes. That is, a miss-
ing value will be considered lower than any numeric value. Thus, the above IF
statement will be true for missing values as well as the valid ages from 0 to 20. An-
other way of writing the statement:

IF 0 <= AGE <= 20 THEN AGEGRP=1;

IF AGE <= 20 AND AGE NE . THEN AGEGRP=1;
or
IF AGE >= 0 AND AGE <= 20 THEN AGEGRP=1;

Feel free to choose whichever method makes most sense to you. The other IF
statments can also be written using an alternative syntax. For example, you could
write the IF statement for AGEGRP =2 as:

IF AGE > 20 AND AGE <= 40 THEN AGEGRP=2;
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A complete list of the SAS i
st comparison operators is show, : Ei
two-letter abbreviations or the symbols may beplfsed o el Eiher th

Definition Symbol(s)
Equal to
= El
Greater than > g G('l)"
Less than < o LT
Greater than or equalto  >= or GE
Less than or equal to <= or LE
Not equal to "= or NE
(NoTe: ~= is an alternative not equal symbol)
A better way to wri i
ite multiple IF state i
e B F T pl ments 15 to use an ELSE before all but

-THEN/ELSE statements would then look like this:

IF 0 <= AGE <= 20 THEN AGEGRP=1;
ELSE IF 20 < AGE <= 40 THEN AGEGRD=3;
ELSE IF 40 < AGE <= 60 THEN asscnp=3'
ELSE IF AGE > 60 THEN AGEGRP=4;

.
i

Th .
fouow;] gefévicst gfs tgfeiiﬁi Ztrzllzgentsdls T;l]lat \dvhen any IF statement is true, all the
. Ipped. The advantage is to reduce ¢ er i
(since all the IF do not have to be tested) and to avoid the following (:;I;)[;u:;;;)?;?f

lem. Can you see what will ha i
sliesat 1230 ppen with the statements below? (Assume X can have

IFP X=1 THEN Xe5;
IF X=2 THEN X=4;
IF X={ THEN x:2;
IF X=5 THEN X=1;

What i
o Ofgagizns when X is 17 The first [F statement s true. This causes X to have
. 1he next two IF statements are false, but the last IF statement is true

Xis back to 1! The ELSE sta i
! tements, besid i i
problem above. The correct coding is: P g compter i prevent e

One final note: If all we wanted
_ . to do was recode X = =
3=3 4=2 and 5=1, thestatement otat1=3, 2=4,
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= 6-X;

would be the best way to recode the X values. Check it out.
Notice that we added a line to the LABEL section and to PROC FORMAT to

supply a variable label and a format for our new variable.

E  Using a Format to Recode a Variable

There is another way of recoding our AGE variable without creating a new variable.
We use a“trick.” By defining a format and associating it with a variable, we can have
SAS software assign subjects to age categories. The formats can be associated with a
variable in the DATA step or directly in a PROC. If you include a format statement
in the DATA step, the format will remain associated with the variable for all follow-
ing procedures. If you include a format statement within a procedure, that association
remains only for that particular procedure. Also, remember that the actual “internal”
value of the original variable has not changed. So, if you place a format statement
within a DATA step and associate a format with a variable, all computations regard-
ing that variable still involve the otiginal value. You can still compute means (with
PROC MEANS), for example, on AGE even though it has an associated format. Itis
only in such procedures as PROC FREQ or when used as a CLASS variable that the
associated format has an effect. So, to continue with our example, we write:

'0-20'

21-40'

'41-60"

“Greatér than 60%

As you can see, instead of single values to the left of the equals sign, we are sup-
plying a range of values. SAS software will not let us specify overlapping ranges
when defining formats. Thus, LOW- 20="Very Young’ and 15-30="Young’ are not al-
lowed. The special words HIGH and LOW are available to indicate the highest and
lowest values in the data set {not counting missing values) respectively, Thus, the
term LOW-20 refers to all values from the lowest value up to and including 20. Re-
member, the keyword LOW does not include missing values.

One additional keyword, OTHER, can be used to match any data value not in-
cluded in any of the other format ranges. Thus, you can use the form:

Hi-60" :
‘greater than 60 -
1Did Not Anewer®:
'0ut of Range';




T4 Chapler3 / Analyzing Categorical Data

As you would expect, the . = ‘format label’ allows you to supply a label to miss-
ing values.

Once we have defined a format, we can then associate it with a variable, either
in the DATA step or in the procedure itself. For example, we can write a TABLES
statement on the original variable (such as AGE). By supplying the format informa-
tion using the format AGROUP for the variable AGE, frequencies will be computed
for the new categories instead of the original AGE values. In this example, we place
the format statement in the appropriate PROC rather than in the DATA statement
since we want to use the recoded values only for PROC FREQ.

Thus, the SAS statements:

PROC FREQ DATA=QUEST;
TABLES AGE;
FORMAT AGE AGROUP.;
RUN;

produce the following output:

Cumulative Cumulative
AGE  Frequency Percent Frequency Percent

o 1o 167 1 16.7
21-40 2 33.3 3 50.0
41-60 1 16.7 4 66.7

2 3. 6 100.0

While on the topic of creating formats, we mention a few other ways to rep-
resent format values. You can combine specific codes and code ranges in a single
format statement. Suppose we assigned the codes 1-3 to the colors ‘Red”, ‘White',
and ‘Blue’, and codes 0, and 4 through 9 to other colors. The codes 0, and 4 through
9are to be lumped together and called ‘Other Colors’, and any other codes are to be
labeled as ‘Out of Range’. The VALUE statement to create a SAS format called
COLOR, which meets these specifications, is shown below:

A series of values or ranges of values can be separated by commas. In this exam-
ple, either a 0 or any number from 4 through 9 will be formatted as ‘Other Colors’. A
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icati i large number of categories into a
ood application of this would be to regroup a 1be gories into
fmaller number of categories. Suppose we had coded our original questionnaire with

five levels of RACE:

1=WHITE 2=SPANISH AMERICAN 3=ORIENTAL 4=AFRICAN AM. 5=0THER

Now, for a particular analysis, we want to have only lhr;e groups, WHITE,
AFRICAN AM.,and OTHER. A quick and easy way to do this is to supply a format
like the following:

11t
[FY) .
|2|,|3v'i§51

The advantage of this method of grouping values is that you don’} have to cre-
ate a new data set or make new variables. All that is necessary is to write the PROC
FORMAT statements to create a niew format and add a format statement to the pro-
cedure where you want to use the new grouping.

G. Two-way Frequency Tables

i i i indivi iables, we may have occasion to
Besides computing frequencies on individual variables, : ¢
count occurrences of one variable at each level of another variable. An example will
make this clear. Suppose we took a poll of presidential prefergnce and also recorded
the gender of the respondent. Sample data might look like this:

GENDER ~ CANDIDATE

M DEWEY
F TRUMAN
M TRUMAN
M DEWEY
F TRUMAN

etc.

We would like to know (1) how many people were for Dewey and how many for
Truman, (2) how many males and females were in the §ample, and (3) how many
males and females were for Dewey and Truman, respectively.

A previous example of PROC FREQ shoyvs how to perform tasks (1) and (2).
For (3) we would like a table that looks like this:

GENDER
F M

DEWEY 70 40 | 110

TRUMAN | 30 40 70

100 80 180
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I this were our table, it would show that females favored Dewey over Truman
70 to 30, while males were split evenly. A SAS program to solve all three tasks is:

DATA ELECT;
INPUT GENDER § CANDID § ;
DATALINES;
M DEWEY
P TRUMAN
M TRUMAN
M DEWEY
F TRUMAN
(more data lines)

¥
PROC FREQ DATA=ELECT;
TABLES GENDER CANDID
CANDID*GENDER;
RUN;

Notice that since the variables GENDER and CANDID are coded as charac-
ter values (alphanumeric), we follow each variable name with a § in the INPUT
Statement. Another fact that we have not mentioned thus far is that the VALUES
of our character variables also cannot be longer than eight letters in length when
using the “list” form of the INPUT statement, unless we modify our INPUT state-
ment to indicate this change, So, for the time being, we cannot use this program for
the Eisenhower/Stevenson election (without using nicknames).

The first two TABLES are one-way frequency tables, the same type we have
seen before; the TABLE specification, CANDID*GENDER is a request for a
two-way table,

What would a table like the one above tell us? If it were based on a random
sample of voters, we might conclude that gender affected voting patterns. Before we
conclude that this is true of the nation as a whole, it would be nice to see how likely
it was that these results were simply due to a quirky sample. A statistic called chi-
square will do just this.

Consider the table again. There were 180 people in our sample, 110 for Dewey
and 70 for Truman; 100 females and 80 males. If there were no gender bias, we would
expect the proportion of the population who wanted Dewey (110/180) to be the
same for the females and males, Therefore, since there were 100 females, we could
expect (110/180) of 100 (approximately 61) females to be for Dewey. Our expecta-
tions (in statistics called expected values) for all the other cells can be calculated in
the same manner. Once we have observed and expected frequencies for each cell
(each combination of gender and candidate), the chi-square statistic can be com-

puted. By adding an option for chi-square on our TABLES request, we can have our
program compute chi-square and the probability of obtaining a value as large or
larger by chance alone. Remembering that statement options follow a slash, the
request for chi-square is written as:

TABLES CANDID*GENDER / CHISQ;

Output from the request above is shown next;

Ay
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—

TABLE OF CANDID BY GENDER

CANDID GENDER

Frequency|
Percent |
Row Pct |
Col Pct |F 1M | Total
--------- e et
DEWEY | 70 | 40 | 110
| 38.89 | 22.22 1 61,11
| 63.64 | 36.36 |
| 70.00 | 50.00 I
--------- o= m o=}
TRUMAN | 30 | 40 | 70
| 16.67 | 22,22 | 38.89
| 42.86 | 57.14 |
| 30.00 | 50.00 |
--------- R bbbkt tnial dainbadaiaiedalnd 4
Total 100 80 180

55.56 44.44 100,00

STATISTICS FOR TABLE OF CANDID BY GENDER

Statistic DF Value Prob
Chi-Square 1 7.481 0.006
Likelihood Ratio Chi-Square 1 7.493 0.006
Continuity Adj. Chi-Square 1 §.663 0.010
Mantel-Haenszel Chi-Square 1 7.439 0.006
Figher's Exact Test (Left) 0,998
(Right) 4.91B-03
(2-Tail) 8.73B-03
Phi Coefficient 0.204
Contingency Coefficient 0.200
Cramer's V 0.204

Sample Size = 180

The key to the table is found in its upper left-hand corner. It tells you w"ha[ qll
the numbers in the cells are. By FREQUENCY, we mean the number of subjects in
the cell. For example, 70 females favored Dewey for president. The second number
in each cell shows the PERCENT of the total population. The third number, labeled
ROW PCT, gives the percent of each row. For example, of all the people for D.ewey
(row 1), 70/110 x 100, or 63.64%, were female. The Jast number, COL PCT, is the
column percent. Of all the females, 70% were for Dewey and 30% were for Truman.
In the TABLES request for a two-way cross tabulation, the vanablg t}}at forms the
columns is placed second (e.g, CANDID*GENDERY). In our statistical requests,
rows come first, then columns. N '

For our example, chi-square equals 7.48, and the probability of obtaining a chi-
square this large or larger by chance alone is .006. Therefore, we can say that, based
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on our data, there appears to be a gender bias in presidential preference: There is a
tendency for females to show greater preference for Dewey than males do or, put
another way, for males to prefer Truman,

The number of degrees of freedom (df) in a chi-square statistic is equal to the
number of rows minus one multiplied by the number of columns minus one
((R = 1) x (C - 1)). Thus, our 2 x 2 chi-square has 1 df. Whenever a chi-square
table has 1 df and the expected value of any cell is less than 5, a “correction for con-
tinuity,” called Yates correction, is often applied. SAS software prints out a cor-
rected chi-square value and its associated probability beside the heading Continuity
Adj. Chi-square. Another alternative, when you have small expected values, is to use
Fisher's exact test, which is included in the list of statistics for the table. Remember-
ing that the chi-square test s nondirectional, you will probably want to use the two-
tailed Fisher probability, When the degrees of freedom are greater than 1, it is
desirable that no more than 20% of the cells have expected values less than 5. The
program will print a warning when this condition occurs, This does not mean that
you have to throw your data out if you fall into this situation. This is a situation that
is complex and about which statisticians don’t always agree. Below, we will suggest
one alternative if your df are preater than 1. If you are in doubt, consult your friendly
statistician,

For larger tables (more than four cells) the usual alternative when faced with
small expected cell values is to combine, or collapse, cells. If we had four categories
of age:0-20,21-40,41-60, and over 60, we might combine 0-20 and 21-40 as one group,
and 41-60 and 60+ as another. Another example would be combining categories such
as “strongly disagree” and “disagree” on an opinion questionnaire. We can use either
method of recoding shown in the previous section to accomplish this,

H. A Short-cut Way to Request Multiple Tables

We can use the questionnaire program at the beginning of this chapter to see
another example of a two-way table. Suppose we wanted crosstabulations of
AGEGRP against the three variables PRES, ARMS, and CITIES. We could code:

TABLES (PRES ARMS CITIES)*AGEGRE;

This will generate three tables and s a short way of writing:

TABLES PRES*AGEGRP ARMS*AGEGRP CITIES*AGEGRE;

We can also have multiple-column variables in a TABLE request. Thus:
TABLES (PRES ARMS) * (AGEGRP Gender);

would produce four tables, PRES*AGEGRP, PRES*GENDER,ARMS*AGEGRP,
and ARMS*GENDER.

When you use this method, be sure to enclose the list of variables within
parentheses.

One of the tables generated from this program is shown next:
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TABLE OF PRES BY AGEGRP
PRES (President Doing a Good Job) AGEGRP
Frequency |
Percent |
Row Pct |
Col Pct | 1] 2] 34 4| Total
----------- £ il il bl btk diail dalededatiadeiel: 4 L
(]
Str Disagree | 0| 1] 0|
[ 0.00 | 16.67 | 0.00 | 0.00 | 16.67
] 0.00 | 100.00 | 0.00 1 0.00]
| 0.00 { 50.00 1§ 0.00] 0.001
------------- B e ettt |
0| 1
Disagree | 11 0 01
| 16.67 { 0.00 | 0.00 | 0.00 | 16.67
| 100.00 { 0.00 § 0.00 [ 0.00 |
| 100.00 | 0.00 } 0.00 ] 0.00 ]
------------- T e L et ]
1] 1
Neutral | 0| 01 01
boo0.00 1 0.00 (0 0.001 16.67 | 16.67
boo0.00 1 0.00 | 0.00 (| 100.00 |
| 0.00 1 0.00 | 0.001( 50.001
------------- LR TEE LR LR R L R L L
11 3
Agree ] 01 11 11
s | 0.00 | 16.67 | 16.67 | 16.67 | 50.00
| 0.00 | 33,33 | 33.33 | 33.33 |
I 0.00 | 50.00 | 100.00 | 50.00 |
------------- LRt e e e L
6
Total 1 2 1 2
16.67 33.33 16.67 33.33  100.00

I Computing Chi-square from Freguency Counts

When you already have a contingency table and want to use SAS sofuflare to comPute
a chi-square statistic, there is a WEIGHT statement that makes this task Poss1ble.
Suppose someone gave you the 2 X 2 table below and wanted to compute chi-square:

OUTCOME
Dead  Alive

Control | 20 80
GROUP

Drug 10 90

We could code this by reading in values for GROUP, OUTCOME, and the num-
ber of subjects, COUNT, in the appropriate cell. Thus, we would have:
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DATA CHISQ;

INPUT GROUP $ OUTCOME § COUNT;
DATALINES;

CONTROL: DEAD 20
CONTROL ALIVE 80
DRUG DEAD 10
DRUG ALIVE 90

PROC FREQ DATA=CHISQ;

TABLES GROUP*QUTCOME / CHISQ;
WEIGHT COUNT;
RON;

The WEIGHT statement tells the procedure how many subjects there are for
each combination of OUTCOME and GROUP

J. A Useful Program for Multiple Chi-square Tables

Even though it is a bit early in this book to present more complicated programs, we
presenta short program that allows you to enter the counts for as many 2 X 2 tables
as you wish, and compute chi-square statistics for each table. You may copy the pro-
gram below “as is” and substitute your data lines in place of our sample lines. So,
here is the program without any detailed explanations of how it works:

*
| Program to compute Chi-square for any number of 2’z 2 tables |
I where the data lines conmsist of the cell frequencies. The |
| order of the cell counts is upper left, upper right, lower |
I left, and lower right. To uge this program, substitute your |
| cell frequencies for the sample data lines in this program, |
*

DATA CHISQ;
N+ 1;
DO ROW = 1 TO 2;
DO COL = 1 T0 2;
INPUT COUNT @;
OUTPUT;
END;:
BD;
DATALINES; -
3586
10 20 30 40

’

PROC FREQ DATA=CHISQ;
BY §;
TABLES ROW*COL / CHISQ;

WEIGHT COUNT;

RUN;
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K. McNemar’s Test for Paired Data

Suppose you want to determine the effgct ofan ant.i-cigarette zlidvertlsell?ig[t) on:())e(l)é
ple’s attitudes towards smoking. In this hypothetical example, [:e ash mgm fhe
their attitude towards smoking (either positive: or neg.atlve):We ;}rlx‘s owerimemal
anti-cigarette advertisement and again z.ask tl}eu smoking amt}lde. is expOndin ,
design is called a paired or matched des_xgn since the same subjects aredresgisemei |
a question under two different conditions (befor; and after an a ver e SUCH
Paired designs are also used when a specific person is matchgd onsomec L COH;C[ed
as age and gender, to another person for purposes of analysis. SupPose yo

the data below in your cigarette study (P=Positive; N=Negative):

Subject  Before  After

001 P P
002 P N
003 N N
100 N P

A chi-square test of the type described in Section G is not appropriate here. In-
stead, a McNemar test for paired designs is needed instead. A SAS program to cre-
ate tl;e data set and perform the McNemar test is shown next:

Progran Name: NCNEMAR /6AS 1in Ci\ ST
i ,hmj'rpoge= To perform ¥c'Nemars Chi-square test for

i paired samples ___;I.,
Al e
“"PROC FORMAT}

VALUE $OPINION 'P'='Positive’
'N'='Negative';

PROC FREQ DATA:KCNEMAR; ]
TITLE "McNemar's Test for Paired
TABLRS BEFORE*AFTER / AGREE;

RON;
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Some comments about this program before we study the output. Noti
LENGTH statement immediately before the INPUT staterr?em. By se[iting tt?éllc:ngzﬁ
of the two vaflables BEFORE and AFTER to 1, we only nced a single byte to store
the values. Without the LENGTH statement, the default 8 bytes would be used. To
make the output more readable, we created a format for the two variables BEFORE
and AFT) ER Since the title contains a single quote, we used double quotes to sur-
round the mle.lFinally, the AGREE option on the TABLES statement produces both
1\:IcNen?ar's chi-square as well as a measure of agreement called Kappa. (Coefficient
Kappa is often used as a measure of interrater reliability.) Now for the output:

McNemar's Test for Paired Samples
TABLE OF BEFORE BY AFTER

BEFORE AFTER

Frequency |
Percent |
Row Pot |
Col Pct |Negative|Positive| Total
""""" R e LT E T TP
Negative | 30 | 10 | 40
| 30,00 | 10.00 | 40.00
I 75.00 | 25.00 |
| 40.00 | 40.00 |
""""" L et L DL
Positive | 45 | 15 | 60
| 45.00 | 15.00 | 60.00
| 75,00 | 25.00 |
| 60.00 | 60.00 |
--------- R s Ty
Total 75 25 100

75.00 25.00  100.00

STATISTICS FOR TABLE OF BEFORE BY AFTER

McNemar's Test

............ -

Statistic = 22,273 DF =1 Prob = 0.001

si@le Kappa Coefficient

20 L 95% Confidence Bounds
Kgppa = .~0.000 ASE = 0,077 -0.151 0.151

gample Bize = 100
This output shows us that the McNemar’s chi-square statistic is 22.273, with a

corresponfiing p-value of .001. We conclude that the anti-igarette advertisement
was effective in changing people’s attitudes towards smoking,

-
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I you already had frequency counts for the 2 X 2 table and wanted SAS to
compute McNemar's chi-square, you could use the same technique as in Section L.

L. Odds Ratios

Suppose we want to determine if people with a rare brain tumor are more likely to
have been exposed to benzene than people without a brain tumor. One experimen-
tal design used to answer this question is called a case-control design. As the name
implies, you first start with cases, people with a disease or condition (in this example,
a brain tumor) and find people who are as similar as possible but who do not have
brain tumors. Those peaple are the controls. We provide some data below to demon-
strate some features of a case-control study:

QUTCOME
Case  Control

Yes 50 20 70

EXPOSURE
No 100 130 | 230

150 150 300

Inspection of the table shows a higher percentage of Cases being exposed to
benzene than Controls. To test this, we can compute a chi-square statistic, The results of a
case-control study are frequently reported by an odds ratio and a 95% confidence inter-
val about the odds ratio, Briefly, the odds of a Case being exposed to benzene is 50/100.
The odds of a Control being exposed to benzene is 20/130. Therefore, the odds ratio is

50/100 5 _
0/130 155
If we run PROC FREQ with the CHISQ and CMH (Cochran-Manlel-Haenszel)
options, we obtain a chi-square statistic, the odds ratio, a 95% CI on the odds ratio,
and quite a few additional statistics. A program to analyze the table above and the
resulting output is shown next:

325.

*Program to compute an 0dds Ratio and the 95% CI;

- DATA ODDS;
. INPUT OUTCOME § EXPOSURE § COUNT;

’

‘PROC FREQ DATA=0DDS;
TITLE 'Program to Compute an 04ds Ratio';
TABLES EXPOSURE*QUTCOME / CHISQ CMH;
WEBIGHT COUNT; :

RUN;
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We used an expedient here to ensure that the ‘Yes' row came before the ‘No’
row. We want .the “Yes’ group on top so that the odds ratio will be the odds that a
case (in the first column) is more (or less) likely to be exposed (i.c., EXPO-
SURE = ‘Yels‘)< Since SAS, by default, wili order the valuesina frequenc; tableb
‘the alPhabetlcal order of character variables, by using the names ‘1-YES’ ang
2-NO fqr the' v’ariable EXPOSURE, we forced the program to place the ‘Yes’ row
;)n top {since ‘1" comes before ‘2’,f‘alphabetically”).Another useful trick is to use
ormats for the row or column variables, choosing values that result in the desired
;rdenng of rows a.nd co_lumns, and using the ORDER=FORMATTED option with

ROC FREQ. This option causes PROC FREQ to use the formatted values rather

than the internal raw values when i
: ordering values for tables. The i
program is as follows: Pupfon s

—

Program to compute an 0dds Ratio

TABLE OF EXPOSURE BY QUTCOME

EXPOSURE OUTCOME

Frequency|

Percent |

Row Pct |

Col Pct |CASE ICONTROL | Total

""""""" e bt TR

1-YES ! 50 | 20 | 70
| 16.67 | 6.67 | 23,33
| 71.43 | 28.57 |
[ 33,33 | 13.33 |

"""""" Lt TR R T

2-§o | 100 } 130 | 230
| 33.33 | 43.33 | 76.67
| 43.48 | 56,52 |
| 66,67 | 86.67 |

------- R el b LT PPy

Total 150 150 300

50.00 50.00 100.00

STATISTICS FOR TABLE OF EXPOSURE BY OUTCOME

?Efl_:istic DF Value Prob
Chi-square ; ----------------------
16.770 0.001

Likelih?od Ratio Chi-8Square 1 17.207 0.001
Continuity adj. Chi-8quare 1 15.671 0.001
Mentel-Baenszel Chi-Square 1 16.714 0.001
Figher's Exact Test (Left) 1.000
(Right} 3.12E-05

(2-Tail) 6.25E-05
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[Continued]

phi Coefficient 0.236

contingency Coefficient 0.230
0.236

Cramer's V
gample Size = 300
program to compute an 0dds Ratio

SUMMARY STATISTICS FOR EXPOSURE BY OUTCOME

Cochran-Mantel-Haenszel Statistics (Based on Table Scores)

Statistic Alternative Hypothesis DF value Prob
1 Nonzero Correlation 1 16.714 0.001
2 Row Mean Scores Differ 1 16.714 0.001
3 General Association 1 16.714 0.001

Estimates of the Common Relative Risk (Rowl/Row2}
95%

Type of Study Method value Confidence Bounds
Case-Control Mantel-Haenszel 3.250 1.847 5.719
(0dds Ratio) Logit 3.250 1.819 5.807
Cohort Mantel-Haenszel 1.643 1.285 2,084
(Coll Risk) Logit 1.643 1.333 2,025
Cohort Mantel-Haenszel 0.505 0.364 0.701
(Col2 Risk) Logit 0.505 0.343 0.745

The confidence bounds for the M-H estimates are test-based.

Total Sample Size = 300

The chi-square value is 16.770, which is significant at the 001 level. As we cal-
culated earlier, the odds ratio is 3.25. To the right of this value is the 95% confi-
dence interval (1.847 to 5.719). We interpret this to mean that if we took many
similar samples from the given population, 95% of the computed confidence inter-
vals would contain the true population odds ratio. More practically, we can say that
we are 95% confident that the true population odds ratio is in the interval 1.847 to
5.719 (but don't say it too loudly near a statistician). Also, since the interval does
Bot contain 1, we conclude that the odds ratio of 3.25 is significant at the .05 level,
(In this case we have a chi-square and p-value we can use.) For a case-control study,
the relative risks {labeled cohort) are not interpretable and should be ignored. For
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very low incidence rates. the odds ratio is an acceptable estimate of the relative
tisk, discussed next.

M. Relative Risk

Just as an odds ratio is the appropriate statistic when dealing with case-control stud-
ies, relative risk is the appropriate statistic when dealing with cohort studies, As ag
example, suppose we conducted a prospective cohort study to investigate the effect
of aspirin on heart attacks. A group of patients who are at risk for a heart attack are
randomly assigned to either a placebo (sugar pill) or aspirin. At the end of one year,

the number of patients suffering a heart attack (ML, or myocardial infarction) is
recorded. Some fictitious data are presented below:

QUTCOME
M NoMi

Placebo | 20 80 ‘100

GROUP

Aspin | 15 | 135 | 150

35 215 250

We see that out of 100 patients on placebo, 20 had an ML, giving us an incidence
rate of 20/100, or 20. For patients on aspirin, the incidence rate is 15/150, or .10. The
ratio of the incidence rates is called relative risk. In this example it is .20/.10 = 2.00,
We can say that the risk of a heart attack for people on placebo is twice that of peo-
ple on aspirin. Another approach would be to Place the Aspirin group as the top row
and the Placebo group as the bottom row. The column 1 risk (coll risk in the output)
would then represent the protective effect of using aspirin (giving a RR of .5) rather
than the increased risk for people who do not take aspirin. We can use basically the

Same program as we used above to compute the odds ratio to compute the relative
risk. Here it is:

*Program to compute a Relative Rigk and a 95% CI;
DATA RR; :

LENGTH GROUP § 9;
INPDT GROUP § OUTCOMR 4

isk';

WEIGHT COUNT;
RON; b

|

program to Compute a Relative Risk

TABLE OF GROUP BY QUTCOME

GROUP QUTCOME
Frequency |
percent |
£
5?11 izt |MI |NO-MI | Total
---------- L Eniaininiaialaiat 1
1-PLACEBO | 20 | 80 | 100
| 8.00 | 32,00 | 40.00
| 20.00 ] 80.00 |
| 57.14 | 37.21 |
---------- D e e fuint 4
2-ASPIRIN | 15 | 135 | 150
| 6,00 54.00 | 60.00
| 10,00 | 90.00 |
| 42.86 | 62.79 |
---------- fommm g mmmmmm—
Total 35 215 250

14.00 86.00 100.00

Program to Compute a Relative Risk

SUMMARY STATISTICS FOR GROUP BY OUTCOME

Cochran-Mantel-Haenszel Statistics (Based on Table Scores)

i b
Statistic  Alternative Hypothesis DF Va}\_n_e ______ ljf?_
T wenzero Correlation 1 026
1 Nonzero Correlation 1 4.922 g 826
2 Row Mean Scores Differ 1 4.9 : 0-025

3 General Association 1 4.96 .

Estimates of the Common Relative Risk (Rowl/Row2)

95%
Type of Study Method value Confidence Bounds
(_!ase-control Mantel-Haenszel 2.250 138(2) 222;25
(0dds Ratio) Logit 2.250 . .
Cohort Mantel-Haenszel 2.000 1.38'; ;3;:22
(Coll Risk) Logit 2.000 1.07 .
Cohort Mantel-Haenszel 0.889 0.8251; gggi
(Col2 Risk) Logit 0.889 0.7 .

The confidence bounds for the M-H estimates are test-based.

Total Sample Size = 250

87
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Weused the same labeling trick here with the groups tocontrol the order of the rows

in the table. The columns were OK since ‘M comes before ‘NO-MI” aiphabetically. The
LENGTH statement assigned a length of 9 for the variable GROUP. Had we not done
this, the values of GROUP would have defaulted to8 characters and the last letter of the
GROUP values would have been chopped off. An alternative approach s to provide an
INFORMAT statement or an INFORMAT on the INPUT statement like this:

INFORMAT GROUP § 9,; /* Separate INFORMAT statement */
INPUT GROUP OUTCOME $ COUNT; /+ $ after GROUP optional */

or

INPUT GROUP : $9. OUTCOME $ COUNT; /* INFORMAT on INPUT line */

This time we include only the CMH option, so chi-square and associated statis-
tics are 1ot computed. Since we want to see the “risk” of not using aspirin, we want
to look at the cohort (Coll Risk) results in the output. The Coll relative risk is how
much more or less likely you are to be in the column 1 category (in this case, MI) if

you are in the row 1 group (in this case, placebo). The computed relative risk is 2.00
with the 95% confidence interval of 1.087 0 3.680,

N. Chi-square Test for Trend

If the categoriesina 2 X N table Tepresent ordinal levels, you may want to compute
what is called a chi-square test for trend. That is, are the proportions in each of the N
levels increasing or decreasing in a linear fashion? Consider the table below:

GROUP
A B8 C D

Fail 10 15 14 25
TEST RESULT

Pass | 90 85 86 75

S—
100 100 100 100

Notice that the proportions of ‘Fail’ in groups A through D is increasing (except
from group B to C). To test if there js a significant linear trend in proportions, we can
use the CHISQ option of PROC FREQ and fook at the statistic fabeled “Mantel-

Haenszel chi-square.” A program o enter the table values and compute the chi-
Square test for trend is:

FAIL A 10 FAIL B 15 FAIL ¢ 14
PASS A 90 PASS B 85 PASS C 86

i
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[Continued]

=TREND;
PRogI:'ﬁQ'gﬁfsquare Test for Trend';
TABLES RESULT*GROUP / CHISQ;
WEIGHT COUNT;
S RONy

iliar wi “at” sign (@@) notation, see Chapter 12
1ou are not familiar with the double “at” sign (¢ .
for rgo}re information. Fortunately, the GROUP and RESULT values are al{;idg ultn
the proper alphabetical order so we don’t have to resort to any expedients.
put is shown below:

Chi-square Test for Trend
TABLE OF RESULT BY GROUP

RESULT GROUP

Frequency|
percent |
Row Pct | .
Col Pct A iB Ic wo l+ Tota.
--------- +-““-"J{"-"_"+"“-;;-T-“ 25 | 64
I 10 1| 15 |
P | 2.0 | 3,751 3.50 1 6.251| 16.00
| 15.63 | 23.44 | 21.88 | 39.06 !
| 10.00 | 15,00 1 14.00 | 25.00 |
----------- +
--------- gmmmmmmmmpmmmemmemgmmconoond
86 | 75 1 336
| 90 | 85 |
s | 22,50 | 21.25 | 21.50 | 18.75 | 84.00
| 26.79 | 25.30 | 25.60 | 22.32 |
| 90.00 | 85.00 | 86.00 | 75.001
--------- pemmmmmmmgosmmmmmmpmomememogo s momnos
Total 100 100 100 100 400

25.00 25.00 25.00 25.00 100.00

STATISTICS FOR TABLE OF RESULT BY GROUP

statistic DF Value Prolj
(—:1-1;-;;\-1;;; ----------------- 3 9.077 ogig
e 0.

Likelihood Ratio Chi-Square 3 31;2 oo
Mantel-Haenszel Chi-Square 1 0.151

phi Coefficient 0.149
Contingency Coefficient 0.151

Cramer's V .

Sample Size = 400
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From this output, You can see that the M-H chi-square test for trend is 7.184
(p = .007). There may be times when your table chi-square is not significant but,

since the test for trend i using more information (the order of the columns), it may
be significant.

0. Mantel-Haenszel Chi-square for Stratified Tables
and Meta Analysis

You may have a series of 2 x 2 tables for each level of another factor This may be a
confounding factor such as age,oryoumay havea?2 X 2 table at eachssite in a multi-
site study. In any event, one way to analyze multiple 2 X 2 tables of this sort is to
compute a Mantel-Haenszel chi-square. This same technique can also be used to
combine results from several studies identified in a literature search on a specific
topic. Although the studies may have some minor differences, you may prefer to ig-
nore those differences and combine the resuits anyway. This technique is sometimes
referred to as meta-analysis and is becoming quite popular in medicine, education,
and psychology. There are lofs of cautions concerning this technique, but this is nei-
ther the time nor the place to discuss them, The Mantel-Haenszel statistic is also
used frequently for item bias research,

Itis actually easy to compute a chi-square for stratified tables using SAS soft-
ware. All that is necessary is to request a three-way table with PROC FREQ and to
include the option ALL.

Asan example, suppose we have just two2 X 2 tables, One for boys and the other
for girls. Each table represents the relationship between hours of sleep and the chance
of faifing a test of physical ability. We want to investigate the risk factor (lack of sleep)
on the outcome (failing a test). The hours of sleep variable has been dichotomized as
‘LOW’ (less than 8 hours) and ‘HIGH’ (more than 8 hours). Here are the two tables:

Test Resuls, Boys Test Results, Girls
FAIL  PASS FAIL  PASS

wleTn
HIGH 200

i lysis 91
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[Continued]

BOYS PASS 2-HIGH 150
GIRLS FAIL 1-LOW 30
GIRLS FAIL 2-HIGH 25
GIRLS PASS 1-LOW 100
GIRLS PASS 2-HIGH 200

- PROC FREQ DATA=ABILITY;

,
TITLE 'Mantel-Haenszel Chi-square Test';
. WABLES GENDER*SLEEP*RESULTS / ALL;

7 WEIGHT COUNT;

~RON;

i i it 1 rou the
Since the output from this program is voluminous, we edit it and show

-

relevant portions:

Mantel-Haenszel Chi-square Test

TABLE 1 OF SLEEP BY RESULTS
CONTROLLING FOR GENDER=BOYS

Statistic

Chi-Square

Estimates of the Relative Risk (Rowl/Row2)

95%
Bounds
Value Confidence

Type of Study  Valwe  Comience BoWATE
--------------------------- 4.091
Cage-Control 2.000 gz;g T
Cohort (Coll Risk) 1.813 0:335 Joo
Cohort (Col2 Risk) 0.9
TABLE 2 OF SLEEP BY RESULTS
CONTROLLING FOR GENDER=GIRLS

tistic DF Value Prob
statistic PP Wame %
Coisquare 1 st 0.003

i-Squ

Estimates of the Relative Risk (Rowl/Row2)

95%
Type of Study value Confidence Bounds

-------------------------------------------- .297
Cage-Control 2.400 1::2 ;373
Cohort (Coll Risk) 2.077

N 0.961
Cohort (Col2 Rigk) 0.865 0.779
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-

[Continued)

SUMMARY STATISTICS FOR SLEEP BY RESULTS
CONTROLLING FOR GENDER

Cochran-Mantel -Haenszel Statistics (Based on Table Scores)

Statistic Alternative Hypothesgis DF Value Prob
1 Nonzero Correlation 1 12,477 0.001
2 Row Mean Scores Differ 1 12.477 0.001
3 General Assoclation 1 12.477 0.001

Estimates of the Common Relative Rigk (Rowl/Row2)

95%
Type of Study Method Value Confidence Bounds
Cage-Control Mantel-Haenszel 2.229 1.429 3.477
(04ds Ratio) Logit 2.232 1.421 3.506
Cohort Mantel-Haenszel 1.917 1.35% 2.887
(Coll Rigk) Logit 1.982 1.351 2.909
Cobort Mantel -Haenszel 0.889 0.833 0.949
(Col2 Risk) Logit 0.894 0.833 0.958

The confidence bounds for the M-H estimates are test-baged.
Breslow-Day Test for Homogeneity of the 0dds Ratios
Chi-Square = 0,150 DF = 1 Prob = 0.698

Total Sample Size = 640

As you can see, the results for boys gives us a chi-square of 3,701 (p = .054) with
a relative risk of 1.833 (95% C1 980,3.431). (We choose the Coll Risk value since we
want the RR for failing the test, which s the value for column 1.) For girls, the results
are a chi-square of 9011 (p = .003) and a relative risk of 2.077 (95% C11.279,3.373).

The results of combining the two tables is found under the heading “SUM-
MARY STATISTICS” Looking at the Cohort Mantel-Haenszel statistics (coll
tisk), we find a p-value of 001 and a relative risk of 1977 (95% C11.355,2.887). No-
tice that p-value from the combined genders is lower than that for either the boys or
girls alone. The Breslow-Day test for homogeneity of the odds ratio is not significant
{p = 698), 50 we can be comfortable in combining these two tables.

B “Check All That Apply” Questions

A common problem in questionnaire analysis is “check all that apply” questions. For
example, suppose we had a question asking respondents which course or courses
they were interested in taking, It might be written:
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which course, or courses, would you like to see
offered next semester?

(Check ALL that apply)

1. Micro-computers 4. Job Control Language
RAN
2. 1Intro to SAS 5. FORT
3. Advanced SAS ___ 6. I?ASCAL

. N i an-
Insofar as our analysis is concerned, this is not one question \vnl} 1;)11) to lstl;l( : ar;-
swers, but six yes/no questions. Each course offering is treatf:d asa varia 1 g ;Je vt
ues of YES or NO (coded as 1 or 0, for example). Our questionnaire wou
to analyze if it were arranged thus:

Please indicate which of the following courses you
would like to see offered next semester:

For office

(1) yes (0) no uge only
a) Micro-computers _— - J—
b) Intro to SAS _ J— _—
c) Advanced SAS . . J—
d) Job Control Language ___ —_ -
e) FORTRAN — - -
£} PASCAL — _ —

Our INPUT statement would have six variables (.COURSEI-CS‘)I(_]IR_SE(? i?; lll?d
stance), each with a value of 1 or 0. A format matching 1 = yes and 0 =
dability to the final analysis. o . -
lend'fr;?s :pprg’ach works well when there is a limited numberfof ch%llcez.higzvs
i items from a large number of possible ,
ever, when we are choosing several items : o
s i ical since we need a variable for every possib
this approach becomes impractical sin ;e P
i i | field would be the variable “diag
choice. A common example in the medical s of e
i ight have a list of hundreds or even thousan
on a patient record. We might : . o dag
i of two or three diagnoses
nosis codes and want to consider a maximum s foreach
i in thi be to ask for up to three diagnoses p
t. Our approach in this case would : .
ﬁ:ﬁn using Epdiagnosis code from a list of standardized codes. Our form might

look Like this:
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Ent i i
€I up to 3 diagnosis codes for the patient

Diagnosis 1

OO0
mimle
Inimin

Diagnosis 2

Diagnosis 3

Our INPUT statement would be straightforward:

DATA DIAGIL;

NP -
INPUT ID 1-3 . . ., DX1 20-22 DX2 23-25 DX3 26-28;

Suppose we had the following data:

OBS D DXI DXz bDX3
1 3 4 .
2 1 3 7
3 5

W R —

Notice ¢ i i
hat one patient could have a certain diagnosis code as his first diagno-
ve the same code as his second or third diag-

sis Whereas another patient might ha
nosis. If we want a frequency distrib

oty ution of diagnosis codes, what can we do? We

PROC PBBO DATA=DIAG1;
TABLES DX1-DX3;
RUN;

Usine thi
comp S:th }tll;lsf rmethod, we would hflve to add the frequencies from three tables to
equency for each diagnosis code. A better approach would be to

Teate a SepaIa[ ata set [ha i y
t1s
c ! : € d € StrUCtured dlffel'e[l[l . Our goal Would be a data

= NEV S S S RN
WO RO M
o) o e La

The program statements to create the data set above are:

R P
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DATA DIAG2;
SET DIAGL;
DX=DX1;
IF DX NE . THEN OUTPUT;
DX=DX2;
IF DX NE . THEN QUTPUT;
DX=DX3;
IF DX NE . THEN OUTPUT;
KEEP ID DX;

- RUN;

Each observation from our original data set (DIAGL) will create up to three ob-
servations in our new data set (DIAG2), The SET statement (line 2) reads an obser-
vation from our original data set (DIAG1). The first observation will contain:

ID AGE GENDER DX1 DX2 DX3
1 2 M 3 4

To these values, we add a new variable called DX, and set it equal to DX1. The
Program Data Vector now contains:

ID AGE GENDER DX1 DX2 DX3 DX
1 23 M 3 4 . 3

Since DX is not missing, we output (line 4) these values to the first observation
in data set DIAG2 (for now, let’s ignore the KEEP statement in line 9). Next, DX is
set to DX2, and another observation is written to data set DIAG2:

ID AGE GENDER Dxt Dx2 DX3 DX
1 2 M 3 4 . 3
1 3 M 3 4 . 4

The values for ID, AGE, GENDER, DX1, DX2,and DX3 are still the same, only
DX has changed. Finally, DX is set equal to DX3, but since DX3, and therefore DX,
is missing, no observation is written to DIAG2.

We are now at the bottom of the DATA step, and control is returned to the top
of the DATA step, where the SET statement will read another observation from
data set DIAG1. This routine continues until all the observations from DIAG1 have
been read. Since we had a KEEP statement in the program, only the variables ID
and DX actually exist in data set DIAG:

ops ID DX

B N P
[ O R
G e s W
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We can now count the frequencies of DX codes using PROC FREQ with DX as

the TABLE variable.

This program can be made more compact by using an ARRAY and a DO loop.
(See Chapter 15 for a detailed explanation of ARRAYS, and Chapter 16, Section C,
for details on Testructuring SAS data sets using arrays.)

DATA DIAGZ;
SET DIAGL;
ARRAY D[*] DX1-DX3;
DOI=1703;
DX=D[I];
JIF DII] NB . THEN OUTPUT;
B¥D;
REEP ID DX;
RUN;

Problems

31, Suppose we have a variable called GROUP that has numeric values of 1,2, or 3. Group

Lis a control group, group 2 is given aspirin, and group 3 is given ibuprofen. Create a
format to be assigned to the GROUP variable.

32 A survey is conducted and data are collected and coded. The data layout is shown

below:
Yariable Description Columns Coding Values
- Subject identifier 1-3 a
GENDER 4 M=Male F=Female
PARTY Political party S ‘I'=Republican
‘2’=Democrat
‘3'=Not registered
YOTE Did you vote in the [ 0=No 1=Yes
last election?
FOREIGN Do you agree with the 7 0=No 1=Yes
government’s foreign
policy?
SPEND Should we increase 8 0=No 1=Yes

domestic spending?

Collected data are shown next:

-
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00741110
013F2101
137F1001
117 1111
428M3110
017F3101
03742101

(a) Create aSAS data set, complete with labels and formats for this questionnaire.

(b) Generate frequency counts for the variables GENDER, PARTY, VOTE, FOR-
EIGN, and SPEND. .
{c) Test if there is a relationship between voting in the last election Zsrsuja?egriz;
ment with spending and foreign policy. (Have SAS complite chi-sq
these relationships.)
33, Run the program below to create a SAS data set called DEMOG:

DATA DEMOG;
. INPUT WEIGHT HEIGHT GENDER §;

~130 63 F
T

We want to recode WEIGHT and HEIGHT as foliows. (Assume that WEIGHT
and HEIGHT are integer values only.):

WEIGHT  0-100 =1
101-150 = 2

151-200 = 3

>200 =4

HEIGHT 0-70 =1
>70 =2

We then want to gererate a table of WEIGHT catego(rli;es (rt?]w‘sl)ybvysi{ailn?;zc?zt)
i jables in two ways: (1) with * ]
ries (columns). Recode these variab

i%?h fon(nats. Then write the necessary statements to generate the table.
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34 A friend gives you some summary

35 A matched-pairs case-control study is conducted, Each

36,

37

38
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status (SES) and asthma, as follows:

Asthma Yes Ne

Low SES 40 100
High SES 30 130

Create a SAS data set from these data and compute chi-square.

case (a person with disease X
is matched to a single control, based on a
person is then asked if hefshe use
sults are:

Case Use Matched Controls Use

of Yitamins of Vitamins Count
Yes Yes 100
Yes No 50
No Yes 90
No No 200

Remembering that this is 2 matched study, compute a McNemar chi-square, Are
the subjects more or less likely to have used vitamins?

A esearcher wants to determine ifthereisa relationship between use of computer ter-
minals (VDT—video display terminals) and miscarriages An unpaired, case-controf
study is conducted. Of the cases (women with miscarriages) there were 30 women who
used VDT's and 50 who did not, Among the controls, there were 90 women who used
VDT’s and 200 who did not. Compute chi-square, the odds ratio, and a 95% confidence
interval for the OR,

A researcher wants to determine if sound-proofing a classroom leads o better behay-

relative risk (of n0isy classrooms) for pro-
ducing behavioral problems. Have SAS produce a95% CI for the relative risk as well,

A school administrator believes that larger class sizes

lead to more discipline prob-
lems. Four class sizes (small, medium, large, and gigantic) are tested. The table below
summarizes the problems recorded for each of the class sizes, Treating class size as an

ordinal variable, test if there is a linear increase in the proportion of ¢lass problems,
(Be careful to arrange the order of the class size columps so that they range from small
to gigantic, or your test for trend will not be valid.)

Class Size Small  Mediam Large

Gigantic
Problem 3

6 17 80
No Problem 12 22 38 120
Total 15 28 55 200

onshi ' i e relationship bet ice T
data on the relationship between socio-economic 3.9, ::d Tl e o

N K el-Haenszel chi-square for stral ] s to anal [
ti Shlp, se a Man b for stratihed tables nalyze the twi

ge (plus or minus 2 years) and gender. Fach )
d multivitamins regularly in the past year. The re- %310, A physical exam is given to a group of patiem&;ﬁf ;};123'1
3-10. noEC one, two, or three problems from the code lis :

Problems 99

Ids is tested for smokers
i erature and head col . o it -
e eking d to be a confounding factor in this rela

tables below:

SMOKERS NONSMOKERS
Colds No Colds Colds No Colds
?Z;rperalure 20 50 40 100
Control
Good 20 | 55 % | 150
Temperature
Control

ent is diagnosed as having

Code  Problem Description
_tode O S

Cold

Flu

Troubie sieeping
Chest pain

Muscle pain
Headaches
Qverweight

High blood pressure
Hearing loss

© 00 -1 O L B > b

The coding scheme is as follows:

Variable Description Column (s)

SUBJ Subject number 1;2
PROB1 Problem 1 3

4
PROB2 Problem 2 :
PROB3 Problem 3 e
HR Heart rate -
SBP Systolic blood pressure 192 1114
DBP Diastolic blood pressure -

Using the sample data below:

Columns 12345678901234-_
11127 78130 80
1787 82180110
031 62120 78
4261 68130 80
89 58120 76
9948 82178100

{a) Compute the mean HR, SBP, and DBP. . —
(b} Generate frequency counts for each of the nine medical pr




100

311

Chapter 3 / Analyzing Categorical Data

What's wrong with this program?

DATA IGOOFED;

INPU! -
T #1 ID 1-3 GENDER 4 AE 5-6 RACE 7 (QUESL-QUES10) (1 )

#2 a4 (QUES11-QUES25) (1.);

FORMAT GENDER S8EX. RACE
DATALINES; RACE. QUES1-QUES2S YESNO.;

00112311010011101
1100111001101011
002244210111011100
0111011101111010
H
PROC FORMAT;
VALUE SEX 1='MALE' 2='FEMALE';
VALUE RACE l='WHITE' 2= A
g WY lg‘mgll?z‘ucm AM.' 3='HISPANIC';
RUN; '
PROC FREQ DATA=IGOOFED;
VAR GENDER RA( -
- CE QUES1-QUES25 / CHISQ;
PROC. MEANS ‘MAXDEC=2 N§ )
gy RACe; MEAN STD MIN MAX;
VAR AGE;
RON;

gmfn CoMMENTS: ]"he INPUT statement is correct. The
at lists (1.) are explained in Chapter 12. There are four errors,

pointers (@ signs) and

CHAPTER

Working with Date
and
Longitudinal Data

A. Introduction

B. Processing Date Variables

C. Longitudinal Data

D. Most Recent (or Last) Visit per Patient

E. Computing Frequencies on Longitudinal Data Sets

A. Introduction

Working with dates is a task which some data analysts face frequently. SAS software
contains many powerful resources for working with dates. These include the ability
to read dates in almost any form, or to compute the number of days, months, o years

between any two dates.

Data collected for the same set of subjects et different times are sometimes
called longitudinal data. These data require specialized techniques for anatysis. Let’s

begin by seeing how date values are handled with SAS software.

B. Processing Date Variables

Admitting  Discharge

Suppose you want to read the following information into a SAS data set:

D DOB Date Datt DX  Fee
001 102150 091090 09130 8 3000
002 050540 090190 090590 7 5000
We can arrange this data in columns, thus:
Variable Name Description Column(s)

D Patient ID 13

DOB Date of Birth 5-10

ADMIT Date of Admissio: 12-17

DISCHRG Discharge Date 1823

DX Diagnosis 25

FEE Hospital Fee 26-30

101
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You might be tempted to write an input statement like:
INPUT ID 1-3 DOB 5-10 ADMIT 12-17 DISCHRG 18-23 DX 25 FEE 26-30;

However, the six digits of the date values have no meaning when read as a six-
digit number. SAS software includes extensive provisions for working with date and
time variables. The first step in reading date vatues is to tell the program how the
date value is written. Common examples are:

Example Explanati SAS INFORMAT
102150 Month - Day - 2 digit Year MMDDYYé.
10211950 Month - Day - 4 digit Year MMDDYYS.
10/21/50 Month - Day - 2 digit Year MMDDYYS.
10/211950 Month - Day - 4 digit Year MMDDYY!10.
211050 Day - Month - 2 digit Year DDMMYYS.
21101950 Day - Month - 4 digit Year DDMMYYS.
501021 2 digit Year - Month - Day YYMMDDS.
19501021 4 digit Year - Month - Day YYMMDDS.
210CTs0 Day, 3 character Month, 2 digit Year DATE7.
210CT1950  Day,3 character Month, 4 digit Year DATES.
0OCT50 Month and 4 digit Year only MONYYS.
OCT1950 Month and 4 digit Year only MONYY?.

SAS programs can read any of these dates, provided we instruct it which form of
date we are using. Once SAS knows it’s reading a date, that date is converted into
the number of days from a fixed point in time: January 1,1960. It doesn’t matter if
your date comes before or after this date. Dates before January 1, 1960 will be nega-
tive numbers. Therefore we can subtract any two dates to find the number of days in
between. We can also convert the SAS internal date value back to any of the atlow-
able SAS date formats for reporting purposes. As we saw in the last chapter, we can
associate formats with variables for printing. We can specify how to read values by
specifying an INFORMAT to give the program instructions on how to read a data
value. The SAS date informat MMDDYY6., for example, is used to read dates in
month-day-year order. The 6 in the informat refers to the number of columns occu-
pied by the date. Thus far, we have used space-between-the-numbers and column
specifications to instruct SAS how to read our data values,

To read date vatues, we can use pointers and informats, A columa pointer (@)
first tells the program which column to start reading. We follow this with the variable
name and a specification of what type of data we are reading, called an informat. Two
very commeon informats are Wn and $W. Wn is a numeric informat which says to
read W columns of data and to place n digits to the right of the decimal point. For ex-
ample, the informat 6.1 says to read six columns and to place a decimal point before
the last digit. If you are not specifying a decimal point, you do not have to specify the
value to the right of the period. Thus, an informat of 6. is equivalent to 6.0 The $W.
informat s used to read W columas of character data. The jnformat MMDDYYS8. is
used for dates in the form 10/21/50 or 10-21-50. Using our column assignments
above, a valid INPUT statement would be:

INPUT @1 ID 3. @5 DOB MMDDYY6. @12 ADMIT MMDDYY.
@18 DISCHRG MMDDYY6. €25 DX 1. @26 FEE 5.4
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Or to make it more readable:

INPUT @1 ID 3.
@ DOB MMDDYY6 .
@12 ADMIT  MMDDYY6.
@18 DISCHRG MMDDYY6.
@25 DX 1.

@26 FEE 5.3

The @ sigas, referred to as columa pointers, tell the progran; atfw};:lclllwc;dl]u)%nY t\(z
start reading the next data value. Qur three dates are alt mﬁt‘ ef z; e
(month-day-year) and occupy six columns, so the MMDDYS_( (.im odistin Iy [.hem
memmber that all of our formats and info;mats ?“d with periods to g i them
from variable names. All the column Ejomte;trs in (tjbe pir;)gcroalT ;Il:olvi %r;[)r; oL neces
cample, the program would start reading [
?Jz}rl;tfsrlki}s\s,rzice the gateg of admission ends in column 17 and thg dlsck;:ig; cslitti
starts in column 18, the poiater @18 is redundar?t. qud progrgmmmsg prC fices 1g2
gests that using a column pointer with ;{}z{y' vzitrlable:; a good idea. (See Chap!
ils on how to use the INPUT statement.)

o nll‘(;?sdcztlill};ate two new variables from these data. First, we compptihtlu}rl [:lbl
ject’s age at the time of admission. Next, we compute the lf:ngth of stal})r 1;1 e Spi i
tal. All we have to do is subtract any two dates to obtain the number of day

between. Therefore, our completed program looks fike:

‘DATA HOSPITAL;

INPOT @1 ID 3.
@5 DOB MMDDYY6 .
@12 ADMIT ~ MMDDYY6.
@18 DISCHRG MMDDYY6.
@25 DX 1,
@26 FEE 5.3

LEN_STAY = DISCHRG - ADMIT + 1;
 .AGE = ADMIT - DOB;

DATALINES;

{data lines)

The calculation for length of stay (LEN_STAY) is relatively straightforward. Wei
subtract the admission date from the dischargel date and add 1 (we want to count
both the admission day and the discharge day in the length of stay computation).

ionisali licated.
The age calculation is a little more comp o '
B%r subtracting the date of birth from the admission date, we have the number

d convert this to years by dividing by
f days between these two dates. We coull din
E)*65 2%1 {approximately correct since there is a leap year every 4 years). This would

give us:

AGE = (ADMIT - DOB) ' 365.25;
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We may want to define age so that a person is not considered, say 18 years old,
untit his 18th birthday. That is. we want to omit any fractional portion of his her

age in years. A SAS function that does this is the INT (integer) function, We cag
write:

AGE = INT((ADMIT - DOB) / 365.25);

The INT function, like all SAS functions, has a pair of parentheses after the
function name. If we wanted to round the age to the nearest tenth of 2 year, we
would use the ROUND function. This function has two arguments: the number to be
rounded and the roundoff unit. To round to the nearest tenth of a year, we use:

AGE = ROUND (((ADMIT - DOB) / 365.25),.1);
To the nearest year, the function would be:
AGE = ROUND ({ (ADMIT - DOB) / 365.25),1);

To compute an AGE as of a specific date, say January 1, 1997, you can use a SAS
date literal. A date literal is of the form ‘inMMMyy'D where nn is a two-digit day,
MMM is a three-character month abbreviation, and yy is a two- or four-digit year.
This string is placed in single or double quotes and followed by an upper or lower

case D" To compute the age of a subject as of January 1, 1997, whose date of birth is
stored in the variable DOB, you write:

AGE = INT (('01JAN97'D - DOB) / 365.25);

It is important to remember that once SAS has converted our dates into the
number of days from January 1, 1960, it is stored just like any other mumeric vafue,
Therefore, if we print it out {with PROC PRINT, for example), the result will not
look like a date. We need to supply SAS with a format o use when printing our
dates. This format does not have to be the same one we used to read the date in the
first place. Some useful date formats and their results are shown in the table below:

The Date 10/21/50 Printed with Different Date Formats:

Format Result
MMDDYYs. 102150
MMDDYYSs. 10/21/50
DATE]. 210CT50
DATE9. 210CT1950
WORDDATE. October 21,1950

You may also use any of the INFORMATS listed earlier in this section as for-
mats for date values.

In the age calculation above, what age would be computed for a person born on
January 1,1899, who was admitted on January 1,19907 If we entered his/her date of
birth as 01/01/99, the computer would assume birth in 1999, not 1899, and compute
anage of -9 years. A person born in 1880, admitted on the same date, would be listed
as 10 vears old. Clearly, we need a way to include century data for pecple born be-
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i -digi id
fore 1900. We can do this in several ways. First, we can use a four-digit year. We cou
code the original date in a form such as:

01/01/1899  or 01011899

We could read the first date with the MMDDYY10. informat, apd 1the us;cgr:g
with the MMDDYYS. informat. You may recall that MMDDYY8. is also
read a date such as:

10/21/50

However, the system is smart enough to realize that an eight-digit date without
 be using a four-digit year. o '
Slaﬂﬁiﬁ:ﬁ:ﬂ n:ethog is to provide a variable that indicates the century, and 1ncll;1f:e
it in our calculation. Suppose a variable called CENTUI%Y has values of 18 orle thz
indicate if the subject was born in the 1800’s or the 1900s. One way to compu
person’s age would be:

25;
AGE = (ADMIT - DOB) / 365.25; .
IF CENTURY = 18 THEN AGE = AGE + 100;

A more compact equation would be:
AGE = (ADMIT - DOB) / 365.25+ 100 * (CENTURY=18);

Notice the expression (CENTURY=18). This is called a logica}l ex%ession;litt isf
i i logical expression in a calculation. The result o
the first time we have combined a . ion The reslt o
i i Y=18) is evaluated. A true value equals 1, and ;
the logical expression (CENTUR . ’ o et L ad o
i j born in the 1800’s, we would a
false value equals 0. S0, if a subject was ; Sy
isi int out that the two-line computation of age 1s p
age. This is a good place to poin : olage spereely
i like one of the authors) wou
fine. Only a compulsive programmer ( : : X pesd e
i i There are times when more lengthy,
write a more elegant, one-line expression. . . B
i less likely to contain errors, are easi
tforward approaches are best. They are ; 114
::)rraingt}lller people I:(I: understand and, finally, easier for the original programmer to
ify or debug at a later date.
mOdIl?;glrl kiowg something about your data and know, for example, thatvtheze a;)ri z(;
i i ¢ negative (subj
j 100 vears old, you can simply check if any ages ar : _
Etlxg:fgrsrl%)yand add 100. However, if your data base cgulld conceivably CUUY
tain 2 year olds and 102 year olds, you must include a four-digit year or a century
able in your calculations. . '
Vaﬂi ?airly}r recent addition to the SAS language is the YEARCUTOFF opnolr]lr.nls
you are using two-digit dates, you can indicate what range of 100 years to ass
your date values represent. For example, if you include the statement:

OPTIONS YEARCUTOFF=1910;

in a SAS program, it assumes that any two-digit date fal21§i /vsz/:)tggn ’glle (rjar:gel 3/92110;2
, d to be 10/21; . The date 10/21/
10. So, the date 10/21/05 would be assume /21
i(i)l(l)ld be set to 10/21/1946. So, with a little care you don’t have to worry about the
dreaded year 2000 problem!

W;i
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Chapter 17, Section D, contains 1 list of SAS functions that are useful when
working with dates. For example, month, day, and year values can be combined to
form a SAS date, or you can extract a month or year from a SAS date.

C. Longitudinal Data

There is a type of dala, often referred to as longitudinal data, that needs special
attention. Longitudinal data are collected on a group of subjects aver time. CauTion:
This portion of the chapter is difficult and may be “hazardous to your health”!

To examine the special techniques necded to analyze longitudinal data, let’s fol-
low a simple example. Suppose we are collecting data on a group of patients. (The
same scheme would be applicable to periodic data in business o data in the social
sciences with repeated measures.) Each time the patients come in for a visit, we fill
outan encounter form. The data items we collect are:

PATIENT ID

DATE OF VISIT (Month Day Year)
HEART RATE

SYSTOLIC BLOOD PRESSURE
DIASTOLIC BLOOD PRESSURE
DIAGNOSIS CODE

DOCTOR FEE

LAB FER

Now, suppose each patient's visits are a maximum of four times

a year. One way
to arrange our SAS data set is as follows (ach visit to occupy

aseparate line):

DATA HOSP;

INBUT #1 ID1 1-3 DATEL HMDDYY6, HR1 10-12 SBPL 13-15 DBP1 16-18
DX1 19-21 DOCFEE1 22-25 LABFEE1 26-29
#2 ID2 1-3 DATE2 MMDDYY6. HR2 10-12 SBP2 13-15 DBP2 16-18
DX2 19-21 DOCFEE2 22-25 LABFEEZ 26-29
#3 ID3 1-3 DATE3 MMDDYY6. HRI 10-12 SBP3 13-15 DBP3 16-18
DX3 19~21 DOCFEE3 22-25 LABFEE3 26-29
#4 ID4 1-3 DATE4 MMDDYY6. HR4 10-12 SBPA 13-15 DBP4 16-18
DX4 19-21 DOCFEE4 22-25 LABFEE4 26-29;
FORMAT DATE1-DATE4 MMDDYYS.;
DATALINES; 4
00710218307012008001400400150
00712018307213009002000500200
007
007
00909038306611007013700300000
009
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[Continued]

009
009
00507058307414008201300900000
00501158208018009601402001500
00506188207017008401400800400
00507038306414008401400800200

i

The number signs (#) in the INPUT statement signify multiple lings per subject.
Since our date is in the form month-day-year, we use the MMDDYY6. informat. No-
tice that we can combine pointers and informats with the other styl; of column spec-
ification. We also included an output format for our dates w1t}} a FORMAT
statement. This FORMAT statement uses the same syntax as the earlier examples 1;
this chapter, where we created our own fqrmats. The output format MMDDY Y8,
specifies that the date variables be printgd in mgnth»day-year form. '

With this method of one line per patient visit, we would need to insert BLANK
lines of data for any patient who had less than four visits, to fill out four lines per
subject. This is not only clumsy but occupies a lot of space unnecessarily. If we wanf
to compute within-subject means, we continue (before the DATALINES statement):

HR = MEAN (OF HR1-HR4);
SBP = MEAN (OF SBP1-SBP4);
EDBP = MEAN (OF DBP1-DBP4);
etc.

“MEAN"is one of the SAS built-in functions that will compute the mean of all the
variableslisted within parentheses. (Notg:Ifany of the variables listed as arguments of
the MEAN function have missing values, the result will be the mean of the nonmissing
values. See Chapter 17, Section B for more details.} A much better qpproach 1stotreat
each visit as a separate observation. Our program would then look like:

DATA PATIENTS;
INPUT @1 ID 3.

@4 DATE MMDDYY6.
G10HR 3.
@1358p 3.
@16pBe 3.

@19Dx 3.
@22DOCFEE 4.

@26 LABFEE 4. ;

FORMAT DATE MMDDYYS.;
DATALINES;
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Now we need to include only as many lines of data as there are patient visits;
blank lines to fill out four lines per subject are not needed. Qur variable names are
also simpler since we do not need to keep track of HR1, HR2, etc. How do we ana-
lyze on this data set?

A simple PROC MEANS on a variable such as HR SBP, or DOCFEE wil] not
be particularly useful since we are averaging one to four values per patient together.
Perhaps the average of DOCFEE would be useful since it represents the average
doctor fee per PATIENT VISIT, but statistics for heart rate or blood pressure would
be a weighted average, the weight depending on how many visits we had for each pa-

tient. How do we compute the average heart rate or blood pressure per patient? The
key istouse ID as a CLASS or BY variable.

Here is our program (with sample data):

DATA PATIENTS;
INPUT @1 ID 3.

@4 DATE MMDDYY6.
@10 HR 3,
@13 gpp 3,
@16 pep 3,
@19 px 3.
@22 DOCFEE 4,

@26 LABFEE(., ;

FORMAT DATE MMDDYYS,;
DATALINES;
00710218307012008001400400150
00712018307213009002000500200
00909038306611007013700300000
0050705830741400&201300900000
00501158208018009601402001500
00506188207017008401400800400
00507038306414008401400800200

i
PROC MEANS DATA=PATIENTS NOPRINT NWAY;
CLASS ID;

VAR HR -~ DBP DOCFEE LABFEE;

OUTPUT OUT=STATS MEAN=M HR M _SBP M_DBP M_DOCFEE M_IABFEE;
RUN; ‘

The result is the mean HR, SBP, etc., per patient, which is placed in a pew data
set STATS, with variable names M_HR, etc. (See Chapter 2, Sections H and I for
more about using PROC MEANS to create output data sets.) Each variable listed
after "MEAN="in the OUTPUT statement will be the mean of the variables
listed in the VAR statement, in the order they appear. Thus, M_HR in the data set
STATS is the mean HR in the data set PATIENTS, In this example, the data set

STATS would appear as follows {we can always test this with a PROC PRINT
statement):
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Listing of STATS data set

0BS ID _TYPE_ _FREQ M HR M SBP M DBP M_DOCFEE M_LABFEE

1 5 1 4 72 157.5 86.5 112.5 525
2 7 1 2 71 125.0 85.0 45.0 175 |
3 9 1 1 66 110.0 70.0 30.0 0

This data set contains the mean HR, SBP, etc., per patient'. We cpuld analyze th1.s
data set with additional SAS procedures to investigate relationships between yarll-
ables or compute descriptive statistics where each data value corresponds to a single
value (the MEAN) from each patient.

D. Most Recent (or Last) Visit per Patient

What if we want to analyze the most recent visit for each patient in the dagai set lexd
TIENTS above? If we sort data set in patient-date order, the most recent visit wou
be the last observation for each patient ID. We can extract these observations with
the following SAS program:
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Statement (J) creates a new data setcalled RECENT. As we ex
the SET statement @) acts like anINPUT
one by one from the SAS data set PATIENTS instead of our original raw data,

We are permitted to use a BY @ variable following our SET statement,
provided our data set has been previously sorted by the same variable (it has). The
effect of adding the BY statement permits the use of the special FIRST, and LAST.
internal SAS logical variables, Since ID is our BY variable, FIRST.ID will be a logi-
cal variable (i.e., true or false: 1 or 0) that will be part of each observation as it is
being processed but will not remain with the final data set RECENT. FIRST ID will
be TRUE (or 1) whenever we are reading a new ID; LASTID will be TRUE when-
ever we are reading the last observation for a given ID. To clarify this, here are our

observations and the value of FIRSTID and LASTID for each case:

plained previously,
Statement except that observations are read

DATE SBP DBP DOCFEE LABFEE FIRST.ID LAST.ID

01/15/82 180
06/18/82 170 400
07/03/83 140 200

07/05/83 140
10/21/83 120
12/01/83 130
09/03/83 110

0
150
200

0

By adding the IF statement @.we can select the last visit for each patient (in this
case, observations 4, 6, and 7). By the way, this IF statement may also look strange—
there is no logical expression following it. Since the value of FIRST and LAST. vari-
ables are true (1) or false (0),they can be placed directly in an IF statement without
the more traditional form:

IF LAST.ID = 1;

You would normally ex

pect tosee a subsetting IF statement with the equals sign
included. We could also sel

ect the first visit for each patient with the statement:
IF FIRST.ID;

E. Computing Frequencies on Longitudingl Datg Sets

To compute frequencies for our diagnoses, we use PROC FREQ on our original
data set (PATIENTS). We would write:

PROC FREQ DATA=PATIENTS ORDERs|
TITLE 'Diagnoses in Deécrea;
TABLES DX;

RUN;

ZE0

g Frequency Order';
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Notice we use the DATA= option on the PROC FREQ statement to Take
sure we were counting frequencies from our origingl dvata set. The OR}{:)ER— 0;1»
tion allows us to control the order of the categories in a PROC FR OQR%ué;l){u;
Normally, the diagnosis categories are listed in numerical order. The p ,
FREQ option lists the diagnoses in frequency order from the most co};nl?_on :gg
nosis to the least. While we are on the subject, anqther useful ORD. “— (l))p 1(})1n
is ORDER=FORMATTED. This will order the diagnoses a.lphabetlcaCyFly“tES
diagnosis formats (if we had them). Rememb.er that executing a PRO. -
procedure on our original data set (the one w1th'multlpl§ visits per pat.lepft) as
the effect of counting the number of times each dlfignOSt? is made. That is, 31 a pl?»
tient came in for three visits, each with the same diagnosis, we would add tg.t e
frequency count for that diagnosis. If, for.som.e reason, we want (o cour;)t a lag;
nosis only once for a given patient, even if this diagnosis is made on su sequ;?
visits, we can sort our data set by [D and DX. We then have a data set such as the
following:

ID DX FIRSTID  FIRSTDX

513 1 1
50 14 0 1
50 14 0 0
5 14 0 0
74 1 1
700 0 L
9 137 1 1

If we now use the logical FIRST.DX and FIRSTID vari.ables, we can accomplish
our goal of counting a diagnosis only once for a given patient. ”I_’he _loglcal variable
FIRST.DX will be true each time a new ID-diagnosis combination is encounFered.
The data set and procedure would look as follows (assume we have previously
sorted by ID and DX):

. DATA DIAG;
...8ET PATIENTS;
Y. ID DX;

IF FIRST.DX;

“PROC_FREQ DATA=DIAG ORDER=FREQ;
" TABLES DX;
‘ RUN,

i ing a diagnosis code only once per pa-
We have accomplished our goal of counting a
tient. As you can see, the SAS internal variables FIRST. apd LAST. are extremely
useful. Think of using them anytime you need to do something special for the first or
last occurrence of another variable.
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Problems
4-1. We have collected data on a questionnaire as follows:
Starting
Variable Column Length Description
ID 1 3 Subject ID
DOB 5 6 Date of Birth in
MMDDYY format
ST_DATE 11 6 Start Date in
MMDDYY format
END_DATE 7 [ Ending Date in
MMDDYY format
SALES 23 5 Total Sales
Here is some sample data;
1 2 3

123456789012345678901234567890 Column Indicat
001 10214611128012288887343
002 09135502028002045088123
005 06064003128103128550000
003 07054411158011139089544

ors

(2) Write a SAS program 10 read these data.

(b) Compute age (in years) at time work was started and length of time between
ST_DATE and END_DATE (also in years).

(c) Compute the sales per year of work.

(d) Print outa report showing:

ID  DOB AGE  LENGTH SALES YR

where LENGTH s the time at work computedin (b) and SALES_YRis the sales per
year computed in part (c). Use the MMDDYYS, formatto print the DOB,

{e) Modify the program to compute AGE as of the last birthday and sales per year
rounded to the nearest 10 doliars Ty using the DOLLARS. format for
SALES_YR.

For each of eight mice, the date of birth, date of dfsease, and date of death is recorded.

In addition, the mice are placed into one of two groups (A or B). Given the data below,

compute the time from birth to disease, the time from digease to death, and age at

death. All times can be in days. Compute the mean, standard deviation, and standard
error of these three times for each of the two groups. Here are the data:

PRI ST IATRONT T 1 e s
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P
RAT_NO DOB DISEASE DEATH GROU

BMAY®  23JUNX 28JUN%0
2IMAY90  27JUNS0 05TUL90
BMAYH  25JUN%O 01JUL90
2IMAY90 07JUL%0 1SJUL%0
2MAYH 29JUN%0 221ULY0
26MAYH 03JULS0  03AUGH
24MAYH 01JUL90 29JUL%0
29MAY 1SJUL%0 18AUG

08 ~1 O\ A L R —
W wm

i t to read
Arrange these data in any columns you wish. Hivt: Use the DATE7. informa
dates in this form.

- . o-
4.3, Using the data set (PATIENTS) described in Section C of this chapter (use the p
*4.3,

44,

45,

data set
m with sample data), write the necessary SAS statements lout;r;attemz:t dzla -
glr:;{OBét 3) in which the first visit for each patient 1s‘ommed‘ .Ther; uhgonly s
( ute the mean HR, SBP, and DBP for each patient. (Patient 9 wi
comp ,9BE,
will be eliminated.) . .
Write a program similar to problem 4-3 except ttlllatdwemwam to ;Jsliilude all the
i X tient that has had only one visit.
for each patient except for any pal ! L
have a data set called BLOOD that contains from one lg 3‘11)6 %t;;%rvz:;cgnc
“: sst)ject. Each observation contains the vanableshID, GRam b,e m to, e
f hite blood cells), and RBC (red blood cells). Run the progr
w il
this data set.

i for each sub-
We want 10 create a data set that contains the mean WBC and RBC fa

i nd RBC
iect. This new data set should contain the variables ID., GROUPI, WBC\,V:m oo
jest. \;&?BC and RBC are the mean values for the subject. Finally, we oot
“;}l}gzeany subjects from this data set that have two or fewer observations in
¢ ..
inal data set (assume there are no missing values).
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Hint: We will w.
ot e G1R 35[1;1; ﬁ 1:;6 PRQC MEANS with a CLASS statement. Since we want
€ new data set, you can make them both CLASS variahles

orinclude an ID statement (DG
: ROUP;) ¢ i
i the output data set. Also, remember thg (;Cause e oo b Mo

ales. It will be useful for creating a data set e ae thal PROC MEANS ore-

o th y
Subjects with twa or fewer observations e mects the fstconditon of excluding

Modity the program in
roblem 4-5 to i .
RBC for each subjecy, P 5 to include the standard deviasion of WBC and

CHAPTER

Correlation
and
Regression

A. Introduction

B. Correlation

C. Significance of a Correlation Coefficient

D. How to Interpret a Correlation Coefficient

E. Partial Correlations

F. Linear Regression

G. Partitioning the Total Sum of Squares

H. Plotting the Points on the Regression Line
L. Plotting Residuals and Confidence Limits
J. Adding a Quadratic Term to the Regression Equation

K. Transforming Data

L. Computing Within-subject Slopes

A. Introduction

A common statistic for indicating the strength of a linear relationship existing
between two continuous variables is called the Pearson correlation coefficient, or
correlation coefficient (there are other types of correlation coefficients). The corre-
lation coefficient is a number ranging from —1 to +1. A positive correlation means
that as values of one vatiable increase, values of the other variable also tend to in-
crease. A small or zero correlation coefficient tells us that the two variables are un-
related. Finally, a negative correlation coefficient shows an inverse relationship
between the variables: as one goes up, the other goes down. Before we discuss cor-
relation any further, let’s begin with a simple example.

B. Correlation
We have recorded the GENDER, HEIGHT, WEIGHT, and AGE of seven people

and want to compute the correlations between HEIGHT and WEIGHT, HEIGHT
and AGE, and WEIGHT and AGE. The program to accomplish this is as follows:

115

s
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DATA CORR_EG;
INPUT GENDER § HEIGH
AR, T WEIGHT AGE;
M 68 155 23
F 61 99 20
F 63 115 21
M 70 205 45
Me69 170
F €5 125 30
M 72 220 48
H
PROC CORR DATA=CORR_EG;
TITLE 'Example of a Co
rrelati :
VAR HEIGHT WEIGHT AGE; A periat
RUN;

The output from this program is;

- — W - r

Example of a Correlation Matrix

Correlation Analysis

3 'VAR' Variables: HEIGHT WEIGHT AGR

Simple Statistics

Variable N Mean Std Dev Sum  Minimum Maximum

HEIGH'

WEIGH: ; 66].;571 3.9761 468.0 61,0000 72,0000

Ao , 5.6 45,7961 1089.0 99,0000 220.0
1.1667 12.4164 187.0 20,0000 48.0060

o

Pearson Correlation Coefficients / Prob> |R| unde

/ Number of Observations " ot Rhos0

HEIGHT WEIGHT AGE
HEIGHT 1.00000 0.97165 0.86614
0.0 0.0003 0.0257
7 7 6
WEIGHT 0.97165 1.00000 0.92496
0.0003 0.0 0.0082
7 7 6
A

GE 0.86614 0.92496 1,00000

0.0257 0.0082 0.0
[ 6 [
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PROC CORR gives us some simple descriptive statistics on the variables in the
VAR list along with a correlation matrix. If you examine the intersection of any row
or column in this matrix, you will find the correlation coefficient (top number), the
p-value (the second number), and the number of data paits used in computing the
correlation (third number). If the number of data pairs are the same for every com-
bination of variables, the third number in each group is not printed. Instead, this
qumber is printed at the top of the table.

In this listing, we see that the correlation between HEIGHT and WEIGHT is
97165, and the significance leve! is 0003; the correlation between HEIGHT and
AGE is .86614 (p = .0257); the correlation between WEIGHT and AGE is .92496
(p = 0082). Let’s concentrate for a moment on the HEIGHT and WEIGHT
correlation. The small p-value computed for this correlation indicates that it is
unlikely 10 have obtained a correlation this large, by chance, if the sample of
seven subjects were taken from a population whose correlation was zero.
Remember that this is just an example. Correlations thil‘s large are quite rare in
social science data.

To generate a correlation matrix (correlations betweén every pairwise combi-
nation of the variables), use the following general syntax:

{

VAR 1ist-of-variables;
ONy L

The term “list-of-variables” should be replaced with a list of variable names,
separated by spaces. If no options are selected, a Pearson correlation coefficient is
computed, and simple descriptive statistics are computed. As we discuss later, sev-
eral nonparametric correlation coefficients are also available. The option SPEAR-
MAN will produce Spearman rank correlations, KENDALL will produce Kendall’s
tau-b coefficients, and HOEFFDING will produce Hoeffding's D statistic. If you use
one of these options, PEARMAN for example, you must use the PEARSON op-
tion as well, if you also want Pearson correlations to be computed. If you do not
want simple statistics, include the option NOSIMPLE in your list of options.

For example, if you wanted both Pearson and Spearman correlations and did
not want simple statistics to be printed, you would submit the following code:

The CORR procedure will compute correlation coefficients between all pairs of
variables in the VAR list. If the list of variables is large, this results in a very large
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number of coefficients, If you only want to see a limited number of correlation coef-
ficients (the ones with the highest absoluge values), include the BEST=number op-
tion with PROC CORR. This results in these correlations fisted in descending order.

I all you want is a number of correlations between one or more variables
against another set of variables, a WITH Statement is available. PROC CORR will
then compute a correlation coefficient between every variable in the WITH list
against every variable in the VAR list. For example, suppose we had the variables [Q
and GPA (grade point average) in a data set called RESULTS, We also recorded a
student score on 10 tests (TEST] -TEST10). If we only want to see the correlation
between the IQ and GPA versus each of the 10 tests, the syntax is:

PROC CORR DATA=RESULTS;
VAR IQ GPA;
WITH TEST1-TEST10;
RON;

This notation can save considerable computation time,

C. Significance of a Correlation Coefficient

You may ask, “How large a correlation coefficient do Ineed to show that two variables
are correlated?” Each time PROC CORR prints a correlation coefficient, it also prints
a probability associated with the coefficient. That number gives the probability of ob-
taining a sample correlation coefficient as large as or larger than the one obtained by
chance alone (ie., when the variables in question actually have zero correlation),

The significance of a correlation coefficient is a function of the magnitude of the
correlation and the sample size. With a large number of data points,even a small cor-
relation coefficient can be significant. For example, with 10 data points, a correlation
coefficient of 63 or larger is significant (at the 05 level); with 100 data points, a cor-
telation of .195 would be significant. Note that a negative correlation shows an
equally strong relationship as a positive correlation (although the relationship is in-
verse). A correlation of ~ 40 is as strong as one of + 40,

It is important to remember that correlation indicates only the strength of a
telationship—it does not imply causality. For example, we would probably find a
high positive correlation between the number of hospitals in each of the 50 states
versus the number of household pets in each state. Does this mean that pets make
people sick and therefore make more hospitals necessary? Doubtful, The most
plausible explanation is that both variables (number of pets and number of hospi-
tals) are related to population size,

Being SIGNIFICANT is not the same as being IMPORTANT or STRONG,
That is, knowing the significance of the correlation coefficient does not tell us very
much. Once we know that our correlation coefficient is significantly different from
210, we need to look further in interpreting the importance of that correlation, Let
us digress a moment to ask what we mean by the significance of a correlation coef-

ficient. Suppose Wwe bave 2
gero. We could imagine a p

i i 119
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population of x and y values in'which the ;o;e;{l;::on is
lot of this population as shown in the grap .

Wi i is popula-
N pose further that we choose a small Sample of 10 points from this pop
UP]

)
i “at random” from
he x, y pairs we choose
i low, the 0’s represent the X,
tion. In the plot below,
our population.
. 0
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In this sample, a nonzero correlation .would oc;:lurﬁl::tl gfnrg(t::;clz 1:\(;1 m fs t
igni because the sample is too small.
enough to be significant

be tested anew for each correlation.

D. How to Interpret a Correlation Coefficient

S| y i ici i to lOOk at the

O 4 of the best ways to interpret a C()rrelat]oﬂ COefflClent (r) 18 .

t S Int rp

Squale Of the Coefﬁcieﬂt (r-Squared); r'Squared can be. lIlterpreteq as the PI OPOI tion

Of Vi € il'l one Of (he var 1ableS that can be explauled b& variation 1 the Othel
aranc

Vai ) S e, our WE] cOl Clat on 18 9; -Sq U d 5.
1 As a exampl helght/ lgh . Thug T Sq are!
rnabie. 'y 94

in wei ined by variation in
We can say that 94% of the variation in weights can be explained by
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height (or vice versa). Also, (1 ~ 94 o 6% ,Of the variance of weight, is due to fac.
tors other than height variation. With this interpretation in mind, if we examine a
correlation coefficient of 4, we see that only .16, or 16%, of the variance of one vari-
able is explained by variation in the other,

Another consideration in the interpretation of correlation coefficients is this: Be
sure tolook at a scatter plot of the data (using PROC PLOT), It often turps out that
One OTwo extreme data points can cause the correlation coefficient to be much larger
than expected. One keypunching error can dramatically altera correlation coefficient,

Animportant assumption concerning a correlation coefficient is that each pair of
X,y datapointsisindependent of any other pair. That is, each pair of points has to come
from aseparate subject. Suppose we had 20 subjects, and we measured twao variables
(say blood pressure and heart rate) foreach of the 20 subjects, We could then calculate

pute a valid correlation coefficient using all 200 data points {10 points for each of 20
subjects) because the 10 points for each subject are not independent. The best method
would beto compute the mean blood pressure and heart rate for eachsubject, and use
the mean values to compute the correlation coefficient. Having done so, we'll keepin
mind that we correlated mean values when we are interpreting the results.

E.  Partial Correlations

Asyoucansee in the listing below,the partial correlation between HEIGHT and
WEIGHT is now lower thap before (.91934) although still significant {p=.0272).

Example of a Partial Correlation
Correlation Analysis

1 'PARTIAL' Variables: AGE

2 'VAR' Variables: HEIGHT WEIGHT
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[Continned]

pearson Partial Correlation Coefﬁcientau iy
/ Prob> |R| under Ho: Partial Rho=0 / N=

HEIGHT WEIGHT
1,00000 0.91934
HEIGHT ) 0.0272
1.00000
IGHT 0.91934
e 0.0272 0.0

E  Linear Regression

Gi erson’s height, what would be their predicted weight? How can l\:g I;Zit (le;
e the lationship between height and weight? By studying th.e graph beloy

o i r; o 1 tiogship is approximately linear. That is, we can imagine drgwmg a

" 'tha“' oo athe raph with most of the data points being only a.shO{t distance

zrtf)z::lg?ltlilrllﬁ]:n’[he \glergcal distance from each data point to this line is called a

residual.

= 2 obs, etc.
Plot of WEIGHT*HEIGHT Legend: A = 1 ol;s, B=2
Plot of PRED WI*HEIGHT Symbol used is

WEIGHT

240
220
200
180 A
160 A

140

1001 A
80
60

} + + + t + +———t + + t ,2
6'1 62 63 64 65 66 €7 68 63 70 71 7
HEIGHT
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How do we determine the “best”

E;etho};i of I§a§t squares is commonly used, which finds the line (
tf.)t at.mlnlmlges the sum of the squared residuals. An equi
residual is the difference between a subj el
score.

PROCREG ({short for tegression) has the general form:

PROC REG options;
MODEL dependent

- variable,(s);xind,ependen; variable / options;

Using our height/weight pro,
equation for the regression line;

The output from the procedure above is as follows:

straight line to fit our height/weight data? The
called the regression

: . valent way to define a
ect’s predicted score and histher actual

gram, we add the following PROC to give us the

Model: MODEL1
Dependent Variable: WEIGHT

Analysis of Variance

sum of
] Mean
ource DF Squares Square F Value
Model
- 1 11880.32724 11880.32724 84.451
o 5 703.38705 140.67741 70003
a 6 12583,71429
Root MSE 11.86075
. R-8quare
Dep Mean 155.57143 Adj R-sq gg::’;
C.v. 7.62399 .
Parameter Estimates
Paramet.
Variable DF Estima:: e acamton.

Error Pparameter=0 Prob > |T|

INTERCEP 1  -592.644578  81.54217462

HEIGHT 1 11.191265 1.21780334 or190 0008

9.190 0.0003

Probs>F
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Look first at the last two lines. There is an estimate for two parameters. INTER-
CEPT and HEIGHT. The general equation for a straight [ine can be written as:

y:a+bX

where a = intercept, b = slope.
We can write the equation for the “best” straight line defined by our
height/weight data as:

WEIGHT = -592.64 + 11.19 X HEIGHT

Given any height, we can now predict the weight. For example, the predicted
weight of a 70-inch-tall person is:

WEIGHT = —592.64 + 11.19 X 70 = 19066 Ib.

To the right of the parameter estimates, are columns labeled Standard Error,
T for Hy: Parameter = 0,and Prob > T). The T values and the associated proba-
bilities (Prob > ITI) test the hypothesis that the parameter is actually zero. That
is, if the true slope and intercept were Ze10, what would the probability be of ob-
taining, by chance alone, a value as large as or larger than the one actually ob-
tained? The standard error can be thought of in much the same way as the
standard error of the mean. It reflects the accuracy with which we know the true
slope and intercept.

In our case, the slope is 11.19,and the standard error of the slope is 1.22. We can
therefore form a 95% confidence interval for the slope by taking two (approxi-
mately) standard errors above and below the mean. The 95% confidence interval
for our slope is 8.75 to 13.63. Actually, since the number of points in our example is
small {n = 7) we really should go toa t-table to find the number of standard errors
above and below the mean for a 95% confidence interval. (This is true when n is
less than 30.) Going to a t-table, we look under degrees of freedom (df) equal to
1 — 2 and level of significance (two-tail) equal to .05. The value of t for df = 5 and
p=05is 257 Our 95% confidence interval is then 11.19 plus or minus
257 x122=314

Inspecting the indented portion of the output, we see values for Root MSE,
R-square, Dep Mean, Adj R-sq,and C.V. Root MSE is the square root of the error
variance. That is, it is the standard deviation of the residuals. R-square is the
square of the multiple correlation coefficient. Since we have only one indepen-
dent variable (HEIGHT), R-square is the square of the Pearson correlation coef-
ficient between HEIGHT and WEIGHT. As mentioned in the previous section,
the square of the correlation coefficient tells us how much variation in the de-
pendent variable can be accounted for by variation of the independent variable.
When there is more than one independent variable, R-square will reflect the vari-
ation in the dependent variable accounted for by a lingar combination of all the
independent variables {see Chapter 9 for a more complete discussion). The Dep
Mean is the mean of the dependent variable: WEIGHT in this case. C.V.is the co-
efficient of variation. Finally, Adj R-sq is the squared correlation coefficient cor-
rected for the number of independent variables in the equation. This adjustment
has the effect of decreasing the value of R-squared. The difference is typically
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small but becomes larger and more important when dealing with multiple inde-
pendent variables (see Chapter 9).

G. Partitioning the Total Sum of Squares

The top portion of the printout of page 122 preseats what is called the analysis of
variance table for the regression. It takes the variation in the dependent variable and
breaksit out into various sources, Tounderstand this table, think about an individua]
weight. That weight can be thought of as the mean weight for all individuals plus (or
Minus) a certain amount because the individual is taller (or shorter) than average.
The regression tells us that taljer people are heavier. Finally, there is a portion at-
tributable to the fact that the prediction s less than perfect, So we start at the mean,
move up or down due to the regression, and then up or down again due to error (or
tesidual). The analysis of variance table breaks these components apart and looks at
the contribution of each through the sum of squares.

The total sum of squares is the sum of squared deviations of each person’s
weight from the grand mean, This total sum of squares (SS) can be divided into the
two portions: the sum of squares due 1o Tegression (or model), and the sum of
Squares error (sometimes called tesidual). One portion, called the Sum of Squares
(ERROR) in the output, reflects the deviation of each weight from the PRE-
DICTED weight. The other portion reflects deviations between the PREDICTED
values and the MEAN, This is called the Sum of Squares due to the MODEL in the
output. The column labeled Mean Square is the Sum of Squares divided by the de-
grees of freedom. In our case, there are seven data points. The total degrees of free-
domisequalton - 1, 0r6.The model here has 1 df The error degrees of freedom is
the total df minus the mode] dt, which gives us 5. We can think of the Mean Square
as the respective variance (square of the standard deviation) of each of these two
portions of variation. Our intuition tells us that if the deviations about the regression
line are small (error mean Squate) compared to the deviation between the predicted
values and the mean (mean square model) then we have a good regression line. To
compare these mean squares, the ratio

F Mean square mode|
= 4n square model
Mean square error

is formed. The larger this ratio, the better the fit (for a given number of data points).
The program prints this F value and the probability of obtaining an F this large or
larger by chance alone. In the cage where there is only one independent variable, the
probability of the F statistic i exactly the same as the prabability associated with
testing for the significance of the correlation coefficient. If this probability is “large”

(over .05) then our linear model is 0ot doing a good job of describing the relation
ship between the variables,
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H. Plotting the Points on the Regression Line

To plot out height/weight data, we can use PROC PLOT as follows:

" PROC PLOT DATA=CORR_EG;
_PLOT WEIGHT*HEIGHT;
UN; -

However, we would have to draw in the regression line by hand, usingl the hslorpee-
d intercept’ from PROC REG. It is desirable to have SAS softwaée 15 Eo(t} talfl:ows
a;lession line (actually, the regression predicted values) for us. PRO

the use of a PLOT statement. The form is:
PLOT y_variable * x_variable = symbol / optionms;

i iables to be plotted on the y-
i d x_variable are the names of the varia lott
d Y;;Z?,izls;:gtivi-l; The symbol can be either a single charactgr in sgl%lep %18%5
ga};ariable name whose value is to be the plottigg syn:]boll t(}';ma 1;;5(1){T Statemem:
cial “variable names” that can be used wi A
E;Trgzazznl;:%eames PREDICTED. and RESIDUAL. (the Pf)enods art(:) 1§)te11(r)tn t::
: i idual values. A common
ords) are used to plot predicted and resi .

zl)l:/sé}l;iyAwY wh)ich is used to plot more than one graph on ;1{ sg;gGlt;{ s;t ;f Siesf.’ -

: lot of WEIGHT versus > PR
el tbove In o the points on the regression line.
ample above. In addition, we want to see the p e
EVE?V:; thg plotting symbols for the WEIGHT versus HEIGHT _gra;ﬁ;te(; i)oe ;1: tehre
isks (*) and the symbols showing the predicted values (the regression l c}tobe th
izttser ‘P, The procedure, complete with the PLOT statement is shown next,

followed by the plot:
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(a) A plot of the original data, predicted values, and the upper and lower

95% confidence limits for the mean weight.
(b) A plot of residuals versus HEIGHT. Nor: If this plot shows some sys-
R tematic pattern (rather than random points), one could try to improve
220 * the original model.
P Here is the program to accomplish the requests above:
*
P 200
r
e p PROC REG DATA = CORR EG; :
d MODEL WEIGHT = HEIGHT; .. - -
c 186 p eEETGHT=" -
t .
€ * R ) B
d 3 PLOT RESIDUAL: *HEIGHT £ '0';
v 160 + RUN;
a *
1
. The two graphs are shown below:
140
0 P
£ t
w *
E 120 PRED
I
G 3 250
H
T -
100
P 225 *
2 r P
< ?
s}
80 i 200 - P -
o}
+ t + + ‘,—‘ € _op
81 62 63 64 65 66 67 68 69 0 71 T2 e -
HEIGHT 4175 P2
L ] v g
a -
1 150
u P
L. Plotting Residuals and Confidence Limirs & - .
o 125
Before leaving this section, we mention that SAS software has the ability to PLOT - ?
several computed values other than the PREDICTED valug of the dependent vari- W ol
able. The most useful statistics besides the predicted values are: ? -
P
G
RESIDUAL.  The residual (i.e., difference between actual and predicted values for },; 75
each observation). -
L95. The lower or upper 95% confidence limit for an individual
U9s. predicted value, (i.e.,95% of the dependent data values would be 50
expected to be between these two limits).
Lo5SM. The lower or upper 95% confidence limit for the mean of the ey
U9SM. dependent variable for a given value of the independent variable, 6‘1 6¢2 6:3 614 5 6 67 68 69 0 T T2
o . HEIGHT
To demonstrate some of these options in action, we produce the following:

[ R
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In this graph, the +'s are the original data points, the P's represent the predicted
values, the -'s the upper and lower 95% confidence intervals about the mean weight
for a given height. The question marks Tepresent multiple observations (perhaps a

raw data value and a predicted value were very close together). The next graph is
discussed in the following section.

J. Adding a Quadratic Term to the Regression Equation

The plot of residuals, shown in the graph below, suggests that a second-order term
(height squared) might improve the model since the points do not seem random but,
rather, form a curve that could be fit by a second-order equation. Although this chap-

20[
0
R RESIDUAL
e o]
3 o]
{ o]
d 0
u
? o] o]
o]
—20L
61 62 63 64 65 66 67 68 69 70 71 72
HEIGHT

ter deals mostly with linear regression, let us show you quickly how you might explore
this possible quadratic relationship between height and weight. First,we need toadd a
line in the original DATA step to compute a variable that represents the height
squared. After the INPUT statement, include a line such as the following:

HEIGHT2 = HEIGHT * BEIGHT;
or

BEIGHT2 = BEIGHT*+2;

Next, write your MODEL and PLOT statements:
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improvement

When you run this model, you will get an rsquared of :742; ;111 :FS{; ement

the 9441 obtained with the linear model. Studying the r e
s tha he distribution of the residuals is more random than the earle hp
e e is in order here. First, remember that this is an example wit ah\{?y
Lt tWto Isld that the original correlation is quite high: Second, althoug| :1 [ls
S[nal'lbtlt1 1::)5;15;1 enter cubic terms, etc., one should keep in mind that results nee
posst

be interpretable.

RESIDIAL W
20

10

[ e W N =]

-10

—t

72

_

69 70 71

K. Transforming Data

nOlheI regresston example 18 IOVlded he[e to demonstrate some addlll()nal Steps
p
A g

10 people:
Subject  Drug Dose Heart Rate
1 2 60
2 2 58
3 4 63
4 4 62
5 8 67
6 8 65
7 16 70
) 16 70
9 3 4
10 3 7

Let’s write a SAS program to define this collection of data and plot drug dose by
S
heart rate.
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DATA HEART;
INPUT DOSE HR;

DATALINES;

2 60

3273

PROC PLOT DATA=HEART;
PLOT HR*DOSE='o';

RUN;

PROC REG DATA=HEART;
MODEL HR = DOSE;

RUN;

The resulting graph and the PROC REG output are shown below:

Plot of HR*DOSE. Symbol used is ‘o',

-~
[
oo

N
w
oo

6010
5810

- +

: ——t——— 4+

4 6 8101214161820222426283032
DOSE

NOTE: 1 obs hidden.
Regression Line for Helght-Weight Data

Model: MODELL
Dependent Variable: HR
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[Continued]

analysis of Variance

Sum of Mean
Source DF Squares Square F Value Prob>F
Model 1 233.48441 233.48441 49.006  0.0001
Error 8 38.11559 4.76445
¢ Total 9 271.60000
Root MSE 2.18276 R-square 0.8597
Dep Mean 66.20000 Adj R-sq 0.8421
c.v. 3.29722
parameter Estimates
Parameter standard T for HO:
variable DF Estimate Error DParameter=0 prob > |T|
INTERCEP 1 60.708333 1.04491764 58.099 0.0001
DOSE 1 0.442876 0.06326447 7.000 0.0001

Either by clinical judgment or by careful inspection of the graph, we decide that
the relationship is not linear. We see an approximately equal increase in heart rate
each time the dose is doubled. Therefore, if we plot log dose against heart rate we
can expect a linear relationship. SAS software has a number of built-in functions
such as logarithms and trigonometric functions, described in Chapter 17. We can
write mathematical equations to define new variables by placing these statements
between the INPUT and DATALINES statements. In SAS programs, we represent
addition, subtraction, multiplication, and division by the symbols +,~ , *,and /, re-
spectively. Exponentiation is written as * * To create a new variable which is the log

of dose, we write:

LOG is a SAS function that yields the natural (base ) logarithm of whatever
value is within the parentheses.
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We can now pl

PROC PLOT DATA=BEART;
PLOT HR*LDOSE='o';
RUN;

PROC REG DATA=HEART;
MODEL HR=LDOSE;
RON;

Output from the stat i
ements above is shown on the f i

. ! . ; : e following pages. A

S nfg(;ng;ng }\;anables with caution. Keep in mind that when a vl;rgable }Jsptr;ancsh
P réfer i Ost;)u{g not refer to the variable as in the untransformed state. That is
e IncomeeSiZzi (())ff dosage” as ;dosage." Some variables are frequentiv trans-‘

: 3 groups, and magnitudes of earthqu I

sented as logs, or in some other transformation, ks ar vl pe-

Plot of HR*LDOSE. Symbol used ig ‘o'

HR

o)
Co
(o]

0.6931 1.3863 2.0794 2.7726 3.4657
LDOSE

NOTE: 1 obs hidden.
Regreseion Line for Height-Weight Data

Model: MODEL1
Dependent Varlable: HR

-

ot |
og dose versus heart rate and compute a new regression line
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[Continued]

Analysis of Variance

Sum of Mean

Source DF Squares Square F value Prob>F

Model 1 266.45000  266.45000 413.903 0.0001
Error 8 5.15000 0.64375
C Total ¢ 271.60000 ’

Root MSE 0.80234 R-square 0.9810

Dep Mean 66.20000 adj R-sq 0.9787

c.v. 1.21199

Parameter Estimates

Parameter Standard T for HO:
variable DF Estimate Error Parameter=0 Prob> |T|

INTERCEP 1 55.250000 0,59503151 92.852 0.0001
LDOSE 1 5,265837 0.25883212 20,345 0.0001

Notice that the data points are now closer to the regression line. The
MEAN SQUARE ERROR term is smaller and r-square is larger, confirming
our conclusion that dose versus heart rate fits a logarithmic curve better than

a linear one.

L. Computing Within-subject Slopes

There are times when we need to compute stopes for each subject (on multiple mea-
surements) or stopes for a subset of an entire popullation. An example would be a
stady where each subject is assigned to group A or group B. We then measure his or
her performance on  test three times, and the rateof learning (the slope of the score
versus time curve) is compared for the two groups. Prior to version 6, this was a dif-
ficult problem to solve. Thanks to the response of the SAS Institute to user requests,
we can now output a data set containing slopes with PROC REG.

The procedure option, OUTEST=data-set-name, will create a data set contain-
ing all variables in the BY statement as well as theslopes (coefficients) of each of the
independent variables in the model. To illustrate,here is a program to analyze the

study design just described:
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DATA TEST;

INPUT ID GROUP § TIME SCORE;
DATALINES;
1a

o W W W RS B B
L R R P T )
LB W B W B W B s
W10 oN® W o -3 U

PROC SORT DATA=TEST;
BY ID;
RUN;

PROC REG OUTEST=SLOPES DATR=TEST;
BY ID;
ID GROUP; *+*Note: This ID statement is used so that the
GROUP variable will be in the SLOPES data
8€t. An alternative would be to include it
in the BY list.;

MODEL SCORE = TIME / NOPRINT;

RUN;

PROC PRINT DATA=SLOPES ;

TITLE 'Listing of the Data 8et SLOPES';
RUN;

PROC TTEST DATA=SLOPES;

TITLE 'Comparing Slopes Between Groups';
CLASS GROUP;
VAR TIME;

RUN;

The data set SLOPES, produced by PROC REG, and the results from the t-test
are shown next. (We are getting a bit ahead of ourseleves here. You can read about
how to compare means with PROCTTEST in the next chapter.) The variable TIME
represents the slope of the SCORE by TIME graph (i.e., the coefficient of TIME).
The reason that the GROUP variable is included in the ID statement is so that it will
be included in the output data set. One could also include other variables where
each subject can have only one value (such as GENDER). Since slope in this exam-
ple is a computation over observations for an individual, any other variable which

Problems 135

yisting of the Data Set SLOPES
ME SCORE
g ID GROUP _MODEL, _TYPE_ _DEPVAR_ _RMSE_ INTERCEP TI
0B . _
-1
A MODEL1 PARMS SCORE  0.40825 -0.333:3‘1 ;z "
A MODELl PARMS SCORE  0.40825 1.33:;33 -3.0 "
B MODEL1 PARMS  SCORE 0.81650 11.3 o -2.5 "
B MODEL1 DPARMS SCORE 1.22474 11.00 .
comparing Slopes Between Groups
prEST PROCEDURE
variable: TIME
Mean std Dev §td Error
v o Meam  SOBE
------------ ;“-"-";-;(-)(-);6000 0.00000E+00 OOOgggztgg
2 -2,75000000 3.53553E-01 2.50
variances T DF Probs | T|
--------------------- 0 0.0303
al 21.0000 1.
o 21.0000 2.0 0.0023
NOTE: All values are the same for one CLASS level.

Problems

5-1, Given the following data:

i iable
could have different values for an individual cannot be used. The dependent varia
in each model is assigned a value of ~1.

X Y 1
13 B
7 B 7
g8 12 5
3 4 14
4 7 10

() Write a SAS program and compute the Pearson correlation coefficient between X
a) Wi omp
and Y: X and Z. What is the significance of each? ‘ ‘ .
(b) Change the correlation request to praduce a correlation mat‘nx, that is, the co
tion coefficient between each variable versus every other variable.
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§-2. Given the following data:

AGE  spp
—

15 116
20 120
25 130
30 132
40 150
50 148

How much of the variance of SBP (systolic blood pressure) can be explained by the fact

that there is variability in AGE? (Use SAS to compute the correlation between SBP and
AGE.)

5-3. From the data for X and Y in problem 5-1:

(2) Compute a regression line (YonX).Yis the dependent variable, X the independent
variable.

(b) What is slope and intercept?
(¢) Are they significantly different from zero?

5-4. Using the data of problem 5-1, compute three new variables LX, LY, and LZ which are
the natural logs of the original values. Compute a correlation matrix for the (hree new

variables. HINT: The function to compute a natural log is the LOG function (see Chapter
17 for details).

§-5. Generate:

(2) AplotofY versus X (data from problem 5-1).
(b) A plot of the regression line and the original data on the same set of axes,
§-6. Given the data set:

COUNTY  POP  HOSPITAL FIRE C0  RURAL

1 35 1 2 YES
2 8 5 8 NO
3 5 0 1 YES
4 55 3 3 YES
5 75 4 5 NO
6 125 5 8 NO
7 25 7 9 YES
8 500 10 1 NO

(2) Write a SAS program to create a SAS data set of the data above.

(b) Run PROC UNIVARIATE to check the distributions for the variables POP, HOS-
PITAL, and FIRE_CO.

(c) Compute a correlation matrix for the variables POP, HOSPITAL, and FIRE_CO.
Produce both Pearson and Spearman correlations. Which is more appropriate?

(d) Recode POP, HOSPITAL, and FIRE_CO so that they each have two levels (use a

median cut or a value somewhere near the 50th percentile). Compute crosstabula-
tons between the variable RURAL and the recoded variables.
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5.7, What's wrong with the following program? (Noe: There may be missing values for X, Y,
andZ.)

NPUT X Y 3
‘X LE 0 THEN X=l;
Y:LE 0 THEN ¥Ye1;




CHAPTER

T-tests
and
Nonparametric Comparisons

A. Introduction

B. T-test: Testing Differences between Two Means

C. Random Assignment of Subjects

D. Two Independent Samples: Distribution Free Tests
E. One-tailed versus Two-tailed Tests

F. Paired T-fests (Related Samples)

A, Introduction

Our first topic concerning hypothesis testing is the comparison of two groups. When

certain assumptions are met, the popular t-test is used to compare means. When
these assumptions are not met, there are several nonparametric methods that can be
used. This chapter shows you how to conduct

all of these two group comparisons
using SAS software. In addition, we show you how to write a simple SAS program to
randomly assign subjects to two or more groups,

B. T-test: Testing Differences between Two Means

A common experimental design is to assign subjects randomly to a treatment or a
control group and then measure one or more variables that would be hypothesized
to be affected by the treatment. To determine whether the means of the treatment
and control groups are significantly different, we set up what is called a null hypoth-
esis (Hy). It states that the treatment and control groups would have the same méan
if we repeated the experiment a large (infinite) number of times and that the differ-
ences in any one trial are attributable to the “luck of the draw” in assigning subjects
1o treatment and control groups. The alternative hypotheses (H,) to the null hy-
pothesis are that one particular mean will be greater than the other (called a one-
tailed test) or that the two means will be different, but the researcher cannot say a

priori which will be greater (called a two-tailed test). The researcher can specify
either of the two alternative hypotheses.
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-test i to de-
When the data have been collected, a procedure called the t-test is used to

o i i s that is observed is due to
3 i robability that the difference in the mean e
3 temlme"[tT}llee 1}())wer the Kkelihood that the difference is du; to chancf:, tthz ftfr;i r?trand
] c-harll‘;e(;od that the difference is due to there being real d1fferenhcets H;rfrorms e
hketlol The following example demonstrates a SAS program that p

E control.

ere a dru,
Students are randomly assigned to a control or treatment group (wh g

A' i i i d. The times are
. dministered). Their response times 102 stimulus is then measure
k1S .

s follows:
Control Treatment
(response time in millisec) *
8 100
93 103
83 104
89 99
98 102

Do the treatment scores come from a population whose mean 1: ii;ffegeﬁtczzz
an of the population from which the control scores were drawn? A }?:tcreatmem
ihg(:;e shows that the mean of the control groupis 88.6, and the mtehzglsctyan he alrer
; is 101.6. You may recall the discussion in Chapter 2 about Sandard et
gl.ourﬁean When We use a sample to estimate the population mean, the dard e
tl}ethe me;m reflects how accurately we can estumate the population wn;lm em))rr sl
Oee when we write 2 SAS program to analyze this experiment, the san da ertr of e
: f the treatment mean is .93.
is 3.26, and the standard error e
commlatrn 621“1\ 8 units apart, even if each mean is several standalrcd errors }?WSIY rfrom i
e popultic mean , ill be significantly different from each other.
i , they would still be significan -
e pl(’)lfurl:tﬁg some asszmptions that should be met before we can Epglyftgi bt
First tlfe two groups must be independent. This is ensured b\ our met }?Outl)d andoms
lrsi ,nmem Second, the theoretical distribution f’f sgmpllng melanls s o i
:;121% distri.buted (this is ensured if the sample size is sufﬁcxenEn{ | alr;gSt ;Ssumpﬁm{
the v);riances of the two groups should be approx1rnat§1)l; eclltlll:IS.AslsS o
i i -test is computed by ystem.
i automatically each time a t-test 1s co oA
. Chfcci(lftd 1t contains t-values and probabilities for both the case of eq}ililhgr mg
:;fisancespand unequal group variances. We will see later h(;W m;::; :i ;m ;e
istri hen the t-test assumptions met,
ormally distributed. Finally, w . e
o, 3:;:1 roced)llxres that can be used; these are demonstrated later in tthls:lhes? o
afe (;t’s tirﬁe now to write a program to describe our dgta and to request a o ”[]1 X
know which group each person belongs to and what his or her response time 1.
program can thus be written as follows:

 DATA RESPONSE;
. INPUT GROUP § TIME;
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[Continued]

C 83

C 89

c 98

T 100

T 103

T 104

T 99

T 102

PROC TTEST DATA=RESPONSE;
TITLE 'T-test Example';
CLASS GROUP;
VAR TIME;

RON;

" PRIOE1 TTEST Uses a CLASS statement to identify the independent variable—
€ variable that identifies the two groups of subjects, In our case, the variable
GROUP ha; values of C (for the control group) and T (for the treatm’ent group)
.The var%able or variable list that follows the word VAR identifies the de en%e.nt
variable(s), in our case, TIME. When more than one dependent variable isliisted a

separate t-test is computed for each dependent variable i i
in the list.
Look at the TTEST output below: -

T-test Example

TTEST PROCEDURE

Variable: TIME

GRO
___HP_"___"IJ___-_“""""E(_e_a_xx_“ §td Dev 8td Error
T Ut et G
. : 88.60000000 7.30068430 3.26496554
101.60000000 2.07364414 0.92736185
Y:‘:\_r_i_z{x}c_ef““ T DF Prob>|T|
Unequal -3,8302 “-_:1“6 _______________
. . 0.0145
Equal -3.8302 8.0 0.0050

For HO: Variances are equal, F' = 12,40 DF = (4,4) Prob>F' = 0.0318

. We see the mean value of TIME for the control
with the standard deviation and standard error. Belowati?st;f: ttI\Ix]ne)nste%sr ‘:;[:3:;0“&
degree.s of freedom, and probabilities. One is valid if we have equal variances l:;i
other if we h;_lve unequal variances. You will usually find these values ve c]ose
unless the variances differ widely. The bottom line gives us the probability gat the

e ——.. -
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variances are unequal due to chance. If this probability is small (say less than .03)
then we are going to reject the hypothesis that the variances are equal. We then use
the t-value and probability labeled Unequal. If the PROB>F" value is greater than
(05, we use the t-value and probability for equal variances.

In this example, we look at the end, the t-test output, and see that the F ratio
(larger variance divided by the smaller variance) is 12.40. The probability of obtain-
ing, by chance alone, a ratio this large or larger is 0.0318. That is, if the two samples
came from populations with equal variance, there is a small probability (.0318) of
obtaining a ratio of our sample variances of 12.40 or larger by chance. We should
therefore use the t-value appropriate for groups with unequal variance. The rule of
thumb here is to use the t-value (df) and probability labeled unequal if the proba-
bility from the F-test is less then .05, We point out here that, as with most rules of
thumb, there is a weakness in the rule. That is, when the sample sizes are small, the
test of equal variances has low power and may fail to reject the null hypothesis of
equal variances. This is just the situation where the assumption is most important to
performing a proper t-test. Also, when the sample sizes are large (wWhere the as-
sumptions of equal variance are less important to the t-test), the null hypothesis of
equal variances is frequently rejected.

C. Random Assignment of Subjects

In our discussion of t-tests, we said that we randomly assigned subjects to either a treat-
ment or control group. This is actually a very important step in our experiment and we
can use SAS software to provide us with a method for making the assignments.

We could take our volunteers one by one, flip a coin, and decide to place all the
“heads” in our treatment group and the “tails” in our control group. This is accept-
able, but we would prefer a method that ensures an equal number of subjects in each
group. One method would be to place all the subjects’ names in a hat, mix them up,
and pull out half the names for treatment subjects and the others for controls. This is
essentially what we will do in our SAS program. The key to the program is the SAS
random number function.

The function RANUNI(seed) will generate a pseudorandom number in the in-
terval from 0 to 1. The argument of this function, called a seed, can either be a zero
or a number of your choice. A zero seed specifies that the random number function
use the time clock to generate a random seed to initiate the random number se-
quence. If you use a zero seed, you will obtain a different series of random numbers
every time the program is run (unless you run the program at EXACTLY the same
time every day). You may want to supply your own seed instead. It can be any num-
ber you wish. Each time you run the program with your own seed, you will generate
the same series of random nuntbers, which is sometimes desirable. You will have to
decide whether to supply your own seed or use the time clock.

We will create a SAS data set with our subjects’ names (or we could use subject
numbers instead) and assign a random number to each subject. We can then split the
group in half (or in any number of subgroups) using a special feature of PROC
RANK. Here is the program:
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PROC FORMAT;

VALUE GRPFMT 0='CONTROL' 1=' !
-~ L' 1='TREATMENT';

DATA RANDOM;
INPUT SUBJ NAME $20.;
GROUP=RANUNI (0) ;
DATALINES;
1 copy
2 SMITH
3 HELM
4 GREGORY
(more data lines)

PROC RANK DATA=RANDOM GROU]

PS=2 OUT=
VAR GROUP; i
RUN;

PROC SORT DATA=SPLIT;
BY NAME;
RUN;

PROC PRINT DATA=SPLIT;
TITLE 'Subject Group Assignments’
ID NAME; e
VAR SUBJ GROUP;
FORMAT GROUP GRPFMT,;

RUN;

The key to this program is the RAN i i
Y UNI function, which assi
n}:jmbelll' frorq 0 to 1 to each subject. The GROUPS=2 option of PR(%ES;X;IIISZT
:; r;‘,as btl ee (:uRb(])tet; {111[10 twg %roups (0 and 1) depending on the value of the random
- values below the median become 0; those at or above th i
. ; ¢ med;
lh)zécl)\ln}e" thhe (‘;RPFI}/I(")F format assigns the labels “CONTROL” and “TR;;?FI}
ng values of O and 1, respectively, We can use this i
. , y. program 1o ass
subjects to any number of groups by changing the “GROUPS:’% option of %ﬁg‘g

RANK to indicate the desi
& st esired number of groups. Sample output from this program

Subject Group Assignments

NAME 8UBJ GROUP
cony 1 CONTROL
GREGORY 4 CONTROL
HELM 3 TREATMENT
SMITH 2 TREATMENT

(more names and groups)
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Although this may seem like a lot of work just to make random assignments of
subjects, we recommend that this or an equivalent procedure be used for assigning
subjects to groups. Other methods such as assigning every other person to the treat-
ment group can result in unsuspected bias.

D. Two Independent Samples: Distribution Free Tests

There are times when the assumptions for using a t-test are not met. One common
problem is that the data are not normally distributed, and your sample size is small.
For example, suppose we collected the following numbers in a psychology experi-
ment that measured the response to a stimulus: )

D6057694807056600
A frequency distribution would look like this:

X

X

X X

X X

X xxx

X XXXXXX
0123456789

What we are seeing is probably due to a threshold effect. The response is either 0
(the stimulus is not detected) or, once the stimulus is detected, the average response is
about 6. Data of this sort would artificially inflate the standard deviation (and thus the
standard error) of the sample and make the t-test more conservative. However, we
would be safer to use a nonparametric test (a test that does not assume a normal dis-
tribution of data).

Another common problem is that the data values may only represent ordered
categories. Scales such as 1 = very mild, 2 = mild, 3 = moderate, 4 =strong, 5 = severe
reflect the strength of a response, but we cannot say that a score of 4 (strong) is
worth twice the score of 2 (mild). Scales like these are referred to as ordinal scales.
(Most of the scales we have been using until now have been interval or ratio scales.)
We need a nonparametric test to analyze differences in central tendencies for ordi-
nal data. Finally, for very small samples, nonparametric tests are often: more appro-
priate since assumptions concerning distributions are difficult to determine.

SAS software provides us with several nonparametric two-sample tests. Among
these are the Wilcoxon rank-sum test (equivalent to the Mann-Whitney U-test) for
two samples.

Consider the following experiment. We have two groups, A and B.Group B has been
treated with a drug to prevent tumor formation. Both groups are exposed to a chemical

that encourages tamor growth. The masses (in grams) of tumors in groups A and B are
A: 3.12.21.7 2.7 2.5
B: 0.0 0.0 1.0 2.3
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Are there any differences in tumor mass between groups A and B? We will
choose a nonparametric test for this experiment because of the absence of a normal
distribution and the small sample sizes involved. The Wilcoxon test first puts all the
data (groups A and B) in increasing order (with special provisions for ties), retain-
ing the group identity. In our experiment we have

MASS 0.0 0.0 1.0 1.7 2.2 2.3 2.5 2.7 3.1
GROUP B B B A A B A A 2
RANK 1,515 3 4 5 6§ 7 8 9

The sums of ranks for the A's and B's are then computed. We have

SUMRANKS A =4+5+748+9 = 33
SUM RANKS B =15+15+¢3+6=12

If there were smaller tumors in group B, we would expect the Bs to be at the
lower end of the rank ordering and therefore have a smaller sum of ranks than the
A's.Is the sum of ranks for group A sufficiently larger than the sum of ranks for
group B so that the probability of the difference occurring by chance alone is small
(less than .05)? The Wilcoxon test gives us the probability that the difference in rank
sums that we obtained occurred by chance,

For even moderate sample sizes, the Wilcoxon test is almost as powerful as its
parametric equivalent, the t-test. Thus, if there is a question concerning distributions

or if the data are really ordinal, you should not hesitate to use the Wilcoxon test in-
stead of the t-test.

The program to analyze this experiment using the Wilcoxon test isshown below:

DATA TUMOR;

INPUT GROUP § MASS @@
DATALINES;
A3.1322.221,7A2,722.5
B0.0BO0.0B1,0B2.3
PROC NPARIWAY DATA=TUMOR WILCOXON; .

TITLE 'Nonparametric Test to Compare Tumor Masses'; -

CLASS GROUP; ;

VAR MASS;

EXACT WILCOXON;
RUN;

First, we have introduced a new feature on the INPUT statement. Normally,
when a SAS program has finished reading an observation, it gOes to a new line of
data for the next observation. The two ‘@ signs at the end of the INPUT statement
instruct the program to“hold the line” and not automatically go to a new line of data
for the next observation. This way, we can put data from several observations on one
line. By the way, a single @ sign will hold the line for another INPUT statement but
goes to the next line of data when the DATALINES statement is encountered. See
Chapter 12 for more details on the use of single and double trailing @ signs,
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PROCNPARIWAY performs the nonparametric tests. The OPR(}?S Xﬁ%gﬁ
and MEDIAN request these particular tests. The CLASS and V. sA a zcem e
gentical to the CLASS and VAR statements of the t-test procedure. rf o ek
ltioen to the NPARIWAY procedure is the EXACT state'tme;ti._llnchismlrﬁ : a;yi-; ;::) ¢
ment causes the program to compute exact p-vglues (in a ¥t10n 0 b

imati d) for the tests listed after this statement. In
apprfxﬁalrl:;jel;i:sﬂe);gin ;:;eluz computations for the Wilcoxon Rank. Sum Test.
z\ls‘l:psz;ggest that vou include the EXACT statement when you have relatively small

ample sizes. '
S l;he output from the NPARIWAY procedure follows:

Nonparametric Test to Compare Tumor Masses
NPARIWAY PROCEDURE

Wilcoxon Scores (Rank Sums) for variable MASS
Classified by Variable GROUP

Sum of Expected Std Dev Mean
GROUP N Scores Under HO Under HO Score
3697 6.60000000
3.0 25.0 4.0654
2 2 iZ.O 20.0 4.06543697 3.00000000

Average Scores Were Used for Ties
Wilcoxon 2-Sample Test § = 12,0000
Exact P-Values

(one-gided) Brob <= 8
(Two-sided) Prob >=18 - Mean|

0.0317
0.0635

Normal Approximation (with Continuity Correction of .5)
7 = -1,84482 prob > [Zl = 0.0651

7-Test Approx. Significance = 0.1023

Kruskal-Wallis Test (Chi-Square approximation) .
CHISQ = 3.8723 DF = 1 prob > CHISQ = 0.049

The sum of ranks for groups A and B are shown, as wc?ll as their expected val-
ues. The exact two-tailed p-value for this test is 0635 which is quite close to the Nor-
mal Approximation value of .0651.

E. One-tailed versus Two-tailed Tests

When we conduct an experiment like the tumor exam;lule ;f Seﬁtﬁm D[hweisl}:\lfﬁafi
i i is. In our example, the null hypothes

choice for stating the alternate hypothesis. : s

the mass of tumors is the same for groups A and B. The alternative hypothesis 1s that
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groups A and B ate not the same, We would reject the null hypothesis if A > B o

B > A This type of hypothesis requires 5 two-tailed test. If we were using a -test,
We would have to consider absolute values of t greater than the critical value. If our
alpha fevel is 05, then we have 025 from each tail of the t-distribution,

In some research studies, the researcher has 5 reasonable expectation of the
results. If we are confirming the results of 4 previous positive drug study we may
have an expectation that the drug will perform better than a placebo. If we are
testing whether people prefer blue widgets to red widgets, then we probably do
not have an expectation either way. Whenever a directional alternative hypothesis
(eg.B > A) can be justified from the substantive issues in the study, then a one-
tailed test can be used, With a one-tajled test, the 5% of the curve associated with
the .05 alpha tevel can all be located in one tail, which increases the power of the
study (i.e., makes it more likely of finding a significant difference if in fact, one ex-
ists). If our tumor example had been stated ag a one-tailed test, we could have di-
vided the p-value by 2, giving p=0317 for the Wilcoxon test probability. The
decision to do a one-tajled test should be based on an understanding of the theg-

retical considerations of the study and not as a method of reducing the p-value
below the .05 level.

E Paired T-tests (Related Samples)

Our t-test example in Section B had subjects randomly assigned to a control or

treatment group. Therefore, the groups could be considered to be independent.
There are many experimental situations where each subject receives both treat-

ments. For example, each subject in the earlier example could have been measured

in the absence of the drug (control value) and after having received the drug (treat-
ment value). The response times for the

ing the drug (com-
pared to the other people who took the drug). We would expect a positive correla-
tion between the control and treatment values.

Our regular t-test cannot be used here since the groups are no longer inde-
pendent. A variety of the t-test, referred to as a paired t-test, is used instead, The
differences between the treatment and control times are computed for each sub-
ject. If most of the differences are positive, we suspect that the drug lengthens
reaction time, If most are about zero, the drug has no effect, The paired t-test
computes a mean and standard error of the differences and determines the proba-
bility that the absolute value of the mean difference was greater
chance alone,

Before we program this problem, it should be mentioned that this would be a
Very poor experiment. What if the Tesponse time increased because the subjects be-
came tired? If each subject were measured twice, without being given a drug, would

than zero by

EEEEE—————
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: i i ter 8 (Repeated
way to devise experiments to handle this problem in Chapter 8 (Rep
: better ‘ )
s j i nditions are
Mea}siure:rgncfngts zhat measure the same subject underddlfhfzizntlhzopmblem b
t)i([[I)]ES called repeated measures experiments. Theyy 'Of o aled
Somed' one measurement might affect the next. However, i oo to 4
ey .uch easier fo show treatment effects with smaller sampl
it is m
v i at within the con-
regull?ivtz used two independent groups of people, we “gulfj ﬁng trl; e e
| eroup or the treatment group there would be variation 1m o
- firr)ldividual differences. However, if we measure the sa e subjec et tho
caufie't(')ons‘ even if that person has much longer or shorter res;i omse tines i the
C(t)t? r1 slubjects the difference between the score/sh should ap;:lr[(;}(;; e the difrence
o : j hisher own co!
j 5, each subject acts as h
r other subjects. Thus, ea 15U /
. Is some of the natural variation between .SUbJCC[S. L CPROCTIEST Ve
trO SThe SAS system does not include a paired t-test asdpfh o N
i res ourselves and the
i compute the difference sco elves a ! DU MEAN
. n;‘;it[::) the pﬁobability that the difference is significantly differen
to co

Qur data are arranged like this:

Subject  Control Value  Treatment Value
1 % 95
2 8 92
3 100 104
4 80 89
5 95 10
6 90 105

The program is written as follows:

‘ DATA PAIRED;
INPUT CTIME TTIME;
DIFF = TTIME - CTIME;
'DATALINES;

PROC MEANS DATA=PAIRED N MEAN S'.FJ.BERR T PRT;
PITLE 'Paired T-test Example';
VAR DIFF;

RUN;

p y. b tion,
Il atmy C 0 r each o
times 1 lﬂle Control ai d tre ¢ ondit1ons, 1es, ectively. Fo ( servation, we
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are aleulating the difference between the
a new variable called DIFF

In our case, these statistics will be
and PRT will give us the t-value a
pothesis that the variable DIFF ¢
output is shown below:

nd its associated probability, testing the nul] hy-
omes from a population whose mean js zero, The

Paired T-test Example

Analysis Variable : DIFF

Mean  Std Error

Prob> |T|

In this example, the mean difference is positive (7.3)

and the probability of the
difference oceurring by chance is 0074, We can state that

response times are longer
.Had the mean difference

Problems

6-1. The following table shows the time for subjects to feel relief from headache pain:

Aspirin Tylenol
(Relief time in minutes)
40 35
Y] 37
48 42
35 2
62 38
35 29

Write a SAS program to read these data and perform a t-test_ [ either product signifi-
cantly faster than the other (af the 05 level)?

6-2. Using the same data as for problem 6-1, perform a Wilcoxon rank-sum test. Include a
request for an exact p-value,

treatment and controt times, by Creating

Problems 149

jcati ks best for

3 i o0 medications {A or B) worl

i j re tested to sce which of two me . e
o Stlllb;eg:c; subject tries cach of the two drugs (for two dlﬁ:&en‘l‘"hrtype e
hlfactlia;ees.pan to pain relief is measured. [gnoring an t?erge% :low ;ue B e
w i is faster than the other”

u use to test if one drug is . ¢
gotl;l-(ivyr(i)te the SAS statements to run the appropriate analysis

ata:

Subject  DrgA  DrugB
1 20 18
2 @ 36
3 20 30
4 45 4 -
5 19 15
6 27 u
7 k) »
8 26 by

. ;

*6-4 A researcner wanl V 1 0 paticnts o One of three treatment gou.ps
is to randoml 21551gn3 pai !

Each subject has a unique SUbjeCt number (SUBJ) .W].lle a SAS program fo aSSlg.Il

1€5¢ subjects to a treatment group and prOdUCC a llS[lllg of SUb]CC[S and groups n

subject order (ascending).
6-5. What's wrong with this program?

2 : -
0031070156090
0042080140080
0052088180092
0062098178094

.
i

PROC NPARIWAY DATA=DRUGSTDY WILCOXON MED
£ MY DRUG STUDY' -
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Analysis of Variance
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A. Introduction

B. One-way Analysis of Variance

€. Computing Contrasts

D. Analysis of Variance: Two Independent Variables
E. Interpreting Significant Tnteractions

E N-way Factorial Designs

G. Unbalanced Designs: PROC GLM

H. Analysis of Covariance

A, Introduction

When you hav§ more than two groups, a t-test (
no longer applicable. Instead, we use a techp;

chapt i i i

y wpeiclracso:gs analysis of variance designs with one or more independent variable

e nsrezl Izllgvanceq topics suc_h as interpreting significant interactions, unbals-’

e de hg  and analysis of covariance, You wil have to wait until the next cha
OW 10 analyze repeated measures designs, "

or the nonparametric equivalent) is
que called analysis of variance, This

B. One-way Analysis of Variance

We have analyzed experiments with ¢
more than two groups? Take the situafi

are no real differences between the gr

son significant at the 05 [eye], ( ol ey hat we will ind one compari-

The actual probability of at least one significant

150
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difference by chance alone is .64.) The more comparisons that are made, the greater
the likelihood of finding a pair of means significantly different by chance alone.

The method used today for comparisons of three or more groups is called analy-
sis of variance (ANOVA). This method has the advantage of testing whether there
are any differences between the groups with a single probability associated with the
test. The hypothesis tested is that all groups have the same mean. Before we present
an example, note that there are several assumptions that should be met before an
analysis of variance is used.

Essentially, the same assumptions for a t-test need to be met when conducting
an ANOVA. That is we must have independence between groups (unless a repeated
measures design is used); the sampling distributions of sample means must be nor-
mally distributed; and the groups should come from populations with equal vari-
ances (called homogeneity of variance).

The analysis of variance technique is said to be “robust,” a term used by statisti-
clans which means that the assumptions can be violated somewhat, but the tech-
nique can still be used. So, if the distributions are not perfectly normal or if the
variances are unequal, we may still use analysis of variance. The judgment of how se-
rious a violation to permit is subjective, and, if in doubt, see your local statistician,
(Winer has an excellent discussion of the effect of homogeneity of variance viola-
tions and the use of analysis of variance.) Balanced designs (those with the same
number of subjects under each of the experimental conditions) are preferred to un-
balanced designs, especially when the group variances are unequal.

Consider the following experiment:

We randomly assign 15 subjects to three treatment groups X,Y,and Z (with five
subjects per treatment). Each of the three groups has received a different method of
speed-reading instruction. A reading test is given, and the number of words per
minute is recorded for each subject. The following data are collected:

X Y Z

0 40 S0
850 460 550
820 50 4%
640 50 600
920 580 610

The null hypothesis is that mean (X) = mean (Y) = mean (Z). The alternative
hypothesis is that the means are not all equal. The means of groups X, Y, and Z are
786,518, and 548, respectively. How do we know if the means obtained are different
because of differences in the reading programs or because of random sampling
error? By chance, the five subjects we choose for group X might be faster readers
than those chosen for groups Y and Z.

In our example, the mean reading speed of all 15 subjects (called the GRAND
MEAN) is 617.33. Now, we normally think of a subject’s score as whatever it hap-
pens to be, 580 is 580. But we could also think of 580 as being 37.33 points lower than
the grand mean.

We might now ask the question, “What causes scores to vary from the grand
mean?” In this example, there are two possible sources of variation, the first source




is the training method (XY orz)

expect subjects in X to have higher scores in general, than subjects in Y or 7, Wheg
we say “higher scores in general” we mean something quite specific. We mean that
being a member of group X causes one’s score to increase by so many points,

The second source of variation is due to the fact that individuals are different,
Therefore, within each group there will be variation, We can think of formula to
represent cach person’s score:

The person’s score = The grandmean +  An addition or
subtraction from

+  An addition or
subtraction de-

the grand mean de- pending on the
pending on which individual's
group the person variability,
isin,

Now that we have the ideas down, let's return briefly to the mathematics,

Ttturns out that the mathematics aresimplified if instead of looking at differences
in scores from the grand mean, we look instead at the square of the differences, The
sun of all the squared deviations is called the total SUM OF SQUARES or, SS, total,

To be sure this is clear, we calculate the total SS in our example. Subtracting the
grand mean (617.33) from each score, squaring the differences (usually called devi-
ations), and adding up all the results, we have:

S8 total = (700 - 617337 + (850 - 617.33 + - 4 (10 - 617332

As mentioned earlier, we can separate the total variation into two parts: one due
to differences in the reading methods (often called SUM OF SQUARES BE-
TWEEN (groups)) and the other due to the normal variations between subjects
(often called the SUM OF SQUARES ERROR). Note that the word ERROR here
is not the same as “mistake.” Tt simply means that there is variation in the scores that
We cannot attribute to a specific variable, Some statisticians call this RESIDUAL ip-
stead of ERROR.

Intuitively, we know that if there is no difference between the group means in
the populations then, on the average, the group means should differ from each other
about as much as the observations differ from each other. In fact, the logical argy-
ment that this js the case js straightforward, but it would take severa] pages to ex-
plain. If we take the “average” sum of squares due to group differences (MEAN
SQUARE between) divided by the “average” sum of squares due to subject differ-
ences (MEAN SQUARE error), the result is called an F ratio:

F= MS between _ SSbetween/ (k - 1)

= b f
MSerror — SSerror/(N-k) * K number of groups

It the variation between the groups s large compared to the variation within the
groups, this ratio will be larger than 1, If the null hypothesis is true, the expected
value for the two mean squares will be equal, and the F statistic will be equal to 1,00,
Just how far away from 1.00 is too far away to be attributable to chance is a function
of the number of groups and the number of subjects in each group. SAS analysis of
variance procedures will give us the F ratio and the probability of obtaining a value
of F this large o larger by chance alone, when the nul] hypothesis is true.

The following box contains a more detailed explanation of how an F ratio is
computed. (If you prefer, you may wish to skip the boy for now.)
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The output begins by recapitulating the details of the analysis, This is particu-

E Jarly helpful if you are running 2 number of ANOVAs at the same time. Pay atten-
b tion to the levels of each CLASS variable to be sure that there are no data errors,
E resulting in extraneous levels of one or more CLASS variables. Then we are given
 the number of cases (observations) in the data set and the name of the dependent

le or a ist of dependent variables,

; variable.
Next comes the stuff of the analysis. There are usually two sections here: an

for the MODEL as a whole and a breakdown according to the contribution
ne independent vari-

MEANS GROUP will give us the mean value o

for each level of GROUP. Output from this prof e dependent variaple (WORDSj

gram is shown below: s
analysis
of each independent variable. Where the ANOVA only has o

able (a “one-way ANOVA”) these two sections are quite similar. Let’s look at the

1op section first. We see the terms “Source,” “DE”“Sum of Squares,”“Mean Square,”

“F Value.” and “Pr > F = . Source tells us what aspect of the analysis we are con-
sidering. We have “Model,”“Error,” and “Corrected Total” as categories here. Model
means all of the independent variables and their interactions added together. Error
means the residual variation after the Model variation has been removed. In our
one-way ANOVA, we have only GROUP to consider. It has two degrees of freedom
(DF). The sum of squares is 215613.33. The mean square (SS/DF) is 107806.67. The
next row coatains the same information for the error term. In the third line we see
the DF and SUM OF SQUARES for the CORRECTED TOTAL (which just means
the total sum of squares about the grand mean). To the right, we find the F statistic
of it having occurred by chance. Below this is the R-SQUARE
and the mean and standard devia-

Analysis of Reading Data

Analysis of Vari
riance Ppr
Class Level memationOCedure

Class Levels Values

GROUP 3 XYz

Numb i
er of observationg ip data set =15

Analysis of Reading Data

Analysis of Variance Procedure

and the probability
for the Model, the coefficient of variation (C.V.)

tion for the dependent variable.

Dependent Variable : WORDS

Source Sum of Mean
;’s‘r’:i D: 21?:'1’:_?5 107§Ware F Value Pryp The next section uses the same terms described above only now cach indepen-
Corrected Toray 2 108000 g4 gg . g; 16.78 0.0003 den_t variable or interaction is hs.ted separately. Since we only have one independent
14 29269333 ) variable, the results look identical to the ones above. In this example, we would
R-Square .therefore reject the null hypothesis since our F (with 2 and 12 degrees 'of frecdom)
C.V.  Root MSE WORD is 16,78 and the p-value is .0003 and conclude that the reading instruction methods
S Mean were not all equivalent.

Now that we know the reading methods are different, we want to know what the
differences are. Is X better than Y or Z? Are the means of groups Y and Zso close
that we cannot consider them different? In general, methods used to find group dif-
ferences after the null hypothesis has been rejected are called post hoc, or multiple
comparison tests. SAS software provides us with a variety of these tests to investi-
gatedifferences between levels of our independent variable. These include Duncan’s

0.736653  12.9825
-98256 80.146
: 617.33

Source
DF  Anova SSMean Square F Value P
r>»F

215613.33 107806.67 16.78 0.0003

R
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multiple-range test, the Student-Newman-Keuls multiple-range test, leagt
significant-difference test, Tukey's studentized range test, Scheffe’s multiple-com-
parison procedure, and others. To request a post hoc test, place the SAS option name
for the test you want, following a slash ( /) onthe MEANS statement. The SAS names
for the post hoc tests previously listed are DUNCAN, SNK, LSD, TUKEY, and
SCHEFFE, respectively. In practice, it is casier to include the request for a multiple-
comparison test at the same time we request the analysis of variance. If the analysis
of variance is not significant, WE SHOULD NOT LOOK FURTHER AT THE
POST HOCTEST RESULTS. (This is our advice. Some statisticians may not agree,
especially when certain post hoc tests are used.) Our examples will use Duncan’s
multiple-range test for post hoc comparisons, You may use any of the available meth-
ods in the same manner. Winer (see Chapter 1) is an excellent reference for analysis

of variance and experimental design. A discussion of most of these post hoc tests can
be found there,

For our example we have:

MEANS GROUP / DUNCAN;

Unless we specify otherwise, the differences between groups are evaluated at
the .05 level. Alpha levels of .1 or .01 may be specified by following the post hoc op-
tion name with ALPHA =1 or ALPHA =01, For example, to specify an alpha level
of .1 for a Scheife test, we would have

MEANS GROUP / SCHEFFE ALPHA=.1;

Here is the output from the Duncan procedure in our example:

Analysis of Reading Data
Analysis of Variance Procedure
Duncan’s Multiple Range Test for variable: WORDS

NOTE: This test controls the type I comparisonwise error rate,
not the experimentwise error rate
Alpha= 0.05 df= 12 MSE= 6423.333

Number of Means 2 3
Critical Range 110.4 115.6

Meane with the same letter are not significantly different.

Duncan Grouping Mean N GROUP
a 786.00 5 X
B 548.00 5 2
B
B 518.00 5 ¥
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isting above uses the following method to show'group dlfferences.
g)}:letllisenr[ilgghi:re the group identifications. .The order is deterr;u‘r‘lgd bzat;]i} griz;:)p
B o e e e v oot e
e in P i colomn Tnon x(;:inle the Y and Z groups both have
el lette‘lﬁlyﬂ' thtilgg)lgg?JchIﬂquglL;(:lu:{sd arepth,erefore not significantly differ-
o letterl i m‘B’ between GROUP Z and GROUP Y is there for visual effect. It
" e l?;e that groups Y and Z are not significantly different (at the .05. level).
1(1;10]?[51};1 s)ée}?as an A in the grouping column and is therefore significantly different
T

(p < 05) from the Y and Z groups.
From this Duncan’s test we conclude that

1. Method X is superior to both methods? and Z.
2. Methods Y and Z are not significantly different.

How would we describe the statistics used and the results of this experiment 12
ajournal article? Although there is no “standard” format, we suggest one approac

here. The key is clarity. Here is our suggestion:

Method. We compared three reading methods: (1') SmiFh’s Speeq-Readmg

Course, (2) Standard Method, and (3) Evelyn Tree’s Institute. Fifteen s?bgegts.were
! i ds. At the conclusion of training, a
ly assigned to one of the three metho : L

g::t;);]dyr:adiiz test (Cody Count the Words Test version 2.1) was administered.

Results. The mean reading speed for the three methods is

Method Reading Speed
(words per minute)

1. Smith's 786

2. Standard 518

3. Tree's 548

A one-way analysis of variance was performed. ’[;t)gc) Filvaluet;va[ssl;ﬁﬁ’gd; ;hZ(;dli
= ltiple-range test (p = .05) shows tha
p = 0003). A Duncan multip S .
igni i i ’s or the Standard method. Tree’s an
significantly superior to either Tree’s or |
igni i h other at the .05 level.

thod are not significantly different from eac ‘ evel.
dard’lqllg tesults of the Duncan multiple-range test can readily be dn?scnl?edhm worﬁs
when there are only three groups. With four or more groups, espeqa!ly ift elresuf Z
are complicated, we can use another method. Consider the following results o
Duncan test on an experiment with four treatment groups:

Groupng  Mean N Growp
A 8 10 1
A -
AB 75 10 3
B
B 70 2
C 60 10 4
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1 3To begin, notice that the £roups are now ordered from h
»3,2,and 4, We see that groups | and 3 are X
the ].etter “A” in the Grouping column)
sngmﬁgamly different” does not mean *
Finally, group 4 s significantly dj
can describe these results in 2 journa

edf hest mean to lowest mean
€ not significantly different. (They both have
: Nelthsr are groups 2 and 3. Remember that “not
€qual.” But 1 and 2 are significantly different!
ffergnt from all the other groups (p < .03) We
| article as represented above, or like this: '

Group
3 2
BN

—_—

1
80

4
60

Mean

Duncan multiple-range test example
Any two groups with a co
m
(p < .05). "
. A final possibility is to sim
group 4 is different from 1, 2,

on underscore are not significantly different

ply put the findings within the text

: lings of the article;
and 3; group 1 is different from grol Hhe

up 2."
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ee Section G),
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For this one-way design,

he synt: i
CONTRASE e & - syntax of a CONTRAST statement is the word

a label for this contrast (placed in quotes), the
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independeat (CLASS) variable name and a set of k coefficients (where k is the
umber of levels of the class variable).

The rules are simple: (1) The sum of the coefficients must add to zero. (2) The
order of the coefficients matches the alphanumeric order of the levels of the CLASS
variable if it is not formatted. If you associated a format with the CLASS variable,
the order is determined by the formatted values (you can override this by specifying
the PROC GLM option, ORDER=DATA, which will order the levels of the CLASS
variable by the data values, not the formatted values). (3) A zero coefficient means
that you do not want to include the corresponding level in the comparison. (4) Lev-
with negative coefficients are compared to levels with positive coefficients.

The first CONTRAST statement in the prograni above gives you a comparison
of method X against the mean of methods Y and Z.The second CONTRAST state-
ment will only perform a comparison between methods Y and methods Z.

Here isa portion of the output showing the results of the comparisons requested:

els

Analysis of Reading Data - Planned Comparisons

Contrast DF Contrast S§ F Value Pr>F
X VS, Y AND 2 1 213363.333333 33,22 0.0001
METHOD Y VS Z 1 2250.000000 0.35 0.5649

Notice that method X is shown to be significantly different from methods Y and
7 combined, and there is no difference between methods Y and Z at the .05 level.

D. Analysis of Variance: Two Independent Variables

Suppose we ran the same experiment for comparing reading methods, but using
15 male and 15 female subjects. In addition to comparing reading-instruction meth-
ods, we could compare male versus female reading speeds. Finally, we might want
to see if the effects of the reading methods are the same for males and females.

This experimental design is called a two-way analysis of variance. The “two”
refers to the fact that we have two independent variables; GROUP and GENDER.
We can picture this experiment as follows:

GROUP
X M z
700 | 480 | 500
850 460 550
Male 820 500 480
840 570 600
920 580 610
GENDER
900 | 590 | 50
880 540 660
Female | 899 560 525
780 570 610
899 555 645
L
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This design shows that we have cach of the three reading-instruction methods
(specified by the variable GROUP) for each level of GENDER (male/female). De-
signs of this sort are called factorial designs. The combination of GROUP and GEN.
DER is called a cell. For this example, males in group X constitute a cell, In general,
the number of cells in a factorjal design would be the number of levels of each of the
independent variables multiplied together. In this case, three levels of GROUP
times two levels of GENDER equals six cells,

The total sum of squares is now divided or partitioned into four components. We
have the sum of squares due to GROUP differences and the sum of squares due to
GENDER differences. The combination of GROUP and GENDER provides us with
another source of variation (called an interaction), and finally, the remaining sum of
squares is attributed to error. We discuss the interaction term later in this chapter.

Since there are the same number of subjects in each cell, the design is said to be
“balanced” (some statisticians call this “orthogonal”). When we have more than one
independent variable in our model, we cannot use PROC ANOVA if our design is
unbalanced. For unbalanced designs, PROC GLM (general linear model) is used in-

stead. The programming of our balanced design experiment is similar to the ofe-way
analysis of variance, Here is the program:

. MEANS GROUP | GENDER /. DUNCAN;

RUN;

As before, following the word CLASS is a list of independent variables. The ver.
tical line between GROUP and GENDER in the MODEL and MEANS statements
indicates that we have a factorial design (also called a crossed design). If we don't -
clude the vertical line, none of the interaction terms will be estimated. Some com-

puter terminals may not have the “| ” symbol on the keyboard. In this case, the term
GROUP | GENDER can be written as

GROUP GENDER GROUP*GENDER

The “| " symbol is especially useful when we have higher-order factorial designs
such as GROUP| GENDER | DOSE. Written the long way, this would be

GROUP GENDER DOSE GROUP*GENDER GROUP*DOSE
GENDER*DOSE GROUP*GENDER*DOSE

A ——— o

Section D / Analysis of Variance: Two Independent Variables 161

That is, each variable, and every two- and three-way interaction term has to be

fed |
speciiet’s study the output of the previous example carefully to see what conclusions

we can draw about our experiment. The first portion of the output is shown below:

Analysis of Reading Data

analysis of Variance Procedure
class Level Information

Class Levels Values
GROUP 3 XY¢Z

GENDER 2  FEMALE MALE

Number of observations in data set = 30

Dependent Variable: WORDS

Source DF Sum of Squares F Value Pr>»F
Model 5 531436.166667 23,92 0.0001
Error 24 106659.200000
Corrected Total 29 638095.366667
R-Square c.v. WORDS Mean
0.832848 10.31264 646.433333
Source DF Anova 88 F Value Pr»F
e D Thmiceaooon 52 0.0
gigg?:GENDER 2 2816.600000 0.32 0.7314

i ) ion” indicates our two independent
top portion labeled “Class Level In.fonnatmr.x in
vari:b}ll:s ::I:dpt(}])e fevels of each. The analysis of variance table shows us the sun;l of
squares and mean square for the entire mode] and the error. Note: Depe'I;\ufimg o;ltlh; v31$
i also inchude mean squares. This overall F val
of your LINESIZE option, the output may iy
ility p= how well the mode! (as a whole) exp
23.92) and the probability p = 0001 shows us ' el (asa) -
Ehe var)iation' abgut the grand roean. This could be very important i certan typn;cs0 r(;f zﬁ
ies where we want to create a general, predictive model. In this Caéelig[ej};afd ety
B e V_al'ia}tlim (SRggr?I?ja?%ﬁhe probability of ob-
h source of variation in the table >
tajniﬁzcbyscbance a value of F this large or largerblré our iﬁampleét(})xs;lljvgil‘jeﬁgf
is significant at .0001, and GENDER at .025 : ince there ar of
z(i}bl{jel\;;)slliggﬁz:: I<lioanot need the Duncan test to claim that males and females are sig
nificantly d}fferent with respect to reading speed (p = 025).
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'In a two-way analysis of variance, when we look at GROUP effects, we are com-
paring GROUP levels without regard to GENDER. That is, when the groups are
compared we combine the data from both genders. Conversely, when we compare
males to females, we combine data from the three treatment groups.

The term GROUP*GENDER is called an interaction term. If group differences
were not the same for males and females, we would have a significant interaction,
For example, if males did better with method A compared to method B, while fe-
males did better with B compared to A, we would expect a significant interaction. In
our example, the interaction between GROUP and GENDER was not significant
(p = .73). (Our next example shows a case where there is a significant interaction.)

The portion of the output resulting from the “MEANS GROUP | GENDER /
DUNCAN" request is shown next:

Analysis of variance Procedure
Duncan‘s Multiple Range Test for variable: WORDS

NOTE: This test controls the type I comparisonwise error rate,
not the experimentwise error rate

Alpha= 0.05 df=24 MSE=4444.133

Number of Means 2 3
Critical Range 61.53 64.63

Means with the same letter are not significantly different.

Duncan Grouping Mean N  GRoUP
A 828.80 10 X
B 570.00 10 2z
B
B 540.50 10 Y

Duncan’s Multiple Range Test for variable: WORDS

NOTE: This test controls the type I comparisonwise error rate,
not the experimentwise error rate

Alpha= 0.05 af= 24 MSE= 4444.133

Number of Means 2
Critical Range 50.24

Means with the same letter are not significantly different.

Duncan Grouping Mean N  GENDER
a 675.53 15 FEMALE
B 6§17.33 15 MALE
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[Continued]

Level of Level of = -——oooo_. WORDS------~-
GROUP GENDER N Mean 8D

X FEMALE 5  871.600000 51.887378
X MALE 5 786.000000 113.829803
Y FEMALE 5 563.000000 18.574176
Y MALE 5 518.000000 54.037024
4 FEMALE 5  592.000000 66.011363
Z MALE 5  548.000000 . 58.051701

The first comparison shows group X significantly different (p < .05) fromY and Z.
The second table shows that females have significantly higher reading speeds than
males. We already know this because GENDER is a significant main effect {p = .025),
and there are only two levels of GENDER. Following the two Duncan tests are the
mean reading speeds (and standard deviations) for each combination of GROUP and
GENDER These values are the means of the six cells in our experimental design.

E. Interpreting Significant Interactions

Now, consider an example that has a significant interaction term. We have two
groups of children. One group is considered normal; the other, hyperactive. (Hyper-
activity is often referred to as attention-deficit hyperactivity disorder, or ADHD; we
simply use the term hyperactive.) Each group of children is randomly divided, with
one-half receiving a placebo and the other a drug called ritalin. A measure of activ-
ity is determined for each of the children, and the following data are collected:

PLACEBO  RITALIN

50 67
43 60
NORMAL 55 58
52 63
70 51
HYPERACTIVE n 5
68 48
75 55

We name the variables in this study GROUP (NORMAL or HYPER), DRUG
{PLACEBO or RITALIN), and ACTIVITY (activity score). Since the design is bal-
anced (same number of subjects per cell), we can use PROC ANOVA. The DATA
step and PROC statements are written like this:

DATA RITALIN;
DO GROUP = 'NORMAL', 'HYPER ';
DO DRUG = 'PLACEBO', 'RITALIN';
DO SUBT=1 10 4;
INPUT ACTIVITY @;
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[Continued]

QUTPUT;
END;
END;
END;
DATALINES;
50 45 55 52 67 60 58 65 70 72 68 75 51 57 48 55

i

PROC ANOVA DATA=RITALIN;
TITLE 'Activity Study';
CLASS GROUP DRUG;
MODEL ACTIVITY=GROUP | DRUG;
MEARNS GROUP | DRUG;

RUN;

Before discussing the ANOVA results, let us precede that with a few words
about the DATA step above. One way to read the data values is a straightforward
INPUT DRUG $ GROUP § ACTIVITY: statement. Instead we use nested DO
loops, more as a demonstration of SAS programmming rather than to shorten the
program. Notice two things: One, you can write DO loops in a SAS DATA step with
character values for the loop variable. This is a very useful and powerful feature of
Fhe language. Second, when we nest DO loops (place one inside the other) the rule
is to complete all the iterations of an inner loop before dropping back to an outer
loop. So, in the example above, we set the value of GROUP to ‘NORMAL’, the
value of DRUG to ‘PLACEBQ’, and then read in four values of ACTIVITY. If you
have trouble understanding this DATA step, you can always resort to the simpler
INPUT statement without loops.

This ANOVA design is another example of a two-way analysis of variance fac-
torial design. The vertical bar between GROUP and DRUG in the MODEL and
MEANS statements indicates that we have a factorial design and GROUP and
DRUG are crossed. Notice that we do not need to request a multiple-comparison
test since there are only two levels of each independent variable.

A portion of the output is shown below:

Activity Study

Analysis of variance Procedure

Source DF Anova 88 F Value Pr>F
GROUP 1 121.00000000 8.00 0.0152
DRUG 1 42,25000000 2,79 0.1205

GROUP*DRUG 1  930.25000000 61.50 0.0001

The first thing to notice is that there is a strong GROUP*DRUG interaction
term (p = .0001). When this oocurs, we must be careful about interpreting any of the
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main effects (GROUP and DRUG in our example). That is, we must first understand
the nature of the interactions before we examine main effects.

By looking more closely at the interaction between GROUP and DRUG, we sce
why the main effects shown in the analysis of variance table can be misleading. The
best way of explaining a two-way interaction is to take the cell means and plot them.
These means can be found in the portion of the output from the MEANS request.
The portion of the output containing the cell means is shown below:

]

level of Level of -------- ACTIVITY --------
GROUP DRUG N Mean SD

HYPER PLACEBO 4  71.2500000 2.98607881
HYPER RITALIN 4  52.7500000 4.03112887
NORMAL PLACEBO 4 50.5000000 4.20317340
NORMAL RITALIN 4 62.5000000 4.20317340

L

We can use this set of means to plot an interaction graph. We choose one of the
independent variables (we choose DRUG) to go on the x-axis and then plot means
for each level of the other independent variable (GROUP). We can either do this by
hand or have SAS plot it for us. To have SAS plot the interaction graph, we first have
to use PROC MEANS to create a data set containing the cell means. The SAS state-
ments to create a data set of cell means is shown next:

PROC MEANS DATA=RITALIN NWAY NOPRINT;
CLASS GROUP DRUG;
VAR ACTIVITY;
OUTPUT OUT=MEANS MEAN=;

RON;

Notice that we use GROUP and DRUG as CLASS variables and the NWAY
option of PROC MEANS since this will restrict the output data set to the highest
order interaction (the cell means). Next, we use PROC PLOT to plot the interaction
graph. We can choose to place cither of the independent variables on the x-axis and
plot a separate graph for each level of the other independent variable. We choose
DRUG to be the x-axis variable and plot a separate graph for each level of GROUP.
A shorteut, using the values of GROUP as the plotting symbol, make the SAS state-

ments simple. We write:

PROC PLOT DATA=MEANS;
PLOT ACTIVITY*DRUG=GROUP;

RUN;

The resulting graph is shown below:
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Plot of ACTIVITY*DRUG. Symbol is value of GROUP.
80
H
70
ACTIVITY
60 !
50{ N f
PLACEBO RITALIN
DRUG
I

To begin, most interaction plots would include siraight lines connecting the nor-
mal groups and the hyperactive groups. However, unless we use more sophisticated
programs like SAS Graph®, we have to draw in the lines by hand.

. The graph §hows that normal children increase their activity when given ritalin
whllle hyperactive children are calmed by ritalin, In the analysis of variance, the com:
parison qf placebo to ritalin values is done by combining the data from nc;rmal and
hyperaguve children. Since these values tend to cancel each other. the average ac-
't1v1ty with Placebo and ritalin is about the same. What we have fou;1d here is that it
isnot posgblg to understand the activity leve] of children just by knowing whether
th.ey had ritalin. One must also know whether they are hyperactive. This is why it is
critical 10 understand the interaction before looking at main effects. If we reall
want o study the effect of ritalin, we should look separately at normal and hyperac)-,
tive children. For each of these groups we have two levels of the DRUG. We can
therefore do a t-test between placebo and ritalin within the normal and hyperactive
groups. As we know from Chapter 6, this is accomplished by first sorting the data set
by GROUP and then including a BY variable in the t-test request, We have:
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The output from these statements is shown below:

Activity Study
TTEST PROCEDURE

GROUP:HYPER“*"iiiil'"ii*.iitiiitiii.iitiittiitiiiiii**iit*iiiiit

variable: ACTIVITY

DRUG N Mean std Dev Std Error
PLACEBO 4 71.25000000 2.98607881 1.49303941
RITALIN 4 52.75000000 4.03112887 2.01556444

variances T DF Prob>| T |
Unequal 7.3755 5.5 0.0005
Equal 7.3755 6.0 0.0003

For HO: variances are equal, F'=1,82 DF = (3,3) Prob>F’ = 0.6343

GROUP:NORMAL‘iiii*i*titiitt*"tii*tiitiitiiitiiiiﬁﬁiﬁﬁ*tii.iiitttt

variable: ACTIVITY

DRUG N Mean Std Dev Std Error
PLACEBO 4 50.50000000 4.20317340 2.10158670
RITALIN 4 62.50000000 4.20317340 2.10158670
Variances T DF Probs| T |
Unequal -4.0376 6.0 0.0068
Equal -4.0376 6.0 0.0068

For BO: Variances are equal, F’'=1.00 DF=(3,3) Prob>F/=1.0000

Notice that in both groups the two drug means are significantly different
(p < .05). However, in the normal group, the ritalin mean is higher than the placebo
mean, while in the hyperactive group the reverse is true. So, watch out for those
interactions!

An alternative to the t-tests above is to break down the two-way ANOVA into
a one-way ANOVA by creating an independent (CLASS) variable that has a level
for each combination of the original independent variables. In our case, we create a
variable (Iet’s call it COND) that has a level for each combination of DRUG and
GROUP. Thus, we have NORMAL-PLACEBO, NORMAL-RITALIN,
HYPER-PLACEBO, and HYPER-RITALIN as levels of our COND variable. A
quick and easy way to create this variable is to concatenate (join) the two
original independent variables. This will be performed directly for character
variables. In the case of numeric variables, SAS software will convert them to
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character and perform the concatenation. In the SAS system, concatenation is ac.

complished with the concatenation o RN
: ' perator, ‘| |, To create the CON] i
add a single line to our data step like this: g Dbk we

COND = GROUP || DRUG;

This line creates a new variable COND) which ha
;I;ACEBO, HYPER RITALIN, NO%IMAL )PLACEI};(;, f:;l(fj VI?II gghging$
COIKI}II;I). We can remove the' €xtra spaces between the words if we wish, using the
RESS or TRIM functions described jn Chapter 18, but let's leave it alone for
now. We simply have a one-way design with the single factor (COND) having four
levels. The SAS statements to produce the one-way ANOVA are: ¢

PROC ANOVA DATA=RITALI N;

TITLE 'One-way ANOVA Ritalip Study';
CLASS COND; i

MODEL ACTIVITY = COND;
MEANS COND / DUNCAN;
RON;

The results of tunning this procedure are:

Class Level Information

Clage Levels  Values

COND 4 HYPER  PLACEBO HYPER RITALIN

NORMAL PLACEBO NORMAL RITALIN

Number of observations in data set = 16

Dependent Variable: ACTIVITY

Source DF Sum of Squares F value Pr>F
Model 3 1093.50000000 24.10  0.0001
Error 12 181.50000000
Corrected Total 15 1275.00000000
R-Square c.v. ACTIVITY Mean
0.857647 6.5638604 59.25000000
Source DF Anova S8 F value Pr>F
COND 3 1093.50000000 24.10 0.0001
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[Continued]

Duncan’s Multiple Range Test for variable: ACTIVITY

NOTE: This test controls the type I comparisonwise error rate,
not the experimentwise error rate

Alpha= 0.05 df= 12 MSE= 15.125

Number of Means 2 3 4
Critical Range 5.9802927 6.2645621 6.4545514

Meang with the same letter are not sgignificantly different.

Duncan Grouping Mean N COND
A 71.250 4 HYPER PLACEBO
B 62.500 4 NORMAL RITALIN
C 52.750 4 BYPER RITALIN
g 50.500 4 NORMAL PLACEBO

Notice that this analysis tells us more than the two t-tests. Besides verifying that
PLACEBO is different from RITALIN within each GROUP (NORMAL and
HYPER), we can also see the other pairwise comparisons.

There is another way of comparing the two drugs within each level of GROUP
without using either of the two methods just described. If we run PROC GLM
(general linear model) instead of PROC ANOVA, we can issue two CONTRAST
statements that will make the two within-group comparisons for us. This method is
considered more correct statistically than the two t-tests by some statisticians
since it uses all the data to estimate the error variance. It is, however, equivalent to
the one-way analysis above. We present it here without too much explanation. It is
difficult, and you will need to seek help beyond this book. First, the program:

DATASRITALIN;

" PROC GIM -
c

The first contrast compares PLACEBO to RITALIN only for the hyperactive
children. The second, only for the normal children. The “real” methodology for writing
these CONTRAST statements is quite complicated. We present a simple algorithm
just for this simple two-way design. The order of the variables in the CLASS statement
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is very important. You must also recognize that the arder of the levels of each CLASS
variable will be determined by the formatted values (if a format is provided) or by the
actual raw data values (if a format s not supplied). In this example we have:

GROUP (HYPER - NORMAL) and DRUG (PLACEBO - RITALIN)

NoAte }hat HYPER s listed before NORMAL because, alphabetically,‘H’ comes
before ‘N, For each level of GROUE, we list all the levels of DRUG like this:

HYPER-PLACEBO HYPER-RITALIN NORMAL-PLACEBO NORMAL-RITALIN

We pick the first level of GROUP and then st allthelevels of DRUG before going
o the nextvalue of GROUP. Now,since we wantto compare drugs, we first list DRUG
in the CONTRAST statement as 1 -1, Next, for the interaction term GROUP*
DRUG, we place our 1 and -1 in the locations that we want to compare, Thus, to com-
pare HYPER-PLACERO to HYPER-RITALIN we code 1 ~100.To éompare
NORMAL-PLACEBOto NORMAL-RITALIN we code001 -1, OK,if thisdoesn’t
make any sense, go ahead and use one of the two methods we presented earlier or
consult your friendly statistician, Below s the result of running these two contrasts;

Contrast DF Contrast 8§ Hean"équaré ”‘E"""Vélﬁé" Pr >F
Hyperactive only 1 684.5000000 684.5000000 45.26  0.0001
Normals only 1 288.0000000 288:6000000 19.04 . 0.0p08

We could obtain the identical results if we used a CONTRAST statement in the
one-way model described above where we created a variable (COND) which had
four levels representing all combinations of GROUP and DRUG, We would use
PROC GLM instead of PROC ANOVA and add two CONTRAST statements fol-
lowing the MODEL statement, thus:

PROC GLM DATA=RITALIN;
TITLE 'One-way ANOVA Ritalin Study';
CLASS COND;

MODEL ACTIVITY = COND;.

CONTRAST 'Hyperactive .
. . CONTRAST *Normals ‘only’
RUN;

This may be simpler and easier to understand than the CONTRAST statements
for two-way designs. Take your choice,

E N-way Factorial Designs

The method we used to perform a two-way analysis of variance can be extended to
cover any number of independent variables. An example with three independent
variables (GROUP GENDER DOSE) is shown below (we didn’t actually create a
data set called THREEWAY):
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PROC ANOVA DATA=THREEWAY;
TITLE 'Three-way Analysis of Variance';
CLASS GROUP GENDER DOSE;
MODEL ACTIVITY = GROUP | GENDER | DOSE;
MEANS GROUP | GENDER | DOSE; -
ROUN;

With three independent variables, we have three main effects (GROUP GEN-
DER DOSE), three two-way interactions (GROUP*GENDER GROUP*DOSE
GENDER*DOSE), and one three-way interaction (GROUP*GENDER*DOSE).
One usually hopes that the higher-order interactions are not significant since they
complicate the interpretation of the main effects and the lower-order interactions.
(See Winer for amore complete discussion of this topic.)

It clearly becomes difficult to perform factorial design experiments with a large
number of independent variables without expert assistance. The number of subjects
in the experiment also must be large so that there are a reasonable number of
subjects per cell.

G. Unbalanced Designs: PROC GLM

As we mentioned before, designs with an unequal number of subjects per cell are
called unbalanced designs. For all designs that are unbalanced (except for one-way
designs), we cannot use PROC ANOVA; PROC GLM (general linear model) is used
instead. CLASS, MEANS, and MODEL statements for PROC GLM are identical to
those used with PROC ANOVA. The only difference between the procedures is the
mathematical methods used for each and some additional information that is com-
puted when PROC GLM is used. The real differences come in interpreting results.

Here is an example of a two-way analysis of variance that is unbalanced:

A pudding company wants to test-market a new product. Three levels of sweet-
ness and two flavors are produced. Each subject is given a pudding to taste and is
asked to rate the taste on a scale from 1 to 10. The following data are collected:

Sweetness Level
2 3

8
7
8

ROV

Vanilla

1
9
7
8
7
9
Chocolate ¢
7
7
8

oo o -3 oo
P NV

The SAS INPUT statement is written:
INPUT SWEET FLAVOR : $9. RATING;

Since the number of subjects in each cell is unequal, we use PROC GLM.
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PROC GLM DATA=PUDDING;
TITLE 'Pudding Taste Evaluation';

TITLE3 'Two-way ANOVA - Unbalanced Design'
TITLES oo e e e '

CLASS SWEET FLAVOR;
MODEL RATING = SWEET | FLAVOR;
MEANS SWEET | FLAVOR;

LSMEANS SWEET | FLAVOR / PDIFF;
ROUN;

i

i

Notice a new statement, LSMEANS. With unbalanced designs the MEANS
statement will give us unadjusted means, LSMEANS will produce least-square, ad-
justed means for main effects, We added the PDIFF option which computes proba-
bilities for all paitwise differences, These pairwise comparisons are essentially a
series of t-tests and have all the problems of running multiple t-tests,

Portions of the output are shown below:

Pudding Taste Evaluation
Two-way ANOVA - Unbalanced Design
General Linear Models Procedure
Dependent Variable: RATING
Source DF Sum of Squares F Value ©PrsP
Model S 39.96666667 9,36 0.0002
Error 18 15.36666667
Corrected Total 23 55.33333333
R-Square C.v. RATING Mean
0.722289 13.52138 6.83333333
Source DF Type I SS F Value PrsF
SWEET 2 35.85515873 21.00 0.0001
FLAVOR 1 1.33341530 1,56 0.2274
SWEET*FLAVOR 2 2.77809264 1,63 0.2241
Source DF Type III SS F Value Pr>F
SWEET 2 29.77706840 17.44 0.0001
FLAVOR 1 1.56666667 1.84 0.1923
SWEET*FLAVOR 2 2.77809264 1.63 0.2241
Level of ~  --v-------- RATING™~~~~----~
SWEET N Mean SD
1 9 7.88888889 0.92796073
2 7 7.42857143 0.78679579
3 8 5.12500000 1.12599163

[Continued]

Level of RATING

FLAVOR N Mean 8D

chocolate 14  6.57142857 1.78516475

vanilla 10 7.20000000 1.13529242

Level of Level of RATING o
SWEET FLAVOR N Mean

1 Chocolate 5 §.00000000 1.00000000
1 vanilla 4 7.75000000 0.95742711
2 Chocolate 4 7.,25000000 0,95742711
2 Vanilla 3 7.66666667 0.57735027
3 Chocolate 5 4.60000000 0.89442719
3 Vanilla 3 6.00000000 1.00000000

General Linear Models Procedure
Least SQuares Means

SWEET RATING Pr> | T | HO: LSMEAN (i)=LSMEAN(J)
LSMEAN i/3 1 2 3

1 7.87500000 1 0.3866 0.0001
2 7.45833333 2 0,3866 . 0.0003
3 5.30000000 3 0.0001 0.0003

NOTE: To ensure overall protection level, only probabilities

asgociated with pre-planned comparisons should be used.

FLAVOR RATING Pr> | T | HO:
LSMEAN  LSMEAN1=LSMEAN2

Chocolate 6.61666667 0.1923
Vanilla 7.13888889

SWEET  FLAVOR RATING  LSMEAN
LSMEAN  Number

1 Chocolate 8.00000000 1

1 vanilla 7.75000000 2

2 Chocolate 7.25000000 3

2 Vanilla 7.66666667 4

3 Chocolate 4.60000000 5

3 Vanilla 6.00000000 6
Pr> | T | HO: LSMEAN(i)=LSMEAN(j)
iz 1 2 3 ¢ 5 6
1 0.6914 0.2419 0.6273 0.0001 0.0083
2 0.6914 . 0.4540 0.9073 0.0001 0.0233
3 0.2419 0.4540 0.5622 0.,0005 0.0934
4 0.6273 0.9073 0.5622 0.0003 0,0404
5 0.0001 0.0001 0.0005 0.0003 . 0.0526

R S T AP ke -
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[Continued] T

General Linear Models Procedure
Least Squares Means

Least Squares Means for effect SWEET*FLAVOR
Pr> | T | HO: LSMEAN(i)=LSMEAN (1)

Dependent Variable: RATING

i/3 1 2 3 4 5 6
6 0.0083 0.0233 10,0934 0.0404 0.0526

NOTE: To ensure overall protection level, only probabilities

asgociated with pre-planned comparisons should be usedJ

Natice that there are two sets of values for SUM OF SQUARES, F VALUES,
and probabilities; one labeled TYPE I, the other labeled TYPE IIL When designs do
not have equal cell sizes, the TYPE I and TYPE III sums of squares may not be equal
for all variables. The difference between TYPE I and TYPE I sum of squares is that
TYPE Ilists the sums of squares for each variable as if it were entered one at a time
into the model, in the order they are specified in the MODEL statement, Hence they
can be thought of as incremental sums of squares, If there is any variance that is com-
mon o two or more variables, the variance will be attributed to the variable that is
entered first. This may or may not be desirable. The TYPE II sum of squares gives
the sum of squares that would be obtained for each variable if it were entered last
into the model. That is, the effect of each variable is evaluated after all other factors
have been accounted for. In any given situation, whether you want to look at TYPE |
or TYPE I11, sum of squares will vary; however, for most analysis of variance appli-
cations, you will want to use TYPE III sum of squares,

Just to keep you on your toes, we have added to the program a new form of the
TITLE statement. As you probably can guess, TITLE3 provides a third title line;
TITLES, a fifth. Since TITLE2 and TITLE4 are missing, lines 2 and 4 will be blank.
In general, TITLEn will be the nth title line on the SAS output, where n is an inte-
ger. Note that TITLE is equivalent to TITLEL

In our example, the sweetness factor was significant (p = .0001). The probabili-
ties for FLAVOR and the interaction between FLAVOR and SWEETNESS were
1923 and 2241, respectively,

H.  Analysis of Covariance

Ifyou have a variable, IQ for example, which may be correlated with your dependent
measure, you may want to adjust for possible differences due to the confounding
variable before analyzing your dependent variable. Consider the following data set;
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GROUP
A B
Math Score IQ  Math Score 1Q
260 105 325 126
325 115 440 135
300 12 425 142
400 125 500 140
390 138 600 160

We want to compare groups A and B on math scores. However, we notice that
there seems to be a relationship between math scores and IQ and that group B
seems to have higher IQ scores. We can test the relationship between m.ath'score ar_1d
1Q by computing a correlation coefficient, and we can see if there is a significant dif-
ference in 1Q scores between groups A and B with a t-test. Here is a program that
does just that:

DATA COVAR;

- LENGTH GROUP. § 1;

INPUT GROUP MATH 1Q @@;

260 105 A 325 115 A 300 122 A 400 125 A 390 138
325 126 B 440 135 B 425 142 B 500 140 B 600 160

¢ CORF. DATA=COVAR NOSTMELE;
TITIE ‘Covariate Example';
VAR MATH IQ;

'BST DATA=COVAR;
45" GROUP;

Notice that we requested a t-test for math scores as well (while we were at it).
Here are the results:

Covariate Example
Correlation Analysis
2 'VAR' Variables: MATH IQ

Pearson Correlation Coefficients / Prob > [|R| under Ho: Rho=0
/ K=10
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[Continued]

MATH IQ

MATH  1.00000 0.92456

0.0 0.0001

10 0.92456  1.00000
0.0001 0.0

Covariate Example
TTEST PROCEDURE

Variable: IQ

GROUP N Mean Std Dev Std Error
A 5 121.00000000 12.22701926 5.46808925
B 5 140.60000000 12.48198702 5.58211429
Variances T DF  Prob>|T|
Unequal -2.5083 8.0 0.0365
Equal -2.5083 8.0 0.0365
For B0: Variances are equal, F’ = 1.04 DF = (4,4)

Prob>F’ = 0.9691
Variable: MATH
GROUP N Mean Std Dev Std Error
A 5 335.00000000 59.58187644 26.64582519
B 5 458.00000000 101.27931674 45.29348739
Variances T DF  Prob>|T|
Unequal -2.3406 6.5 0.0550
Equal -2.3406 8.0 0.0474

Por HO: Variances are equal, F' =2.89 DF = (4,4)
Prob>F’ =0.3286

We see that IQ and math scores are highly correlated (r = 92456, p = .0001)
and that there is a significant difference in 1Q (p = .0365) and math scores
(p = .0474) between groups, We want to correct for the 1Q mismatch by running an
analysis of covariance,

The first step is to test an important assumption that must be verified before
running an analysis of covariance. That is, the slope of the covariate by indepen-
dent variable must be the same for all levels of the independent variable. We can

test for heterogeneity of slopes using the following MODEL statement with
PROC GLM:
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PROC GLM DATA=COVAR;

CLASS GROUP;

MODEL MATH=IQ GROUP IQ*GROUP;
RUN;

The term IQ*GROUP will test if there are different regression coefficients for
the two groups. Running this, we get (partial fisting):

Covariate Example

Dependent Variable: MATH

Source DF Type I SS F Value Pr>F
10 1 79541.5882838 49.73 0.002:
GROUP 1 96,5979265 0.06 0.5;34
IQ*GROUP 1 3816.9637225 2.39 0.

We see from this that there is no significant difference in the. MATH]IQ relaj
tionship as a function of GROUP (from the IQ*GROUP interaction term:
F = 239,p = .1734). We can go ahead and run the analysis of covariance as follows:

 PROC GLM DATA=COVAR; .
"© CLASS GROUP; ,
MODEL MATH=IQ GROUP;
LEMEANS GROUP;
RUN;

The results (below) show that when we adjust for 1Q, there are no ]0ngei1 any
differences between the groups on math scores. Notice the LSMEANS output shows
the math scores for the two groups adjusted for 1Q:

Covariate Example

Source DF Type III §8¢ F Value Pr>F
IQ 1  41815,6862103 21.82  0.0023
GROUP 1 96,5979265 0.05 0.8288
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Least Squares Means

Chapter 7 / Analysis of Variance

GROUP MATH

LSMEAN
A 392.345889
B 400.654111

Problems

71

72

The next two questions were inspired by one of the authors (Cody) watching the
French Open Tennis tournament while working on problem sets, (McEnroe versus
Lend) (1984). Lend! won in five sefs.)

Three brands of tennis shoes are tested to see how many months of playing would
wear out the soles. Eight pairs of brands A,N,and T are tandomly assigned to group
of 24 volunteers. The table below shows the tesults of the study:

Brand A BrandN  Brand T
— e Dbrand¥

8 4 12
10 7 8
Wear time, 9 5 10
inmonths 1 3 10
10 6 1
10 7 9
8 6 9
12 4 12

Are the brands equal in wear quality? Write a SAS program fo solve this problem,
using ANOVA,

Tennis balls are tested in a machine to sec how many bounces they can withstand be-
fore they fail to bounce 30% of their dropping height. Tiwa brands of balls (W and P)
are compared. In addition, the effect of shelf life on these brands is tested. Half of the
balls of each brand are 6 months old, the other half, fresh. Using a two-way analysis of
varjance, what conclusions can you reach? The data are shown below:

BrandW  Brand P
67 75
7 7
New 74 80
8 7
81 73
Age _
46 63
4 62
oud 45 66
51 62
43 60

73

74.

75

Problems 179

A taste test is conducted to rate consumer preference between brands C and P of a
popular soft drink. In addition, the age of the respondent is recorded (1 = less than 20,
2 = 20 or more). Preference data (on a scale of 1-10) is as follows:

Brand C Brand P

7 9
6 8
6 9
<20 5 9
6 8
Age

9 6
8 7
8 6
>=20 9 6
7 5

8

8

{a) Write a SAS program to analyze these data with a two-way analysis of vgriance.
(Careful: Is the design balanced?) Note: Go ahead and treat these data as 1n1er\"al
data even though some analysts would prefer that you use a nonparametric analysis.

(b} Use SAS software to plot an interaction graph,
(c) Followupwitha t-test comparing brand C to brand P for each age group separately.

A manufacturer wants to reanalyze the data of problem 7-1, omitting all data for brand N,
Run the appropriate analysis

What’s wrong with this program?

1 DATA TREE;
2 INPUT TYPE § LOCATION $ HEIGHT;
3 DATALINES;

PINE NORTH 35
PINE NORTH 37
PINE NORTH 41
PINE NORTH 41
MAPLE NORTH 44
MAPLE NORTH 41
PINE SOUTH 53
PINE SOUTH 55
MAPLE SOUTH 28
MAPLE SOUTH 33
MAPLE SOUTH 32
MAPLE SOUTH 22

H
PROC ANOVA DATA=TREE;
-CLASS TYPE' LOCATION;
MODEL HEIGHT = TYPE | LOCATION;
MEANS TYPE LOCATION TYPE*LOCATION;
RUN;

o~ ul e
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e v o
7-6. You want to determine if the mean score on a standardized math test is different
among three groups of school children, ranging in age from 12 o 18, Although the test

covers only snpp[e matl} topics. easily understood by a 12 year old, you want to perform
the analysis with and without an adjustment based on age.

(a) Using the sample data below, first perform a one-way ANOVA comparing the
math scores and ages among the three groups.

{b) Test if the relationship between a i
ge and math score is homogeneo
three groups. Feneots amone te

(c) Hthe test in part B permits, perform an analysis of covariance, comparing the math
scores among the three groups, adjusted for age.

Math Scores and Ages for Groups A, B, and C

Group A Group B Group C
MathScore  Age  Math Score Age  MathScore  Age
90 16 N 18 9 18
8 15 88 13 2 17
n 12 7 12 88 16
8 14 8 14 9 17
65 12 90 17 9 17
" 13 [ 12 82 14

CHAPTER

Repeated Measures Designs

A. Introduction

B. One-factor Experiments

C. Using the REPEATED Statement of PROC ANOVA

D. Two-factor Experiments with a Repeated Measure on One

Factor

E. Two-factor Experiments with Repeated Measures on Both
Factors

F. Three-factor Experiments with a Repeated Measure on the
Last Factor

G. Three-factor Experiments with Repeated Measures on Two

Factors

A. Introduction

This chapter covers the analysis of repeated measures designs. First, a few words
about terminclogy before we begin this topic. Our use of the term “repeated” is
based on a common use in the medical field and described in the text, Statistical Prin-
ciples in Experimental Design, Second Edition, by B.J. Winer (1991). We use the term
“tepeated” in this chapter to mean any factor where each subject is measured at
every level for that factor. For example,if a runner is timed running on two different
types of track surfaces, we are considering “surface” as a repeated measure factor.
Other authors use the term “repeated” to refer only to factors that cannot be as-
signed in random order, such as time, When treatments are randomized, the inter-
pretation of a significant effect can be attributed to treatments and not to the order
of presentation. This is often referred to as a split-plot or within-subjects design. If
you use the latter meaning of “repeated,” feel free to substitute your design termi-
nology in the examples in this chapter. These designs often fall into the category that
statisticians call mixed designs, or designs with within-subjects factors.

Designs in this chapter involve a repeated measurement on the unit of analysis
{usually subjects) in one or more of the independent variables. For example, an ex-
periment where each subject receives each of four drugs or an experiment where
each subject is measured each hour for five hours would need a repeated measures
design. With the introduction of version 6 of SAS software, a REPEATED
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Statement was added to the analysis of variance procedures (ANOVA and GLM)
which greatly simplified the coding of repeated measures designs. As you will see,
there are times when you will want o analyze your data using the REPEATED
statement, and there will be times when you will choose not to. For each of the re-
peated measures designs in this chapter, we demonstrate both methods of analysis,

B. One-factor Experiments

Consider the following experiment. We have four drugs (1,2, 3, and 4) that relieve
pain. Each subject is given each of the four drugs. The subject’s pain tolerance is then
measured. Enough time is allowed to pass between successive drug administrations
s0 that we can be sure there is no residual effect from the previous drug. In clinical
terms, this is called a “wash-out” period,

The null hypothesis is

MEAN(l):MEAN(2)=MEAN(3)=MEAN(4)

If the analysis of variance is significant at p < .05, we want to look at pairwise
comparisons of the drugs using Duncan’s multiple-range test or other post hoc tests,

Notice how this experiment differs from a one-way analysis of variance without
a repeated measure, With the designs we have discussed thus far, we would have
each subject receive only one of the four drugs. In this design, each subject is mea-
sured under each of the drug conditions. This has several important advantages,

First, each subject acts as his own control. That is, drug effects are calculated by
recording deviations between each drug score and the average drug score for each
subject. The normal subject-to-subject variation can thus be removed from the error
sum of squares. Let’s look at a table of data from the pain experiment;

SUBJECT  DRUG1 DRUG? DRUG3  DRUG4

1 5 9 6 1
2 7 12 8 9
3 n 12 10 14
4 3 8 5 8

To analyze this experiment, we consider the subject to be an independent vari-
able. We therefore have SUBJECT and DRUG as independent variables,

One way of arranging our data and writing our INPUT statement would be
like this:

DATA PAIN;
INPUT SUBJ DRUG PAIN;

DATALINES;

115

129

136

1411

217

(more data lines)
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It is usually more convenient to arrange all the data for each subject on one line:

SUBJ  DRUG1 DRUG2 DRUG3 DRUG4

" 5 g 6 i
3 7 12 8 9
3 I 12 10 M
4 3 8 3 8

We can read the data as arranged above, but restructure it to look as if we had
read it with the first program as follows:

" 'DATA PAIN;

~ rweur suBT @; @
DODRUG = 1 to 4; D

INPOT mn@@; 6]

The first INPUT statement O reads the subject nmber. The “@” sign follownll%
SUBJ is an instruction to keep reading from the same line of data. (See Ch'apter.
for a more detailed discussion of the trailing @ sign.)'Statement @ sta(r@ts'an 1terai1\;je
loop. The value of DRUG is first set to 1. Next, the input statement ‘1s execu g a.
Again, if the “@” were omitted, the program would go to the next data line to rea 1
value (which we don’t want). The OUTPUT statement @ causes an observation ho
be written to the SAS data set. Look at our first line of data. We would hfv;: 33; e
first observation in the SAS data set SUBJ = 1, DRUG = 1,and PAIN = 5. e@r}l
the END statement ® is reached, the program flow returns to the DO statement .
where DRUG is set to 2. A new PAIN value is then reaq frgm the data (still froSn:j the
first line because of the trailing @) and a new observation is added to the SAS data
set. This continues until the value of DRUG = 4. Normglly, when a DATA step
reaches the end, signalled by a DATALINES or RUN statement, an obsgwatloq 1?
automatically written out to the SAS data set being crgated‘ However, since wetlf?
cluded an OUTPUT statement in the DATA step to write out our observations, the
automatic writing out of an observation at the end'of the DATA step (ioes nS9t ooc&x;
(If it did, we would get a duplicate of the observation where DRUG = 4.) Amie .
DO loop has completed, the program control returns to the top of'the ]?1dkT step
line @, The program will read the subject _number from the next line of data.

The general form of a DO statement is

DO variable = start TO end BY increment;
(SAS Statements)
END;
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Where §tart is the initial value for
Increment™ is the increment, I “increme;
. The first few observations i
listed below:

Notice that we are not writing SUBJ| DRUG. We are indicating that SUBJ and
DRUG are each main effects and that there is no interaction term between them.
Once we have accounted for variations from the grand mean due to subjects and
drugs, the remaining deviations will be our source of error.

Below is a portion of the output from the one-way repeated measures

vys‘lfiable.," “end” s the ending value, and
h nt”is omitted, it defaults 1o 1. ‘
n the SAS data set created from this program are

OBS  SyRT ;
1 1 DRIUG PASIN experiment:
2 1 2 !
3 1 3 6
g 1 4 11 one-way Repeated Measures ANOVA
2 1
7
§ 2 2 12 analysis of Variance Procedure
Z 2 3 8 class Level Information
4 4
9
s 3 1 1 Class Levels Values
ete.
SUBJ 4 1234
DRUG 4 1234

haViWe[ can makhe one small modification
ng to enter the subject ny
g j mbers on eac|

to the program and, by so doing, avoid

h line of data
The new program looks as Nurber of observations in data set = 16

PATA PAIN; One-way Repeated Measures ANOVA

analysis of Variance Procedure

pependent Variable: PAIN

Sum of Mean

Source DF Squares Square F Value Pr > F
: 8 Model 6 120.50000  20.08333 13.64  0.0005
1112 10 14
3gss Error 9 13.25000  1.47222
:

Corrected Total 15 133.75000
Statement , R-Square c.v. Root MSE PAIN Mean

O creates a variable calleg SUBI, which starts at 1 and is i
and 1s incre- 0.900935  14.06785 1.2134 8.6250

men:;d by 1 each time the statement js executed.
¢ are ready to write our PROC statements to ana

sign there are severa] ways to write the MODEL statem e he date. Withtis g

ent. One way is like this: Anova §S Mean Square F Value Pr>F

Source DF

SUBJ 3 70.250000 23.416667 15.91  0.0006
DRUG 3 50.250000 16.750000 11,38 0.0020

Duncan’s Multiple Range Test for variable: PAIN

NOTE: This test controls the type I comparisonwige error rate,
not the experimentwise error rate

AR A =
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Alpha= 0.05 gf= g MSE= 1.472222

Number of Means 2 3 4
Critical Range 1.9412.026 2.¢75

Means with the game letter are not significantly different,

Duncan Grouping Mean N DRUG
A 10.5000 44
A
A 10.2500 4 2
B 7.2500 4 3
B
B 6.5000 41

What conclusions can we draw from these results? Looking at the very bottom
of the analysis of variance table, we find an F value of 11.38 with an associated prob-
ability of 0020, We can therefore reject the null hypothesis that the means are equal.
Another way of saying this is that the four drugs are not equally effective for reduc-
ing pain. Notice that the SUBJ term in the analysis of variance table also has an F
value and a probability associated with it. This merely tells us how much variability
there was from subject to subject. It is not really interpretable in the same fashion a
the drug factor. We include it as part of the model because we don’t want the vari-
ability associated with it to g0 into the ERROR sum of squares.

Now that we know that the drugs are not equally effective, we can look at the re-
sults of the Duncan Multiple-Range Test. This shows two drug groupings. Assuming
that a higher mean indicates greater pain, we can say that drugs 1 and 3 were more
effective in reducing pain than drugs 2 and 4. We cannot, at the .05 level, claim any
differences between drugs 1 and 3 or between drugs 2 and 4,

Looking at the error SS and the SS due to subjects, we see that SUBJECT SS
(70.25) is large compared to the ERROR §§ (13.25). Had this same set of data been
the result of assigning 16 subjects to the four different drugs (instead of repeated
measures), the error SS would have been 83.5 {1325 + 70.25). The resulting F and p
values for the DRUG effect would have been 2.41 and .18, Tespectively. (Note that
the degrees of freedom for the error term would be 12 instead of 9.)

We see, therefore, that controlling for between-subject variability can greatly re-
duce the error term in our analysis of variance and allow us to identify small treat-
ment differences with relatively few subjects,

C. Using the REPEATED Statement of PROC ANOVA

This same design can be analyzed using the REPEATED option, first introduced

with version 6 of SAS software. When the REPEATED statement is used, we need
our data set in the form:

NOVA 187
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SUBJ PAIN1 PAIN2 PAIN3 PAIN4

whe - pai a a f NQtiCE that the data
here }AI N AI 4 are the nleve sateach drug reatment. 7 .

: does not have aNDRUG Variable.The ANOVA statements (0 anal} % this exper-
set

iment are:

DATA REPEATL;
INPUT PAIN1-PAIN4;
DATALINES;
59611
71288
11 12 10 14
3858
H
A DATA=REPEAT1; s
PRO?I'I?S;V' One-way ANOVA Using the REPEATED Statement';
MODEL PAIN1-PAIN4 = / NOUNI;
REPEATED DRUG 4 (1 2 3 4);
RUN;

Noti eral details. First, there is no CLASS statement; our (,iat? sett d:)hees ?e(;tt
Ou'ce o dent variable. We specify the four dependent variables 0 e
s mdep'en iflnthe MODEL statement. Since there is HO.CLASS vaIna eh‘:i.
e, equ'al Sltgn lace to the right of the equals sign. The option NO}:JI\; (m}):A[N
hav’e nOt'hmg e t not to conduct a separate analysis for each of the f)uihe o
Vaf}ale) oL reque;en we have both repeated and nonrepeated factqrs in b
V?Tlablés- La@h Will be especially important. The repeatedb statement' m(;lcatese iy
N OP“le t;):e repeated factor DRUG. The “4” followmg the vaqab (ei nt:;]m "
i e i CIa)RUG his four levels. This is optional. Had it been omut}e 71 ¢ pthe
iy umed as many levels as there were dePendem variables 1111l e
i:laonll)‘éiu:?altl::iritssme number of levels needs to be spe)uﬁ'tx(ii ‘on:ysvﬁ]lznl a“l/)ee pe
. i “(12 3 4)” indicate
want thf'iﬂ A repeczlﬁgv[enlejfs gliﬁé%?lﬁ?l; a(lso act as spacings whep pOIy:;E;
il P s eare uested. (See the SAS/STAT manual for more detalls'l([)[lhgw
mla'l e on 'irfhe gomplete output from running this procedure, butl wi
;?;Tign\:zeezzlrpts and leave the details of the output to the next model.
]

One-way ANOVA Using the REPEATED Statement

i i Procedure
Analysis of Variance C )
Repeated Measures Analysis of Vg::nce
Repeated Measures Level Informa

PAIN4
Dependent Variable PAIN1 PAIN2  PAIN3

2 3 4
Level of DRUG !
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[Continned]

Univariate
Tests of Hypothegeg for Within Subject Effects

Source: DRUG
A3 Pr s> F

DF Anova S8 Mean a.
Square F Value Pr » F G-6 H- F
3 50.2500000 15.7500000 11,38 0.0020 © 0123 ¢ 0020

Source: Error(DRug)
DF  Anova SS Mean Square
9 13.2500000 1.4722222

Greenhouge-Geigger Epsilon = 0,5993
Huynh-Feldt Epsilon = 1,4433

The F value and probabiities F=138p = i
e : = 1L38,p = .002) are identical t i

pA djug[ed(;) 3;1[1\:5 I:(&z;z ll:;t ,;:JO lz:fd>1t11f;7r;alhp-values are included in thi(; Li?;i?’[it
pdus ! . shown to the right are i
e (}}Iu(j nr;:};:[sjtn:;lgl ét)hEfSGreEnhouse-Geisser correction, and th;n I?Ir-;crzgsrz;:ittli‘rlle’
o b explana.t o e.eThdwards for an explanation; reference in Chapter 1%
S i e o it n.l. LI€ are some assumptions in repeated measures de:-
oo gt somp 1cated'. Yog may see these mentioned as Symmeltry tests
o oenty d omewhgt simplified, what is being tested is the assumpti

€s and correlations are the same among the various dependentF\)/;(r)in

f the assumption of equal variances in t-tests

o ,wecannotuseaMEANS state i
peated factor name, The only way to compute pairwise comparisons irllntirilst zval;h
e

istous 1
e the keyword CONTRAST(n) with the REPEATED statement. The form is:
REPEATED factor name CONTRAST(n}; |

where nis a number from 1 t, i i
o k, with k being th

pherer, g the number of levels of th
et ; : gllj'gRﬁST(l) compares the first level of the factor with ea(éh o?trlg) e;tilt:}d
I rst level were a control value, for example, the CONTRAST(1 sate.
o Comcr(;n:spare the gontrol to each of the other drugs. If we want a“);;«?;'

Sts, we need to write k ~ 1 : :
ample, where there are four levels of DRU(SC?VZ&::;:THWWU‘S- noPRUGex

PROC ANOVA DATA=REPEAT1;

TITLE ‘One-way ANOVA Us
HODEL PAIN1-PAING. = / ok

Repeated Statement';
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These three CONTRAST statements produce all the two-way comparisons.
(CONTRAST(1) gives us 1vs.2.3,4: CONTRAST(2) gives us 2vs.1,3,4;and CON-
TRAST(3) gives us 3 vs. 1,2, 4.) The contrasts are equivalent to multiple i-tests be-
tween the levels, and you may want to protect yourself against a type [ error with a
Bonferroni correction or some other method. There is o provision for making these
corrections using existing SAS procedures. The option NOM asks that no multivari-
ate statistics be printed; the option SUMMARY requests analysis of variance tables
for each contrast defined by the repeated factor.

D. Two-factor Experiments with a Repeated Measure
on One Factor ‘

One very popular form of a repeated measures design is the following:
PRE  POST
SUBJ
1
Control 2
3

[

4
Treatment 5
6

Subjects are randomly assigned toa control or treatment group. Then, each sub-
jectis measured before and after treatment. Obviously, in this case, the TIME factor
{PRE and POST) cannot be randomized. The “treatment” for the control group can
either be a placebo or no treatment at all. The goal of an experiment of this sort isto
compare the pre/post changes of the control group to the pre/post changes of the
treatment group. This design has a definite advantage over a simple pre/post design
where one group of subjects s measured before and after a treatment (such as hav-
ing only a treatment group in our design). Simple pre/post designs suffer from the
problem that we cannot be sure if it is our treatment that causes a change (.8,
TIME may have an eifect). By addinga prefpost control group, we can compare the
prefpost control scores to the prefpost treatment scores and thereby control for any
built-in, systematic, pre/post changes.

A simple way to analyze our design is to compute a difference score (post minus

for each subject. We then have two groups of subjects with one score each (the
look for significant differences between the

With more than two levels of

pre)
difference score). Then we use a t-test to
difference scores of the control and treatment groups.

time, however, we will need to use analysis of variance.
ple data and a SAS program that calculates difference scores

Here are some sam|
and computes a t-test:
PRE  POST
SUBJ
1 80 X}
Control 2 85 86
3 83 88
4 k1) 9%
Treatment 5 & 93
6 84 98




DATA PREPOST;

INPUT SUBJ GROU
P § PRETEST
DIFF = PoSTEST-PRETEST, o el
DATALINES; !

oo

ROI;!I TTEST DATA:PREPOST;

TLE 'T-test on Di

Ciass e ifference Scores';
VAR DIFF;

RON;

sults of hlS 11 W reatment ean d €rence 8]
| of ] a alVSlS ShU the (%) g
mean diff Ten
Re 0 be nificant]
4 y

dlfferellt f!Om lhe control mean dlffeferlce (p— 045) See be[OW

T-test on Difference Scores

TTEST PROCEDURE

Variable: DIFF

3.
: : 1022(6)(5)2220 2.00000000 1,15470054
7 4.16333200 2.40370085

Probs |T|

Equal

For HO: Vari
ariances are equal, F’ = 4.33 DF = (2,2) Prob
= (2, robs>F’/ = 00,3750

We can alternativel i

y treat this desi
t(GROUP X TIME) with TIME as a repea
age of analyzing designs with more than (

g0 as a two-way analysis of vari
ay varianc
“tledl me?sure. This method has the advarf
We frs o d ! 0 levels on one or both f;
f program using the REP FANG
changes in the data set are necessary, The ANO%iTgie;tlitet[: e OVANo
s are:

PRO:I::]:]’V.IA DAT&:PREPOST; :
"Iwo-way ANOV) pes
C1ags Gaoeg) A with a Repested Measure on One Factor;
:I?DEL PRETEST POSTEST = GROUP
PEATED TINE 2 (0 1), ’
MEANS GROUP;
RUN;

190
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The REPEATED statement indicates that we want 10 call the repeated factor
TIME, it has two levels, and we want to label the levels O and 1.
Output from these procedure statements are shown below:

/f—/‘—_—//’é‘

pwo-way ANOVA with a Repeated Measure on One Factor

analysis of Variance Procedure
class Level Information

Class Levels Values

GROUP 2 cT
Number of observations in data set = 6

Two-way ANOVA with a Repeated Measure on One Factor

Analysis of Variance procedure
Repeated Measures analysis of Variance
Repeated Measures Level Information

Dependent Variable PRETEST POSTEST

Level of TIME 0 1

Manova Test Criteria and Exact F statistics for

the Hypothesis of no TIME Effect

H = Anova SS&CP Matrix for TIME E = Error SS&CP Matrix

8=1 M=-0.5 N=1
Num DF Den DF Pr>F

Statistic value F

Wilks’ Lambda 0.1321631 26.266 1 4 0.0069

Pillai’s Trace 0.8678369 26.266 1 4 0.0069

Hotelling-Lawley Trace 6.5664063 26.266 1 4 0.0069
6.5664063 26.266 1 4 0.0069

Roy‘s Greatest Root

Manova Test Criteria and Exact F Statistics for
the Hypothesis of no TIME*GROUP Effect

H = Anova SS&CP Matrix for TIME*GROUP E = Error SS&CP Matrix

g=1 =-0.5 N=1

Statistic Value F Num DF Den DF Pr > F

Wilks’ Lambda 0.3261146 8.2656 1 4 0.0452

Pillai’s Trace 0.6738854 8.2656 1 4 0.0452

Hotelling-Lawley Trace 2.0664063 8.2656 1 4 0.0452
§.2656 1 4 0.0452

Roy's Greatest Root 2,0664063
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[Continued]

Two-way ANOVA i

A with a R
o ay 1 epeated
Rep;l;r:l; ;f Variance ProcedureMeasure on (e Factor

ed Measures Analysi
Ty ¥818 of Variane
ypotheses for Between Subjests Eff
ects

Source
DF
Anova g8 FV
GROUP alue Pr > F
1 90,75
.75000000 11
Error .84 0.0263
4 30.66666667

Univariate T
e
Sts of Hypotheses for Within Subject Eff
ects

Source: TIME

DF Anova ,
1 140.0833§§ Mean Square F valye Pr Adj Pr>
140083333 26.27 ¢ 0;6;'" 6-6 H-F

Source; TIME*GROUP

DF  Rnova §g
Mean § Add
14, quare F Val T > F
083333 44,083333 e;: ‘l:rozsi -6 H-r§

Source: Error(TINE)

DF Anova S8
Mean §
4 21,333333 5.3?;:;:

Level of
PRETEST
POSTEST

GRf
OUP N Mean $p
Mean
c $D
3 82.666666
T ’ 7 2.5166114
3 84, 8 85.666
I 251661148 95, 000000, 251661140
' .64575131

Finally, it should b
. *. e noted that th
sis of cova : ese data can also be
A, ;1;12; :smg the pretest as a covariate. The ch giily(f)lf,ed through an analy-
issue. ¢ nature of the question being asked. Bock (121;1;51;8: deends
We willdiscuss th Iscusses this
€ output from PRO
method of . ; C ANOVA afy
. analyzing this experiment. However, a Portitcf; \;er tsl?eoguin alte;n e
put above is
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presents a nice discussion of the options. Our
1l differences among the p-values, it doesn’t
geest tWo alternatives: (1} Use
(2) when there

1975; see Chapter 1 for references)
re are only very sma
ou use. If in doubt, we su

ood ralio test that is often appropriate, of

find a consultant.
t as a two-factor analysis of variance

f PROC ANOVA. We may want (0 do

(

advice is: When the:
really matter which one ¥
Wilks' Lamda. It is a likelih
are differences among the p-values,

We now analyze the same experimen

without using the REPEATED statement o
{his 50 that we can use the «puilt-in” multiple-comparison tests. (You also may not

want to do this if you feel you need the “protection” of the more conservative F-
To do this, we must first create a new

values computed in the multivariate model.)
possible values: PRE or POST. Each

variable—say TIME—which will have two
subject will then have two observations, one with TIME = PRE and one with
TIME = POST.

ating several

one-way, repeated measures design, the method of cre

the QUTPUT statement.
SAS statemeats to the end of the previous progran.

As with our
observations from one is with
We can add the following

DATA TWOWAY:
7 SET P

QUTBUT; .
- DROP PRETEST pogTEST DIFF; @
“RUN)
ot called TWOWAY, which has

This section of the program creates SAS datas
t few observations in this data

variables SUBJ GROUP TIME and SCORE. The firs

set are:

SUB] GROUP TIME SCORE
1 C PRE 80
1 C POST 8
2 C PRE 85
2 C POST 3

Let's follow this portion of the SAS program step by step to see exactly how the

new data set is created.
to be read from the original data set,

The SET statement (D) causes observations
PREPOST, The first observation is

UBJ=1 GROUP=C PRETEST=80 POSTEST=
w variable called TIME and sets the value of TIME to
the ‘E in PRE. The reason is that the length
1st value that is assigned to it. Had we coded

83 DIFF=3.

Statement (@) creates a ne
‘PRE °. Note that there is a space after
of the variable TIME is defined by the fi
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TIME = ‘PRE’, the length would e equal to three and the statemeny
TIME = “POST’ would have assigned the value ‘POS’ 1o TIME instead of ‘POST:
Statement @ ereates a new variable, SCORE, which is equal to the PRETEST

value. When @) is executed, the first obseryation of the data set called TWOWAY
becomes:

value. A new observation is added to the data set TWOWAY with the second OUT-
PUT statement ), The second observation has SUBJ=1 G

ROUP=CTIME=POsT
SCORE=83,

The RUN statement ends the DATA step and control returns to the top of the
DATA step where a new obs,

rvation is read from data set PREPOST.

SUBJ (GROUP)

Since the model statement defines ALL sources of variation about the grand
mean, the ERROR SUM OF SQUARES printed in the ANOVA table will be zero,

is in our design, we use

EST statement consists
of a hypothesis to be tested (H=) and the appropriate error term (E=).The entire
ANOVA procedure looks as follows:

PROC ANOVA DATA=TWOWAY;
TITLE “Two-way ANOVA with TIME
7 GROUP TIME, ,

85 & Repeated Measure';

Notice that the error term for GROUP is SUBJ(GROUP) (subject nested

within group), and the error term for TIME and the GROUP*TIME interaction is
TIME*SUBJ(GROUP)‘

Below are portions of the PROC ANOVA output:

ay ANOVA with TIME as a Repeated Measure
TWO-W

Analysis of Variance Procedure
class Level Information

Class Levels  Values
SUBJ 6 123456
GROUP 2 crT

TIME 2 POST PRE

: - 12
Number of observations in data set =1

pependent Variable: SCORE

DF sum of Squares F value Pr > F
Source
1 11 326,91666667
Mode
Y
Error
.91666667
Corrected Total 11 326 -
R-Square c.V. SCORE Me
00 0 86.9166667
1,0000
DF Anova 8§ F Vvalue Pr > F
Source
1 90.75000000
e P) 4 30.66666667
el 1 140.08333333
4300 IME 1 44,08333333
g 033333333
SUBJ*TIME {GROUP) 4 21
for
Tests of Hypotheses using the Anova M§ fo
SUBJ{GROUP) as an error term
DF anova §§ F value Pr > F
Source
3
1 90,75000000 11.84 0.026
GROUP
for
Tests of Hypotheses using the Anova MS
SUBJ*TIME (GROUP) as an error term
DF Anova 8§ F Value Pr > F
Source
9
1 140.08333333 26.27 382:2
SRo0 1 44,08333333 8.27 .
GROUP*TIME

185




196 Chapter8 / Repeated Measures Designs

Since all iati i
_— Squarzglilsrces of variation were included in the MODEL statement, the error
zero, and the F value is undefined (it prints as a missing,value B

The
o Frzqillesgzi ;ZS;)S Ereoszl;(;w%;; éhe zottom of the listing. Group differences have
Shandp = 0263, and GROUP* -

8.27Iam<:1 Probabl}xtles 0f 0069 and 0452, respecﬁv;;ME e Falis o267

i :r ; i1Isn e)(();:anmema! df:sign, it.is the interaction of GROUP and TIME tha is of

primat. CO;I)I tr01r;cec.lThls mteracnop term tells us if the pre/post changes were tt:)e

e orcor nd treatment subjects, An interaction graph will make this cl
output from the MEANS request is shown below: b

Level of .. SCORE-
GROUP N Mean e ;;) -
c 3
84.1666667 2,78687
. 400
T 6 89.6666667 6.28225013
Level of
------------- SCORE-------~---
TIME N Mean SD
P
P::T [ 90.3333333 5.60951572
6 83.5000000 2.42899156
Level of Level of --
GROUP TINE N Kea;] _____ R
SD
c POS
. PRET : 85.6666667 2.51661148
: ol ; 82.6666667 2.51661148
. ohe ; 95,0000000 2,64575131
84.3333333 2.51661148
We i i
imeracﬁi,? g\;s:; Eli;]ast §el(t of means (interaction of GROUP and TIME}) to plot the
. We pick one of the independent vari i
eracion g variables (we will use TIME) ¢
g e x-axis and then plot means for each of the levels of the other independ)en(:

variable (GROUP), A few lines of i
ot Ho s ). ines of SAS code will produce the desired interaction
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The resulting graph is shown below:

Interaction Plot

Plot of SCORE*TIME. Symbol is value of GROUP

951+ T
90
SCORE
C

85
T
c

80

POST PRE

TIME

A significant interaction term shows us that the two pre/post lines are not paral-

JeL. This tells us that the change from pre to post was different, depending on which
GROUP a subject was in, which is precisely what we wanted to know. The treatment
group and control group were quite similar in terms of pain relief before the drug
was administered (mean = 84.33 and 82.67). After the drug was given (the POST
measure), the treatment group showed dramatic gains and the control group only
modest gains. The F-statistic for GROUP X TIME (8.27) and its p-value (.045) tell
us that this difference in improvement is greater than could be expected by chance
alone. The F-statistic for GROUP (F = 11.84,p = .0263) tells us that if we summed
over the pre and post tests, the groups were different. This isn’t of use to us since it
combines the pre measure (where we anticipated them being the same) with the
post measure (where we anticipated a difference). The same logic is true for TIME.
Here we are summing over the control and treatment groups. Finally, note that the
p-value for GROUP X TIME is the same as for the t-test of the difference scores,
because we are essentially making the same test in both analyses. Next, we move (o

a somewhat more complex setting.

E. Two-factor Experiments with Repeated Measures
on Both Factors

This design is similar to the previous design except that each subject is measured
under all levels of both factors. An example follows:

A group of subjects s tested in the morning and afternoon of two different days.
On one of the days, the subjects receive a strong sleeping aid the night before the
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experiment s to be conducted: on the

: . other ot I
astimulus is measured, A diagram of +a placebo. The subjects’ reaction time to

the experiment is shown below:

TREAT
CONTROL DRUG
XIME SUBI  REACT SUBJ  REACT
M, 1 65 1 70
2 7 2 8
f % 3 97
55 1
M. 2 64 2 gg
3 80 3 85

We would like to see if the drug had an

fect was the same for the whole da y effect on the reaction time and if the ef-

‘ y. We can use the A
contrf)l day as a comparison for the AM/PM changes Oﬁ Né measurements on the
Since each subject is measur e drug day.

d under all |
DRUS e levels of treatment (PL
} and TIME (AMIPM), we can treat this experiment as a SU(BJ tf;CT%E?\;r

torial design. How :
our hypotheses, d ever, we must specify the error terms to test

Toc
reate our SAS data set, we could use the following statements:
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Before we investigate the output from the program above, we would like to
show an alternative way of programming this problem. This method differs from the
one above only in the way that data are read; the PROC statements are exactly the
same. The purpose of the alternate programming method is to simplify data entry.
Please feel free to skip this discussion if you wish; it is useful only if you will be using
SAS software frequently with moderate to large amounts of data. In that case you
will save considerable time. Here is the program:

ALTERNATIVE PROGRAM POR SLEEP STUDY
DATA SLEEP; ' -
suBg+l; @
DO TIHE=1 to 2; @
DO TREAT=L 10 2; @
INPUT REACT €&; @

PROC. ANOVA ‘DATA=SLEEP; .
CLASS SUBJ TREAT TTME;

}ODEL RRACT = SUBJ|TREAT|TIME;

MEANS TREAT(TTHE; o
TEST ‘H=TREAT E=SUBJ*TREAT;

TEST H=TIME E=SUBJ*TIME;
TRST H=TREAT*TIME E=SUBJ*TREAT*TIME;
" RUN;

This program allows us to place all the data for one subject on a single line.
We begin creating our data set with the DATA statement. Since we are not
explicitly entering a subject number, statement will provide us with a SUBJ
variable.

The reaction times for each subject are arranged as follows:

CONTROL AM - DRUG AM - CONTROL PM - DRUG PM

We want to create four observations for each subject (one for each combination
of treatment and time). The outer loop @ sets the TIME values while the inner loop
@ sets the TREAT values. Since we used a trailing @ sign @ the pointer does not
move to the next line of data until the first four data values have been read and four
observations have been written in line ). At this point SUBJ is incremented, and
four more values of reaction time are read with the appropriate values of TIME and
TREAT.

A FORMAT statement to assign formats to the variables TREAT and TIME
would make output from the statistical procedures easier to read. The complete pro-
gram, modified to include formats, 1s shown next:
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PROC FORMAT;
VALUE FTREAT 1='Control’ 2='Drug';
VALUE FTIME 1='AM' 2="PM';

RUN;

DATA SLEEP;
SUBJ+1;
DO TIME=1 10 2;
DO TREAT=1 70 2;
INPUT REACT @;
OUTPUT;
END;
END; : )
FORMAT TREAT FTREAT, TINE
DATALINES;
65 70 55 60 p
72 78 64 68 L
90 97 80 85 ;

,,'

TEST BeTREAT*TIME
RON; - gt

Which method you choose to create the SAS data set will not affect the PROC
ANGVA statements. In any design where ALL factors are repeated, such as this one,
we can treat the SUBY variable as being crossed by all other factors (as opposed to
nested). The MODEL statement is therefore the same as our factorial design. How-
ever, by including the SUBJ term in our model, the error term will be zero (as in our
previous example). Thus, our ANOVA table will not show F-values or probabilities.
These are obtained by specifying TEST statements following the MODEL state-
ment, as described previously,

The error terms to test each hypothesis are simple to remember: For factor X,
the error term is SUBJ*X. For example, the error term to test TREAT is SUBJ
*TREAT; the error term to test the interaction TREAT*TIME is SUBJ
*TREAT*TIME. To specify the correct error term for each main effect and
interaction, the three TEST statements following the MODEL statement were

added, each specifying a hypothesis to be tested and the error term to be used in
calculating the F-ratio.
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A portion of the output from PROC ANOVA is shown below:
Analysis of Variance Procedure
Dependent Variable: REACT
Source DF Sum of Squares F Value Pr>F
Model 11 1750.66666667
Error 0 .
Corrected Total 11 1750.66666667
R-Square c.v. REACT Mean
1.000000 0 73.6666667
Source DF Anova SS F Value Pr > F
2 1360.66666667
SUBJ
TREAT 1 85.33333333
SUBJ*TREAT 2 0.66666667
TIME 1 300.00000000
SUBJ*TIME 2 2.00000000
TREAT*TIME 1 1.33333333
SUBJ*TREAT*TIME 2 0.66666667
Tests of Hypotheses using the Anova MS for
SUBJ*TREAT a8 an error term
Source DF Anova S§ F Value Pr > F
TREAT 1 85.33333333 256.00 0.0039
Testg of Hypotheses using the Anova M$ for
SUBJ*TIME as an error term
Source DF Anova §§ F value Pr > F
TIME 1 300,00000000 300.00 0.0033
Tests of Hypotheses using the Anova MS for
SUBJ*TREAT*TIME as an error term
Source DF Anova 8§ F value Pr > F
TREAT*TIME 1 1,33333333 4.00 0.1835
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Whatconclusions can we draw?(1)

P = .0039); (2) reaction time is longer in the morning compared to th

(F =300.00,p = 0033);and (3) we cangot conclude that the effect of th
action time is related to the time of da

significant F = 4,00, p = 0.1835).
previous example, Even 50, had th
would have been more cautioys

Note that this study is not a pre/post st
¢ TREAT by TIME interaction beensi
nlooking at the TREAT and TIME effects,
L, we would have to control for the learning effect

might find a decrease in reaction ti
the subject became more famjjiar with the apparatus, To avoid this, we would eithey
have to acquaint the subject wi

, easure each subject using
TREATMENT and TIME inrandom order,

This design may also be analyzed using the REPEATED statements of PROC
ANOVA. If i ion ti j

DATA REPRAT?;

INPUT REACT1-REACTY;

DATALINES;

65 70 55 6p

72778 64 68

90 97 80 85

/

PROC ANOVA DATA=REPEATZ; ,
MODEL REACT1-REACT¢ = / NounT;
REPEATED TIME 2 , TREAr 2 /" NOM;

RON;

repeated factor, we need to specify the number of
ctor name. The factor we name firgt changes the
slowest, That is, the first two reaction times are for TIME=AM with REACT! asso-
ciated with TREAT =contro] and REACT? associated with TREAT=drug We have

Bow exhausted all levels of TREAT and set TIME=PM; REACT3 and REACT4are
both PM measurements

E  Three-factor Experiments with q Repeated Measyre
on the Last Factor

For this example, we consider a marketing experiment, Male and female subjects
are offered one of three different by:

ands of coffee, Each brand is tasted twice; once
immediately after breakfast, the ot

her time after dinner (the order of presentation
is randomized for each subject). The preference of each brand is measured o a

r———

The drugincreases reaction time (F = 25699

¢ afternoop
e drug on re.
y (the interaction of TREAT and TIME is noy
udy asin the
gnificant, we
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Secti / a epeated Measui
EC!

3 . ien is shown
] from 1 to 10 (1 = lowest, 10 = highest). The experimental design i
; scale rom

pelow:

BRAND (of coffee) -
A Brkist  Dinner B: Brkist  Dimner C: Brkist  Dinnel

! subj
Sl:bl S e Sl;bj 4 6|1 g :
Male ) 6 7 8 3 55’ 1: 5 g
3
3 6 B9

GENDER

9
A L SR DR
Femde 5 4, 7|11 4 .4

8
6 4 6112 2 311 7

d factors
In this experiment, the factors BRAE\ID handbji}glllsltillc Oafrfte:ec;?;s;abreakfast
i I d measure factor (each su iy
). St s ange b ly one brand of coffee and is clearly
i ince a single subject tastes only nd piAy
- dlﬂﬂde ) tS}:ZC:ubjectg term is said to be nested within BRAI\LD t:ns s
(vt §BBJ (BRAND GENDERY)). We could arrange our Ez; : sovrel Wi
(uritten 3 datz; 50 that we can take advantage gf the REP e
F;r/skti\lwoe\f/l: a'Fc% do this, we place all data for each subject on one hine. 1hus,
0 . , ‘
gram and data will look as follows:

AP VRS BRAND § GRIDER § fooes.» ol

0 ~3 @
mien oy 13

0 W e,

@0 W W

‘;moc ANOVA DATA=COFFEE)

" TITLE 'Coffee .
CLASS BRAND-GENDER o
MODEL SCORE_B SCORED = an
REPEATED MEAL;
MEANS BRAND|GENDER;

RUN;

—_—
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Noti

measu(;:;éf)atcl:at 1}3\R/§ND and GENDER are crossed while MEAL is the repeated

preasures or. As before, lhe option NOUNI on the MODEL statement indicates
We do not want UNIvariate statistics for SCORE_B and SCORE_D

Selected portions of the output from the above program are shown below:

Coffee Study

Analysis of Variance Procedure
Class Level Information

Class Levels  Values
BRAND 3 ABC
GENDER 2 FNM

Number of observations in data set = 18
Analysis of Variance Procedure
Repeated Measures Analysis of Variance
Repeated Measures Level Information
Dependent Variable SCORE_B  SCORE_D

Level of MEAL 1 2
Analysis of Variance Procedure

Repeated Measures Analysig of Variance
Tests of Hypotheses for Between Subjects Effects

Source DF Anova S8 F Value Pr» F
z::ggn 2 83.38888889 51,76  0.0001
: k 1 6.25000000 7.76  0.0165
RAND*GENDER 2 3.50000000 2.17  0.1566
Error 12 9.66666667

Analysis of Variance Procedure
Repeated Measures Analysis of Variance

Univariate Tests of Hypothegez for Within Subject Effects

Source: MEAL
M5 P
DF  Anova SS Mean Square F Value Pr>F g -jG }1; i 11:
1 30.2500000 30,2500000 99.00 0.0001
Source: MEAL*BRAND
Adj Pr > F

DF  Anova S8 Mean Square F Valu
e Pr>F G-G -
2 1.5000000 0.7500000 2.45  0.1278 nr

[Continued]
Source: MEAL*GENDER

DF  Anova S5 Mean Square F Value
1 0.0277778  0.0277778 0.09

Source: MEAL*BRAND*GENDER

DF  Anova 8§ Mean Sguare F Value
2 2,0555556  1.0277778 3.36

Source: Error({MEAL)

DF  Anova SS Mean Square
12 3.6666667  0.3055556

Analysis of Variance Procedure

adj Pr > F
pr>F G-GH-F
0.7682

Adj Pr > F
Pr>F G-GH-F
0.0692

Level of  --------- SCORE_B ------- --------- SCORE_D-------
BRAND N Mean SD Mean SD

A 6 5$.33333333  1.21106014 7.16666667 0.75277265
B 6 3.16666667 0.75277265 4.50000000 1.04880885
[ 6 6.33333333 1.03279556 8.66666667 0.51639778
Level of  --------- SCORE_B------- ~--------- SCORE_D ---~---
GENDER N Mean SD Mean 8D

F 9 4.55555556 1,58989867 6.33333333 2.23606798
). 9 5.33333333 1.73205081 7.22222222 1.56347132
Level of Level of = --------- SCORE_B -------~

BRAND GENDER N Mean SD

A F 3 4.33333333  0.57735027

A M 3 6.33333333  0.57735027

B F 3 3.00000000 1.00000000

B ¥ 3 3.33333333  0.57735027

¢ F 3 §.33333333  0.57735027

[« M 3 §.33333333  1.52752523

Level of Level of = --------- SCORE_D--------

BRAND GENDER N Mean SD

A F 3 6.66666667  0.57735027

2 ). 3 7.66666667  0.57735027

B F 3 3.66666667 0.57735027

B M 3 5.33333333  0.57735027

[} F 3 8.66666667 0.57735027

[} M 3 §.66666667  0.57735027

205
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We shall explain the results after the alternative program below:

An alternative program can be written that does not use the REPEATED stafe.
ment of PROC ANOVA. Although in some models this does not give you the protec.
tion of the more conservative multivariate model, you still may want to run such »
model. To do so,it is more useful if the datais arranged with two observations persub-
jectand a MEAL variable already in the data set. So, if the data is arranged like this;

ing thi i below:
A portion of the results of running this alternative program are shown be

tion
analysis of Variance Procedure Class Level Informa

coffee Study

pnalysis of Variance Procedure

SUBJ  BRAND  GENDER MEAL SCORE class Level Information

1 A M BRKEST 7
1 A M DINNER g Class  Levels Values
2 A M BRKFST 6 18 1234567891011 1213 141516 17 18
cte. SUBJ
Your INPUT statement would look like this: BRAND 3 ABC
INPUT SUBJ BRAND § GENDER § MEAL § SCORE; GENDER 2 FH
The ANOVA statements are written: MEAL 2 BREKFST DINNER

PROC ANOVA DATA=COFFEE;
CLASS SUBJ BRAND GENDER MEAL; N
MODEL SCORE = BRAND GENDER BRAND*GENDER SUBJ(BRAND GENDER)
MEAT, BRAND*MEAL, GENDER*MEAL BRAND*GENDER*MEAL
MEAL*SUBJ (BRAND GENDER) ;
MEANS BRAND|GENDER / DUNCAN. E=SUBJ{BRAND GENDER) ;

Number of observations in data set = 36
analysis of Variance Procedure

Dependent Variable: SCORE

DF Sum of Squares F Value Pr > F
Source
o ToLs VERL BRAND'MEAL GENDER*ARAL SApERN L vodel 3% 140.30555656
The following TEST statements-are needed to obtain the - 0
correct F and p-values: O T fe Error
B e P e BT 4 0555556
TRST H=BRAND GENDER BRAND*GENDER ' Corrected Total 3B 103
E=SUBJ(BRAND GENDER); c.v. SCORE Mean
TEST HeMEAL BRAND*MEAL GENDER*MEAL BRAND*GENDER*MEAL R-Square
E=MEAL*SUBJ (BRAND GENDER); 1000000 0 5.86111111
RON; :
S DF anova §8 F Value Pr > F
ource
i 2 83.38888889
The first test statement will test each of the terms {BRAND GENDER and BRAND 1 6.25000000
BRAND*GENDER) with the error term SUBJ(BRAND GENDER). The effects giﬁgfgzmn 2 3.50000000
MEAL, BRAND*MEAL, GENDER*MEAL, and BRAND*GENDER*MEAL SUBJ (BRAND*GENDER) 12 922333323
Wil al b tested with the error term MEAL*SUBJ(BRAND GENDER), We have WEAL s 00000
also made a change in the way the MEANS statements were written. Included after BRAND*MEAL 1 0.02777778
the DUNCAN option is an “E=" specification. This is done because the DUNCAN GENDE?*:EN;:R*MEAL 2 2.05555556
procedure will use the residual mean square as the error term unless otherwise in- :UBJU*MEAL(BW*GEND) 12 3.66666667
structed. Since we have completely defined every source of variation in our model,

the residual mean square is zero. The “E=error term” option uses the same error
termas the “H="

option of the corresponding TEST statement, Also,since different
erTor terms are used to test different hypotheses, a separate MEANS statement is
required each time a different error term is used. Note that we did not need to per-
form a DUNCAN test for MEAL since this variable has only two levels,

Duncan's Multiple Range Test for variable: SCORE

s s e
NOTE: This test controls the type I comparisonwise error rate,
’ not the experimentwige error rate
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alpha= 0.05 df= 12 MSE= 0.805556
Number of Means 2 3
Critical Range L7983 .8356

Means with the same letter are not significantly different.

Duncan Grouping

Level of Level of

BRAND GENDER
A F

A M

B F

B M

[of F

¥ M
Level of

MEAL N
BRKPST 18
DINNER 18
Level of Level of
BRAND MEAL
A BRKFST
A DINNER
B BREFST
B DINNER
c BRKFST
c DINNER

Level of Level of

BRAND MEAL

F BRKPST
F DINNER
M BRKFST
.4 DINNER

o e

Mean N BRAND
7.5000 12 ¢
6.2500 12 A
3.8333 12 B
---------- SCORE -----—------
N Mean SD
6 5.50000000 1.37840488
6 7.00000000 0.89442719
6 3.33333333 0.81649658
6 4,33333333 1.21106014
6 7.50000000 1.37840488
6 7.50000000 1.64316767
-------- SCORE--=-~--=------
Mean SD
94444444 1.66175748
J17777778 1.92676369
---------- SCORE ---~---=---~
N Mean sD
6 5.33333333 1.21106014
6 7.16666667 0.75277265
6 3.16666667 0.75277265
6 4.50000000 1.04880885
6 6.33333333 1.03279556
[ 8.66666667 0.51639778
---------- SCORE ---==~--=---
N Mean )
9 4.55555556 1.58989867
] 6.33333333 2.23606798
] 5.33333333 1.73205081
9 7.22222222 1.56347192
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[Continued]
Level of Level of Level of = SCORE __________
BRAND GENDER MEAL N Mean sD
A F BRKFST 3 4.33333333 0.57735027
A F DINNER 3 6.66666667 0.57735027
A M BRRFST 3 6.33333333 0.57735027
A M DINNER 3 7.66666667 0.57735027
B F BREFST 3 3.00000000 1.00000000
B F DINNER 3 3.66666667 0.57735027
B M BRKFST 3 3.33333333 0.57735027
B M DINNER 3 5.33333333 0.57735027
c F BRRFST 3 6.33333333 0.57735027
c F DINNER 3 8.66666667 0.57735027
c M BRKFST 3 6.33333333 1,52752523
C M DINNER 3 8.66666667 0.57735027

Dependent Variable: SCORE

Teats of Hypotheses uging the Anova MS for
SUBJ (BRAND*GENDER) as an error term

Source DF Anova 8S F Value Pr>F
BRAND 2 83.388068889 51.76 0.0001
GENDER 1 6.25000000 7.76 0.0165
BRAND*GENDER 2 3.50000000 2.17 0.1566
Tests of Hypotheses using the Anova MS for

SUBJ*MEAL (BRAN*GEND) ar an error term

Source DF Anova SS F Value Pr>F
MEAL 1 30.25000000 99.00 0.0001
BRAND*MEAL 2 1.50000000 2.45 0.1278
GENDER*MEAL 1 0.02777778 0.09 0.7682
BRAND*GENDER*MEAL 2 2.05555556 3.36 0.0692

What conclusions can we draw from these results? First, we notice that the vari-
ables BRAND, MEAL, and GENDER are all significant effects (BRAND and
MEAL at p = 0001, GENDER at p = .016). We see, from the Duncan test, that
brand Cis the preferred brand, followed by A and B. The fact that MEAL (breakfast
or dinner) is significant and that BRAND*MEAL is not, tells us that all three
brands of coffee are preferred after dinner.

G. Three-factor Experiments with Repeated Measures
on Two Factors

As an example of a three-factor experiment with two repeated measures factors, we
have designed a hypothetical study involving reading comprehension and a concept
called slippage. It is well known that many students will do less well on a reading
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S(S)lrirlprehe'fljiop test in the early fal‘l compared to the previous spring because of
) ppage uring the summer vacation. As children grow older, the slippage should
ecr;ellse. Alsor slippage ter_lds to be smaller with high-SES (socio-economig status—
g(})iug y speakmg, wealthier”) children compared to low-SES children, since high-
S children typlgally do more reading over the summer. ‘
To test these ideas, the following experiment was devised:
read/; gg;(;l;{)pofhhlgh— ax_1d low-SES children is selected for the experiment, Their
_ Tehension is tested each spring and fall for three co i
diagram of the design is shown below: * ey A

Reading Comprehension Scores
Years; 1 2 3

W SPRING ~ FALL | SPRING FALL | SPRING  FALL
SES ! o1 50 60 5 59 )
2 64 35 12 57 P 6
3 5 49 58 9 6 oy
4 63 59 65 64 po .
5 62 51 61 56 @ @
Low ¢ 57 0 5% # 54 50
B 7 61 a7 58 I 5 55
8 55 40 55 4% 5 o
9 59 a4 61 50 @ o
10 58 44 3% 9 55 9

Notice that each subject is measured each spri
: pring and fall and each year so that

glgen varlaltlbleiJ .SE:‘;}S?N and YEAR are both repeated measures factors}., In this de-

each subject belongs to either the high-SES or the low-
subjects are nested within SES. eSS orthe ow ES g Therore

We show three ways of writing a SAS i i

' program to analyze thi i

using the REPEATED statement of PROC ANOVA: e epeiment s,

DATA READ 1;
TNPUT.SUBJ SES § READ1-READS;

= *SPRING YR 1'

= ‘PALL TR 1

= 'SPRING YR &'
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[Continued]

9 LOW 59 44 61 50 63 60
10 LOW 58 44 56 49 55 49

i

PROC ANOVA DATA=READ_1;
TITLE 'Reading Comprehension Analysis';

CLASS SES:
MODEL READ1-READ6 = SES / NQUNI;
REPEATED YEAR 3, SEASON 2;
MEANS SES;

RON;

Since the REPEATED statement is confusing when we have more than one re-
peated factor, we again show you how to determine the order of the factor names.
The variables listed on the MODEL statement are in the following order:

YEAR 1 YEAR 2 YEAR 3
SPRING FALL SPRING FALL SPRING FALL
1 2 3 4 5 6

There are three levels of YEAR and two levels of SEASON. The factors follow-
ing the keyword REPEATED are placed in order from the one that varies the slow-
est to the one that varies the fastest. For example, the first number (READ1) is from
YEAR 1 in the SPRING. The next number (READ2) is still YEAR 1 but in the
FALL. Thus, we say that SEASON is varying faster than YEAR. We must also be
sure to indicate the number of levels of each factor following the factor name on the

REPEATED statement.
REPEATED YEAR 3, SEASON 2;

This statement instructs the ANOVA procedure to choose the first level of
YEAR (1), then loop through two levels of SEASON (SPRING FALL), then return
to the next level of YEAR (2), followed by two levels of SEASON, etc. The product
of the two levels must equal the number of variables in the dependent variable list
of the MODEL statement. To check, 3 * 2 = 6 and we have READ1 to READ6 on

the MODEL statement.
Results of running this program are shown next (some sections omitted):

Reading Comprebension Analysis

Analysis of Variance Procedure
Class Level Information

Class Levels Values

SES 2 HIGH LOW
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Number of observations in data get = 10

Repeated Measures Analysis of Variance
Repeated Measures Level Information

Dependent Variable

Level of YEAR
Level of SEASON

READ]1 READ2 READ3 READ4

1
1

1 2 2
2 1 2

Teste of Hypotheses for Between Subjects Effects

Source

SES

Error

DF

1

8

Anova SS F Value

READS  READ6
3 3
1 2

Pr> F

680.0666667 13.54 0.0062

401.6666667

Univariate Tests of Hypotheses for Within Subject Effects

Source: YEAR

DF Anova S8
2 252.033333

Source: YEAR*SES

DF Anova SS
2 1.033333

Source: Error(YEAR)

DF Anova SS
16 74.933333

Greenhouge-Geisger Epailon = 0
Huynh-Feldt Epsilon =

Source: SEASON

Mean Square
126.016667

Mean Square
0.516667

Mean Square
4.683333

0

DF Anova SS Mean Square

1 680.066667

Source: SEASON*SES

680.066667

DF Anova SS Mean Square

1 112.066667

112.066667

F Value Pr > F
26.91 0.0001

F Value Pr » F
0.11 0.8962

.6757
.8658

F Value Pr > F
224.82 0.0001

F Value Pr > F
37.05 0.0003

Adj Pr>F
G-G H-F
0.0002 0.0001

Adj Pr>F
G-G H-F
0.8186 0.8700

Adj Pr
G-6 H-F

v
o]

Adj Pr > F
G-G H~-F
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{Continued]
gource: Error (SEASON)

DF Anova SS Mean Square
8 24.200000 3.025000

Source: YEAR*SEASON
Adj Pr> F

DF Anova SS Mean Square F Value Pr>F G-G6 H-F
2 265.433333  132.716667 112,95 0.0001 0.0001 0.0001
Univariate Teste of Hypotheses for Within Subject Effects
Source: YEAR*SEASON*SES
adj Pr>F
DF Anova 88 Mean Square F Value Pr>F 6-6 H-F
2 0.433333 0.216667 0.18 0.8333 0.7592 0.8168
Source: Error (YEAR*SEASON)

DF Anova 88 Mean Square

16 18.800000 1.175000

Greenhouse-Geisser Epsilon = 0,7073

Huynh-Feldt Epsilon = 0.9221
Level of READ1 READ2
SES N Mean sD Hean SD
HIGH 5 61.8000000 1.92353841  52.8000000  4.14728827
LOW 5 58,0000000 2.23606798  43.4000000 2.60768096
Level of READ3 READ4
SES N Mean SD Mean SD
HIGH 5 61.2000000 2.58843582  56.8000000  4.43846820
LOW 5 57.2000000 2.38746728  47.8000000 1.78885438
Level of READ4 READS
SES N Mean sD Mean sD
HIGH 5 61.8000000 3.27108545  63.2000000  4.32434966
LOW 5 57,6000000 3.57770876  53.2000000  4.43846820
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We discuss the statistical results later, after two alternate programs have been
presented.

We now present the other two programs that anatyze this experiment without use
of the REPEATED statement. Here is a second method: We have arranged our data
50 that each line represents one celf of our design. In practice, this would be tedious,
but it will help you understand the last program for this problem in which all data for
asubject are read on one line and the data set is transformed to look like this one.
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DATA READ_2;

INPUT SUBJ
DATALINES; E8 § YRR smason ¢ mean;
1 HIGH 1 SPRING 61
1 HIGH 1 FALL 50
1 HIGH 2 SPRING 60
1 HIGH 2 FALL 55
1 HIGH 3 SPRING 59
1 HIGH 3 FALL 62
2 HIGH 1 SPRING 64

(more data lines)

! Tosimplify data entry (with the consequence of making the program more com-
Flcated) we can place all'the data for each subject on one line. As we have men-
loned before, since there is an alternative easier method (above), you may skip the

more elaborate program below an i ingi isti
ot g d not sacrifice anything in the way of statistical un-

Alternative Program for reading in the data for the

reading experiment j
| o with all the data for one subject on

DATA READ 3; e '
DO SES = 'HIGR','LOW'; ()
SUBJ = 0;
DON=1T05 @
SUBT + 1; @

DO YEAR = 1 10 3; @
DO SEASON = 'SPRING', 'FALL';
INPUT SCORE @; @
QUTPUT;
I
END;
END;
END;
DROP N;
DATALINES;
61 50 60 55 59 62
64 55 62 57 63 63
59 49 58 52 60 58
63 59 65 64 67 70
62 51 61 56 60 63
57 42 56 46 5450
61 47 58 48 59 5%
55 40 55 46 57 52
59 44 61 5063 60
58 44 56 49 55 49

( E: 1n tation is not nec Ty p
NO The de ati ( €Cessa It 1s used )
) as a visual aid to kee the D()

e
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This program is not as complicated as it may seem at first glance. Our data will
be arranged in the same order as they appear in the diagram of the experimental
design. All high-SES students will be read followed by the low-SES students. Each
student will have a spring/fall set of reading comprehension scores for each of the
three years.

The data are arranged with all the high-SES students followed by all the low-
SES students. The DO loop (@) sets the values of SES appropriately. The use of char-
acter values in a DO loop may be new to you. This very useful feature of SAS
software saves you the trouble of using numbers in DO loops and then formatting
the numeric values to the character labels. Since there are five students in each SES
group, the DO loop @ goes from 1 to 5. The sum statement @ will generate a subject
number from 1 to 5 (it gets reset after all the data values for the HIGH-SES subjects
have been read, statement @). Since the order of the data for each subject is YEAR,
SEASON, the two DO loops & and @ set the values of YEAR and SEASON before
reading in a score in line (. The trailing at sign (@) in @ is necessary to prevent the
pointer from going to a new line until all six scores have been read. The OUTPUT
statement @ will output an observation with the variables:

SES SUBJ YEAR SEASON READ

Note that the variable N is not included because of the DROP statement @. It
is not necessary to drop N; we simply don’t need it. We could leave it in the data set
and just not use it.

One final note: Be careful when using character values with DO loops because
if the length of the first value in the DO loop is shorter than the other levels, the pro-
gram will truncate the length of the character variable to the first length it encoun-
ters. To avoid this problem, either pad the first value with blanks to be equal to the
length of the longest value or use a LENGTH statement to define the length of the
character variable.

This ends the discussion of the alternative program.

Now, regardless of the SAS data statements you used, the ANOVA statements

will be the following:

C ‘ANOVA. DATA=READ_3; ‘
TITLE ‘Readlng Comprehengion Analysis';
".CLASS SUBJ SES YEAR SEASON;

MODEL’SCORE = SES SUBJ(SES)

SUBI(SES) - .
ON YEAR*SEASON*SUBJ(SES) ;




OQutput from this procedure is shown next:

_____ ?E)EJ?\_C_E“_"“" F VALUE PR > F
SES 13.54 0062
YEAR 26.91 0001
SEASON 224.82 0001
SES*YEAR 11 8962
SES*SEASON 37.08 '0003
YEAR*SEASON 112.95 :0001
SES*YEAR*SEASON 0.18 8333

Next are the means for e i
tateraat o ach of the main effects and two-way

Level of = -------eoo READ--=------~
SES N Mean SD
1 30 59.6000000 4.92425384
2 30 52.8666667 6.23523543
Level of = ----e--o-o READ--~-------
SEASON N Mean SD
1 30 59.6000000 3.22276386
2 30 52.8666667 7.26224689
Level of Level of me--
______ READ---==-- ==~

SES YEAR N Mean SD
1
: ; 10 57.3000000 5.63816361
: : 10 59.0000000 4.13655788
; X 10 62.5000000 3.68932394
2 ; 10 50.7000000 8.02842174
Z : 10 52.5000000 5.33853913

10 55.4000000 4.45221543
Level of Level of ~  -----o--.. READ----------
SES SEASON N Mean SD
i ; 15 61.6000000 2.47210817
: : 15 57.6000000 5.96178305
2 ; 15 57.6000000 2,61315354

15 48.1333333 5.06904706
Level of Level of =---

...... READ- -——- -
YEAR SEASON N Mean SD
i 1 10 59.9000000 2.80673792
; 2 10 48.1000000 5.83389510
2 1 10 59.2000000 3.15524255
2 2 10 52.3000000 5.71644800
; 1 10 59.7000000 3,91719855
2 10 58.2000000 6.69659947
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Problems 217

As before. we specify hypotheses and error terms with TEST statements follow-

ing our MODEL, and we include the appropriate error terms with the Duncan
requests.

Have our original ideas about “slippage™ been confirmed by the data?
First, let us examine each of the main effects and their interactions:
What conclusions can we draw from these results?

1. High-SES students have higher reading comprehension scores than low-
SES students (F = 13.54,p = .0062).

. Reading comprehension increases with each year (F = 2691, p = .0001).
However, this increase is due partly to the-smaller “slippage” in the later
years [see (5) below].

. Students had higher reading comprehension scores in the spring compared
to the following fall (F = 224.82,p = .0001).

. The “slippage” was greater for the low-SES students (there was a significant

SES*SEASON interaction F = 37.05, p = 0003).

“Slippage” decreases as the students get older (YEAR*SEASON is signifi-

cant F = 112,95, p = 0001).

(o=

w2

o~

wn

Repeated measures designs can be a powerfu} ally for the applied researcher.
They can also be a little bit tricky. For example, in our coffee study, even though we
randomized the order of first drinking the coffee with dinner or breakfast, there may
be an effect we’re overlooking. It may be that one (or all) of the brands take a little
“getting used to.” This could result in subjects preferring their second drinking of
the coffee (whether breakfast or dinner). We are ignoring this in our study and
maybe we shouldn’t be. Had we not randomized which drinking came first, we
would have confounded drinking order with MEAL. The best way to make sure that
you are getting what you want out of a repeated measures design is to consult a text
which deals solely with the design and statistical issues involved. (Winer does an ex-

cellent job of this.)

Problems

8-1. A marketing survey is conducted to determine spoct shirt preference. A questionnaire
is presented to a panel of four judges. Each judge rates the three shirts presented, of

three brands (X, Y, and Z). The data entry form s shown below:

MARKETING SURVEY FORM

Tudge [D C11

1.

2 Band(i=X, 2=Y, 3=7) []2
3. Color rating 9=Best, 1=Worst D 3
4. Workmanship rating 14
5. Overall preference D 5
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Write a SAS program to describe these data and to perform an analysis of variance.

An index is computed as follows:
Treat the ratings as interval data. Remember that we have a repeated measures design.

INDEX= (3*OVERALL PREFERE
NCE + 2*WORKMAN!
COLOR RATING) / 6.0 S

The collected data follow:

. The same data as in problem 8-2 are to be analyzed. However, they are arranged so thal
the four ratings from each judge are on one line. Thus, columns 1-3are for the judge 1D,
column 4 is the rating for New York, column 5 for New Orleans. cotumn 6 for Chicago.
and column 7 for Denver. Our reformed data are shown below:

11836

21747

31767

41846 0018685

12635 0025654

22534 0037464

32546 0047573

42436

13988

23877 , , ,

33978 Write the DATA staterments to analyze this arrangement of the data. You will need to

43887 create a variable for CITY and to have one observation per city. Also run these data using
the REPEATED statement of PROC ANOVA. How do the two solutions compare?

.4, A study is conducted to test the area of nerve fibers in NORMAL and DIABETIC rats.
A sample from the DISTAL and PROXIMAL ends of each nerve fiber is measured for
each rat. Therefore, we have GROUP (Normal versus CONTROL) and LOCATION
(Distat versus proximal) as independent variables, with Jocation as arepeated measure
(each rat nerve is measured at each end of the nerve fiber). The data are shown below:

threngglﬁze u[:l; gczl:;lra!ing%workmanship, overall preference, and index among the
: , ysis of variance. (Hivt: This i i
€ach judge rates all three brands) (s s repeted measres o

8 . —
2. Ataste test is conducted to determine which city has the besi-tasting tap water. A pane]

of four judges tastes ¢ iti
o ach of the samples from the four cities represented. The rating S

scale is a Likert scale with 1 = _
N ale with 1 = worst t0 9 = best, Sample data and the coding scheme 1 34 38
Normal 2 B 38
3 38 48
COLUMN  DESCRIPTION 4 R 8
1'3 udge idefniﬁcation number 5 #“ 0
Ciy code: Disbetic 6 52 8
1= New York,2 = New Orleans 7 46 %
5 ; = Chicago, 4 = Denver 8 54 50
ste rating, 1 = worst 9 = best
Data: Write a SAS program to enter these data and run a two-way analysis of variance, treat-
ing the location as a repeated measure. Use the REPEATED option for the LOCA-
TION variable. Is there any difficulty in interpreting the main effects? Why?
00118 , What's wrong with this program?
00126
00138
00145
00215 1 DATA FINDIT;
00226 2 DO GROUP='CONTROL', 'DRUG’ ;
00235 3 DO TIME='BEFORE', 'AFTER';
00244 4 DO SUBJ=1 TO 3;
00317 5 INPUT SCORE @;
00324 6 END;
00336 7 END;
00344 8 END;
00417 9 DATALINES;
00425 10 13 15 20 (data for subject 1) Order is CONTROL TIME 1,
00437 12 14 16 18 (data for subject 2} CONTROL TIME 2, DRUG TIME 1,
00443 15 18 22 28 (data for subject 3) and DRUG TIME 2
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[Continued)

10 PROC ANOVA DATA=FINDIT;
11 TITLE 'ANALYSIS OF VARIANCE' ;
12 CLASS SUBJ GROUP TIME; '
iz MODEL SCORE = GROUP SUBJ (GROUP)
TIME GROUP*TIME TIME*SUBJ (GROUP) ;
i: TEST H=GROUP E=SUBJ(GROUP); '
TEST H=TIME GROUP*TIME E=TIME*
= SUB H
17 MEANS GROUP|TIME; e
18 RUN;

Nore: The comments within parentheses are not part of the program.

v p—————_—

CHAPTER

Multiple-Regression Analysis

A. Introduction

B. Designed Regression

C. Nonexperimental Regressiott

D. Stepwise and Other Variable Selection Methods
E. Creating and Using Dummy Variables

F. Logistic Regression

A. Introduction

Multiple-regression analysis is a method for relating two or more independent
variables to a dependent variable. While the dependent variable (the variable
you want to predict) must be a continuous variable (except with logistic regres-
sion), the independent variables may either be continuous or categorical vari-
ables such as “gender” or “type of medication.” In the case of categorical
independent variables, we need to create “dymmy” variables rather than using
the actual character values (more on this later). If all of your independent vari-
ables are categorical (or most of them) you may be better off using analysis of
variance techniques.

There are two rather distinct uses of multiple regression, and they will be ad-
dressed separately. The first use is for studies where the levels of the independent
variables have been experimentally controlled (such as amount of medication and
number of days between dosages). This use will be referred to as “designed regres-
sion.” The second use involves settings where a sample of subjects have been ob-
served on a number of naturally occurring variables (age, income, level of anxiety,
etc.) which are then related to some outcome of interest. This use of regression will
be referred to as “nonexperimental regression.”

Tt is fairly easy to misuse regression. We will try to note some popular pitfalls,
but we cannot list them all. A rule of thumb is to use your commeon sense. If the re-
sults of an analysis don’t make any sense, get help. Ultimately, statistics is a tool em-
ployed to help us understand life. Although understanding life can be tricky, it is not
usually perverse. Before accepting conclusions which seem silly based on statistical

22
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analyses. consult with a veteran data analyst. Most truly revolutionary results from
data analyses are based on data entry errors.

B.  Designed Regression

Imagine a researcher interested in the effects of scheduled exercise and the use of 3
stimulant for weight loss. She constructs an experiment using 24 college sophomores
where four levels of stimulant and three levels of exercise are used. There are 24 sub-
Jects in the experiment and each is randomly assigned to a level of exercise and stim-
ulant such that two students are in each of the 12 (3 X 4) possible combinations of
exercise and stimulant. After 3 weeks of participation, a measure of weight loss
(post — pre weight) is obtained for each subject. The data for the experiment might
look as shown below:

Data for Weight Loss Experiment

Subject  Stimulant  Exercise Weight Loss
(mgiday)  (hriweek) (pounds)

1 100 0 3
2 100 0 0
3 100 3 4
4 100 5 %
5 100 10 9
6 1o 10 -14
7 200 0 5
8 200 0 -
9 200 5 i
10 20 5 3
1 200 -9
12 200 3
13 30 0 1
i 30 0 0
15 00 3 3
16 300 5 3
n 300 10 3
18 300 10 1
19 400 0 5
20 0 0 N
21 400 5 4
2 400 5 %
5 400 10 -9
2 400 10 -

These data can be analyzed either asa 3 X 4 analysis of variance, or as a two-
variable multiple regression. The regression approach typically assumes that the ef.
fects of exercise and medication increase linearly (i.e.,ina straight line);the ANOVA
model makes no such assumption. If we use the multiple-regression approach, the
following program will provide the desired results:
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DATA REGRESSN;
INPUT ID DOSAGE EXERCISE LOSS;

DATALINES;

1100 0 4
2100 00
3 100 5 -7

(more data lines)

N

ROC REG DATA=REGRESSN; . Lo
’ TITLE 'Weight Loss Experiment - Regression BExamp

MODEL LOSS = DOSAGE EXERCISE / P R;
RUN;
QUIT;

The first three lines create the data set. PRQC REG perforr:ils a VI::;I(:; Zig:it;fbcl)s
egression models. The MODEL statement indicates that Fhe epe:1 o
Etge one to the left of the equals sign) is LOSS, and Fhe two mdég?G]cénand ]E:)XER.
CRE T ot t(()i tl}: . i(;\f! tttl];tev[igavlja;ltg :3egiit5d values and residuals
ions “P” and “R” specify :

E)I?)E.:(;h;;litelg. Note the use of a QUIT statement at the end of_ (;E;Se gigcgéi}‘lir:-.
e
termg e';}LT:SC:S:CTS;?;;SSi;ﬁbIEM adsditional statements (new models, for e:
g:r(l);lee)fl"rfhe top line of ihe SAS Display Managt.:r will continue to Us?](““svt;ltl: H;I)ggtc !
dure “Running” until a new procedure i§ submitted or gntdla Q

submitted. The use of a QUIT statement is therefore, f)ptlona .

The output from this program is presented below:

Weight Loss Experiment - Regression Example

Model: MODEL1
Dependent Variable: 1088

Analysis of Variance

Sum of Mean
ob>F
Source DF Squares Square F value Pr

.0005
Model 2 162.97083 81.48542 11.185 0.0
Error 21 152.98750 7.28512

C Total 23 315.95833

Root MSE 2.69910 R-x?q-uare gi:g:
Dep Mean -5.45833 Adj R-8Q .
cC.v. -49.44909
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Parameter Estimateg

model (81.485) is the sum of squares (162.971) divided by the degrees of freedom for
the model (2). This mean square is then divided by the mean square error (1.285)to

raduce the F-statistic for the regression (11.185). The p-value for thisis reported as
0005, “C TOTAL” means “corrected total” and indicates the total degrees of free-
ble. I regression, the

Vari Parameter Stan
able DF  patimate Py for HO: . o (23) and sum of squares (315.958) inthe dependent varia
INTERCEP 1 -2.562500 1.5 i Frob> 7] corrected total degrees of freedom is always one less than the total sample size since
;’g:gfs 1 o.001167 o 032:;‘7’:2 -1.698 0.1042 one degree of freedom is used to estimate the grand mean. The ROOT MSE (2.699)
E 1 -0.637500 0.13495433 0.237 0.8151 stands for the square oot of the mean squaré error and represents, in standard de-
-4.724 0.0001 viation units, the variation in the system not attributable to EXERCISE or
is simply the mean of the dependent variable

DOSAGE. DEP Mean (-5458)
(LOSS). The R-SQUARE (5158) is the square of the multiple correlation of

EXERCISE and DOSAGE with LOSS. It is the proportion of variance in LOSS ex-
endent variables. ADJ R-8Q (4697) is the ad-

Dep Var Predict
8td Err
Obs  LOSS Std E
Vi i : rr St
alue Predict Residual Residual Res:g::;: 2-1-0 1 Cook’g
cami- 2
*

1 -4,0000 -2.445
-4458 1,142 -
2 0 2.4 1.5542 2,445
4458 1,142 ) -0.636
~7.0000 -5,6333 2.4458 2,445 1,000 ** gg;’ plained by (attributable to) the indep:
" justed R-square. The adjusted R-square takes into account how many variables were
ers the estimate of explained variance. CV.

922 -
ke i oam)
920360 2.537  -0.145 3.013
142 -5.1792 2'445 2 1te ’**** 0.001
A s A5 2,118 | eees 0'56‘
05 2.6700 2.543  -1,050 " N
205 0,522 2,543 0.129 0 o
o o.sle 2.631  0.196 * oo
o _0.2953 2.631  -0.944 oo
06 -0.2850 2,543 -0.116 o
315 -0.285 2,543 -0.116 o
o 2.2125 2.543  1.263 v o
20 22 5 2.543 0,870 * 0 03
2, 000 2,631 0.912 ' e
2.4000  2.631  0.912 » 3'015
.015

used in the equation and slightly low
(-49.449) stands for coefficient of variation and is calculated by dividing the ROOT

MSE by the mean, and multiplying by 100. The V. is sometimes useful when the

mean and standard deviation are related (such as in income data).
The bottom part of the output shows us, observation by observation, the actual
LOSS, the predicted value and the difference between the two (residual).In addition,

the column labeled “Student Residuals,” expresses the residual as a t-score and
Cook’s D is a distance measure that helps us determine how strongly a particular data
point affects the overall regression. Large absolute values of D (2 or more) indicate
possible problems with your mode! or data points that require some careful scrutiny.

Having explained the terms in the analysis of variance table for the regression,
meaning we can infer. Basically, the table indicates that the in-

3
4 -6.0000 -5.6333
5 -2.0000 -8.8208
6 -14.0000 -8.8208
7 -5.0000 -2.3292
8 -2.0000 -2,3292
9 -5.0000 -5.5167

10 -8.0000 -5.5167

11 -9.0000 -8.7042

12 -9.0000 -8.7042

13 1.0000 -2,2125

u 0 -2.2125

15 -3.0000 -5.4000

16 -3.0000 -5.4000

RO o
. oo
coocoocoo

o Sok P oor

17 -8.0000 -8,
e o o.00 et summarize
-5.0000 -2.095 ) e 543 -1.342 . . et’s summarize what

:2 ::-gggﬂ -2.095§ 'ig :i::g:g 2 :‘41: -1.188 .: gg;g fiependent variables were related to the dependent variable (since t.he.F was sigpif-
22 _6:0003 :22233 922 12833  2.537 _g';zz * 0.044 | icant at p=.QOOS). Furthermore, we find that about 50% of the variation 1n welght
23 -9.0000 g :470: 822 -0.7167  2.537 -0.283 * 0.011 4 loss is explamed by the two e).(p.enment_al treatments. Many researchers are more in-
24 -7.0000 -g.4708 122 -0.5292 2.445  -0.216 0.00¢ terested in the R-square statistic than 1n the p-value since the R-square represents
(142 1.4708 2,445 0.601 . 0.003 an estimate of how strongly related the variables were. The bottom half of the print-

zu“: Z: :esiduals 0 0.026 out contains the estimates of the parameters of the regression equation. Three para-
quared Residuals 152.9875 meters are estimated: (1) the intercept, of constant, term (2) the coefficient for
DOSAGE, and (3) the coefficient for EXERCISE. Each parameter estimate was
based on one degree of freedom (always the case in regressions). For each parame-

P
redicted Resid 8§ (Press) 212,0359

s estimated along with a t-statistic and a p-value for
ly the parameter estimate divided by its standard
 of degrees of freedom for the error term (21 for

ter estimate, a standard error wa
the t-statistic. The t-statistic s simp
error, and it is based on the numbe:

NOTE The ou
tput 1s t 0l y
p 1 mﬂcﬂted somewhat SO thﬂt 1t ﬁtS convenient] on the pa
ge

width.
The outy ins wi i
would b Sl;iat;edgalilj ;vll\tll(l)an analysis of variance table, which looks much as i
i s mode oo d A VA. We can see that there are two degrees of fi gs lt
ottt f(;r T ! Sr_lnce thRCISE and one for DOSAGE. There is only oner(ei:goem
e regression esti i ight li o
able ’;}E:ther than estimating a number of celllnrl:::i;: shelstrightlnefoeach v
€ sum of squares for the model (16, :
_ 1 0f sq 2.971) tell iati
weight loss is attributable to EXERCISE and)DO;,zsC?Igv’vl;n: fn?e(;fnﬂsle VﬂﬂanOﬂ .
. quare for the

this example).

This half of the printout tells us that it was really EXERCISE that caused the
weight loss. The regression coefficient for DOSAGE is not statisticaily significantly
different from zero (p=.8151). The fact that the intercept was not significantly dif-
ferent from zero is irelevant here. The intercept merely tells us where the regression
line (or plane, i this case) crosses the y-axis, and does not explain any variation.

At this point, many researchers would run a new regression with DOSAGE
eliminated, to refine the estimate of EXERCISE. Since this was a designed experiment,
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we would recommend leaving the Tegression as is for purposes of reporting, Drop-
Ping DOSAGE won't affect the estimated impact of EXERCISE since DOSAGE
and EXERCISE are uncorrel -When the independent variables in 4

C. Nonexperimental Regression

Many, if not most, regression anal

Y8es are conducted on data sets where the inde-
pendent variables show some de

gree of correlation, These daga sets, resulting from

,itis near Certainty,
2 good text in this area (Pedhazur’s Multiple R
excellent) or with a statistical consulta
regression analysis for nonexperiment;

We strongly urge consultation with
egression in Behavioral Research is

nt. Having made this caveat, let’s venture into
al data sets,

The Nature of the Data, There are many surface similarities betweeg exper-
imental and nonexperimental

data sets, First, there are one of more outcome or
dependent variables, Second, there are severa] independent variables (sometimes
i Tence here is that the independent variables ae

- This is because in honexperimental studies one defines
a population of interest {people who have had heart attacks, sixth grade students,

etc.), draws a sample, and measures the variables of interest, The goal of the study js
usually to explain variation in the dependent variable by one or more of the
independent variables, So far it sounds simple.

The problem is that correlation among the independent variables causes the re-
gression estimates to change depending on which independent variables are being
used. That is, the impact of B on A depends on whether C is ip the equation or not,
With C omitted, B can look very influential. With ¢ included, the impact of B can

ason for this is as follows: A Tegression coefficient ells

us the unique contribution of an independent variable

is, the coefficient for B tells u
any other variable. If B is the o
we add C,and if B and C are ¢
be changed. Let's see how thi

The subjects are a random sample of sixth

grade students from Metropolitan
City School District, The following measures ha

ve been taken on the subjects:
1. ACHé: Reading achievement at the end of sixth grade,.
2. ACHS: Reading achievement at the end of fifth grade,

AR W
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i in the fifth grade.
: ure of verbal aptitude taken in _ N
; APT:Q ﬁzzzure of attitude toward school .taken in ﬁf‘tilsl i;&; s ety
: ‘S\IT&)ME' A measure of parental income (in thousan
5. :

| data.
Our data set is listed below. (NoTE: These are not actua )

INCOME
ID  ACH6 ACHS APT  ATT

T s 66 14 8 .
2 6.9 60 116 p 3
s 12 60 B 6 o
4 65 0 B
s 61 148 2
6 66 3 18 3 19
11 52 03 48 0
8§ 65 44 2 @

9 6§ 2
0 2 s 5
w65 46 8 ;2 2
7 58 43 o © 30
B 61 48 100 36
5 42 s 8 31
5§y 43 ﬁ 3
L O »
A S R
18 48 41 % o £
B4 mew o
» 46 6B

The pu1 POSe of the st dy Isto ulldel Sta]ld Whﬂt ullde[hes the readmg achle vement
he stug
Of the Studellts n the dlStIlCt. Ihe fo HO lllg pIOgr am was ritten o aﬂal) 8 the data'

. have spec-
By using the SELECTION=FORWARD oApcnﬁg osf g}:gfpﬁggr :mZble,ind
y . i a .
) . be run with S . be
sty z;’fl(")rx;flg l;1engdreISI‘Islg(l)lslvltlg az independent variables. Each variable will
ACHS, APT, AT,
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tested, and the one that produces the largest F-value will be entered first (if the
p-value for entry is less than the specified or default value). Since we did not specify
a criteria for entry into the model. the default value of 50 is used. If we want to
change the p-value for entry o the model, we can include the MODEL option
SLENTRY= our p-value, Although we did not choose to show it, we could run a
stepwise regression (where variables that enter the model can also leave the mode]

Nonexperimental Design Example
i 6
Forward Selection Procedure for Dependent Variable ACH

= 1.87549647
gtep 1 Variable ACH5 Entered R-square = 0.66909805 c(py=1

F Prob>F
- " f Squares Mean Square
later) where we can specify both entry leve] p-value (with SLENTRY = our p-value) DF Sumof Squ
and a p-value for staying in the mode| (SLSTAY= our-p-value). For selection . 1 12.17624633  12.17624633  36.40  0.0001
method STEPWISE, the default entry and staying p-values are both 15, Regre;zizlrl 18 6.02175367 0.33454187
We also want to run the model using the MAXR technique. Before examining Total 19 18.19800000
the output, we should discuss briefly stepwise regression and nonexperimental data, 11
Parameter Standard Type F  Probs>F
iable Estimate Error Sum of Squares
1} N . Varl
D. Stepwise and Other Variable Selection Methods 2.17866266  6.51  0.0200
INTERCEP  1.83725236 0.71994457 1217624633 36.40 0.0001
As mentioned earlier, with nonexperimental data sets, the independent variables are ACHS 0.86756297 0.14380353 :
not truly “independent” in that they are usually correlated with one another. If these 1 1
4 ) ; ; : .
correlations are moderate to high (say 0.50 and above), then the regression coeffi- Bounds on condition number

cients are greatly affected by that particular subset of independent variables that are
in the regression equation. If there are 4 number of independent variables to con-
sider, coming up with the best subset can be difficult, Variable selection methods, in-

=1.76460424
Step 2 Variable APT Entered R-square = 0.70817380 cip) = 1.7

DF Sum of Squares Mean Square P Prob¥
cluding stepwise, were developed to assist researchers in arriving at this optimal _ 12.88734675 6.44367337  20.63  0.0001
subset. Unfortunately, many of these methods are frequently misused. The problem Regression 2 511065325 0.31239137
is that the solution from purely statistical point of view is often not the best froma Error i; 18.19800000
substantive perspective. That is, a lot of variance is explained but the regression Total o
doesn't make much sense and isn’t very useful. We'll discuss this more when we Parameter Standard : :g:res P ProbsF
examine the printou, Variable Estimate Error Sum o

Stepwise regression examines a number of different regression equations, Basi- 4269963 1.05397972 0.11615840  0.37  0.5501
cally, the goal of stepwise techniques is to take a set of independent variables and put INTERCER g g 2475202 0.16813652 5.80435251 18, 5: g . ggg;
them into a regression one at 1 time in a specified manner unti] ajl variables have :g:s 0:018 24901 0.01209548 0.71110042 2.2 .

been added or until a specified criterion has been met, The criterion is usuaily one of
statistical significance or the improvement in the explained variance,

SAS software allows for a number of variable selection techniques. Among
them are:

.855938
Bounds on condition number: 1.463985, 5.85593

g g SSCI,theH ﬁﬂdS the best one to

add to what exists; the next best, etc,

2. BACKWARD: Starts with ali variables in the equation, then drops the worst
one, then the next, etc,

6
Summary of Forward Selection Procedure for Dependent Variable ACH

Variable Number Partial Model

Step Entered In R®2 R*2  C(p) P ProbF
3. STEPWISE: Similar to FORWARD except that there is an additional step 0.6691  0.6691 1.8755 36.3968  0.0001
where all variables in each equation are checked again to see if they remain 1 AcHS ; 0.0391  0.7082 1.7646  2.2763  0.1497
significant after the new variable has been entered. ? A
4. MAXR: A rather complicated procedure, but basically it tries to find the
one-variable regression with the highest rsquare, then the two-variable re-
gression with the highest r-square, etc.,
5. MINR: Very similar to the MAXR, except that the selection system is
slightly different,
Now, let's examine the printout from the program: 229
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Maxi. -
stepm;xm ‘l; at.zuare Improvement for Dependent Variable ACH6
ariable ACH5 Entered R-square = 0.66909805

[Coulinued]

the above model is the best 3-variable model found.

The above model is the best 2-variable model found

C(p) = 1.87549647

DF Sum of
) Squares Mean Square F  ProbsF step 4 Variable INCOME Entered R-square = 0.72232775 C{p) =5.00000000
egression 1
12.176
Error 18 § 24633 12.17624633  36.40  0.0001 DF Sum of Squares Mean Square F  ProbsF
Total 19 18-22;35367 0.33454187
117800000 Regression 4 13.14492048 3.28623012  9.76  0.0004
Parameter Standa Error 15 5.05307952 0.33687197
Variable - andard Type 11
Estimate Error Sum of Squares F brobor Total 19 18.19800000
iCNESRCEP 1.83725236 0.71994457 217866266 Parameter Standard Type II
0.86756297 0.14380353 12:17624633 3523 ggggo variable Estimate Error Sum of Squares F  Probs>F
. . 1
B .
Jounds on condition nunber: 1, 1 INTERCEP  0.91164562  1.17841159 0.20161506  0.60 0.4512
________________________________________________ ACHS 0.71373964 0.18932981 4.78747493 14.21 0.0019
The above model is the best 1-variable model fomd. APT 0.02393740  0.01419278 0.95826178  2.84 0.1124
Step 2 Vari ; ATT -0.02115577 0.02680560 0.20983199  0.62 0.4423
ariable APT Entered R-square = 0.70817380 C(p) = 1.76460424 INCOME 0.00898581 0.01141792 0.20864378  0.62 0.4435
DF
Sum of Squares Mean Square F  ProbsF pounds on condition number: 2.431593, 31.79315
I 4 B
12.8
Error 17 5 Sratens 6.44367337  20.63  0.0001 The above model is the best 4-variable model found.
Total 1 SIS 0.3123913)
-19800000 No further improvement in R-square is possible.
Variable P:::ﬁ::: Sta;dard Type II
Iror Sum of S . . .
INTERCEP  0.642699 quares F Prob>F Since a forward selection was requested first, that is what was run first. Instep 1,
ACHS 0:72475233 3.25397972 0.11615840  0.37  0.5501 the technique picked ACHS as the first regressor since it had the highest correlation
APT 0.01824901 0 'ofgéggiﬁ 5.80435251  18.58  0,0005 with the dependent variable ACH6. The r-square (variance explained) is 0.669, which
Sounds : 0.71110042  2.28 0.1497 is quite high. “C,” s a statistic used in determining how many variables to use in the
________ on condition mumber: 1.463985,  5.855938 regression. You will need to consult one of the references in Chapter 1 or see your
---------------------------------------- friendly statistician for help in interpreting Mallow’s C, statistic. The remaining sta-

tistics are the same as for the PROC REG program run earlier. On step 2, the tech-
nique determined that adding APT would lead to the largest increase in rsquare. We

Step 3 Variable ATT Entered R-square =
i o 0.71086255 C(p) = 3.§1935632 notice however, that rsquare has oply moved frgm 0.6§9 o (.708, a slight incrf:a.se‘
quares Mean Square F  ProbsF Furthermore, the regression coefficient for APT is nonsignificant (p=.1497). This in-
:mession 3 12.93627670 4.31209223 dicates that APT doesn’t tell us much more than we already knew from ACHS. Most
T;::i ig 5.26172330 0.32885771 13.11 9.0001 researchers would drop it from the model and use the one-variable (ACHS) model.
18.19800000 After step 2 has been run, the forward technique indicates that no other variable
Parameter Standard would come close to being signiﬁcant. In fact, no other \{ariable wpuld have.a ;_)-_value
Variable Estimate Error § Ype II Jess than .50 (we usually require less than 05, although in regression analysis, it is ot
un of Squares F  ProbsF uncommon to set the inclusion level at 10).
INTERCEP  0.80013762 1 -
ACHS 074739930 0.;;586303 0.15758855  0.48  0.4987 _Tne MAXR approz}ch finds the best one-.vanabk model,}then.the best two-
APT 001972808 ) .01222222 5.53198200 16.82 0.0008 variable mgdel, etc., until the full model (all vapables included) is estimated. As can
ATT ~0.00797735 0.02068119 33323597 2,31 0.1483 be seen, with these data, both of these techniques lead to the same conclusions:
sound . . 995  0.15  0.7048 ACHS is far anq away the .best predlcFor; itis a strong predictor; and no other vari-
‘\ '8 on condition mmber: 1.633564,  14.15998 ables would be included with the possible exception of APT.
------------------------------------------------ There is a problem here, however. Any sixth grade teacher could tell you that the
230 J best predictor of sixth grade performance is fifth grade performance. But it doesn’t
A T
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?SIII\X ée\ilﬁoﬁrli énHugh el;e. It might be more helpful to look at APT, ATT, and IN
Inthe regression. Also, it could be useful to mak ACH -
pendent variable and have APT ATT and Il\vl o Ol o s
! variabic and Al COME be regressors. Of ¢ his i
suggesting quite a bit in the way of regresgj i essiontechniou
' AL Ay of regressions. There is another regression techni
Kgl(c)}bii;agy ffcnl{tates looking at a large number of possibilities quickly. This is1 ?ll::,
ook rse; ;cuon mleth;)d of PROC REG. The RSQUARE method will give us
: -Square value for every one, two. three n inati
variables in the independent variable lig e followinglineswill, e
: : t The followinglines will generate all of the re-
gressions mentioned so far as well as the model with ACHS asthe dependent Sariaebliz

PROC REG DATA=NONEXP;

zgg:i :gz: j :xgx ATT APT ACHS / SELECTION=RSQUARE;
- ATT APT / SELECTION=RSQUARE;

The output from PR : .
next put from PROC REG with RSQUARE the selection option is shown

N=20 Regression Models for Dependent Variable: ACH6
Number in R-square Vari i
s ariables in Model
1 0.66909805 ACH5
1 0.38921828 APT
1 0.18113085 ATT
_1 ______ 0,10173375 INCOME
2 0.70817380 AP_T“A_(;HS
2 0.66964641 INCOME ACHS
2 0.66917572 ATT ACHS
2 0.45629702 INCOME APT
2 0.40687404 ATT APT
“"_2___ 0.18564520 INCOME ATT
3 0,71086255 ATT A_PTA-CHS
3 0.71079726 INCOME APT ACHS
3 0.66967022 INCOME ATT ACHS
_.___3 _______ 0.45925077 INCOME ATT APT
_'"fl__““_-o_._7_2_2_32775 INCOME ATT A'P—T_ ACH5
N= i
20 Regression Models for Dependent Variable: ACHS
Number in  R-square Variab i
e les in Model
1 0.31693268 APT
0.26115761 ATT
Ll _____ 0.13195687 INCOME
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[Contiuued]
2 0.41273318 INCOME APT
2 0.38784142 ATT APT
2 0.26422291 INCOME ATT
3 0.41908115 INCOME ATT APT

The top part contains all of the RSQUAREs for every possible one-, two-,
three-, and four-variable regression with ACHS as the outcome variable. It is possi-
ble to glean quickly, 2 lot of information from this table.

Let us say that you have just decided that you don’t want ACHS as a regressor.
You can see quickly from the one-variable regressions that APT is the next best re-
gressor (r-square=.389). The next question is, “What is the best two-variable regres-
sion?” and “Is the improvement large enough to be worthwhile?” Let’s look at the
two-variable regressions which have APT in them:

APT + ATT = . 407
APT + INCOME = .456

R-square for

(Remember, we're eliminating ACHS for now.)

APT and INCOME is best, and the gain is .067 (which is equai to 0.456 - 0.389).
Is a 6.7% increase in variance explained worth including? Probably it is, although it
may not be statistically significant with our small sample size. In explaining the re-
gressions using ACHS3 as an outcome variable, we can see that APT and INCOME
look like the best bet there also. In interpreting these data, we might conclude that ap-
titude combined with parental wealth are strong explanatory variables in reading
achievement, It is important to remember that statistical analyses must make substan-
tive sense. The question arises here as to how these two variables work to influence
reading scores. Some researchers would agree that APT is a psychological variable
and INCOME is a sociological variable and the two shouldn’t be mixed in a single re-
gression. It’s a bit beyond the scope of this book to speculate on this, but when running
nonexperimental regressions, it is best to be guided by these two principles:

1. Parsimony: Less is more in terms of regressors. Another regressor will al-
ways explain a little bit more, but it often confuses our understanding of life.

2. Common Sense: The regressors must bear a logical relationship to the de-
pendent variable in addition to a statistical one. (ACH6 would be a great
predictor of ACHS, but it is a logical impossibility.)

Finally, whenever regression analysis is used, the researcher should examine the
simple correlations among the variables. The statements below will generate a cor-
relation matrix among all the variables of interest:
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The output from running this procedure js:

Pearson Correlation Coefficients / prob » IRl under Ho: Rhos

/ N=20

APT ATT ACHS ACHE INCOME

APT 1.
0?8000 06‘37‘1 0.56297 0.62387 0.09811
0256 0.0098 0.0033 0.6807

ATT 0.
043'27;;. 1603000 0.51104 0.42559 0.62638
. 0.0213 0.0614 0.0031

ACHS 0.56297 0.5110
. 4 1.00000 0.81798
0.0098 0.0213 0.0 0.0001 00316.:;:

ACHE 0.62387 0.4255
. 9 0.81798 1.00000
0.0033 0.0614 0.0001 0.0 0631-;32

INCOME  0.09811 0.6263
. 8 0.36326 0.31896
0.6807 0.0031 0.115¢4 0.1705 1603000

o mé?n eo);aen;g:;u]oen of the sgnple correlations often leads 10 a better understanding

by goot Corre;l) X regression analyses. Here we can see why ATT, which shows a

e iond ation with ACHS6, was never included in a final model. It is hipht
dto INCOME (r = 626) apd also to APT (r = 497). Whatever rela(ionsh%p i)t,

These are a little too comy i
. plex to discuss here, However the
‘ ¢ to . , they can be spotted
v;i::eble s not sxgmﬁganF]y correlated with the dependent varjable bul: in ‘t:hewrgi?;
pie regression has a significant regression coefficient (usually negative). You should

gethelp (from Pedhazur or f ith i
! T Irom another text or a consultant) with interpreting such

E. Creating and Using Dummy Variables

levels, such as gender, this is ve
, ry easy. You code the dummy vari i
g y variable as ejth
ugﬁ::%E[ or NfOT FEMALE (or MALE versus NOT MALE). It is traditionlal f(:
atues of ( and 1 for these dummy variables, So, if You have a variable called

GENDER with values of ‘F' and ‘M’
Tollowing s and ‘M’ you would create a dummy variable with the

IF GENDER = '§1 THEN DUMMY G =1;
ELSE IF GENDER = 'M' THEN DUMMY G = 0;

When  this dummy variable is used i
' I 2 regression, the coefficient
DUMMY _G will show how much to add or subtract (if the coefficient s néggtiv:)f

R —
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from the predicted value of the dependent variables if the subject is a female. The
reason for this is that we have chosen the 0 level for males which makes the males
the “referrence” level (anything times 0 is still 0). A compact SAS statement to

create DUMMY _G would be:
DUMMY_G = INPUT (TRANSLATE(GENDER,'01','ME'),1.);

See Chapter 17 for an explanation of the INPUT function and Chapter 18 for an
explanation of the TRANSLATE function. This statement is not preferrable to the
two lines above (we actually prefer the two-line method) but it is useful if you want
to impress your boss! 4

What do you do when your independent categorical variable has more than two
levels? You choose one of the levels as your “reference” and create k-1 dummy vari-
ables where k is the number of levels for your categorical variable. As an example,
suppose a variable RACE has levels of ‘WHITE’, ‘AFRICAN AM’, and ‘HIS-
PANIC'. Arbitrarily choosing WHITE as the referrence level, you would create two
dummy variables, one representing African American or not; the other representing

Hispanic or not. Here is one way to code this:

'This code assumes that if the value of RACE is missing, the dummy variables
will be set to 0. Instead, you may want to set the dummy variables to missing when
RACE is missing, To do this, modify the lines above like this:

" IF RACE = 'AFRICAN AM' THEN.AF MM=1;
ELSE IF RACE NE ' ' THEN AP AM«0;-
IF RACE = 'HISPAMIC' THEN HISPANIC =
ELSE IF RACE NE ' ' THEN

You may find it impractical to create dummy variables for categorical variables
with a large number of values.

E  Logistic Regression

When you have a dependent variable with only two levels (such as dead/alive;
sick/well), multiple-regression techniques are not appropriate. Suppose you coded
your dependent variable as a 1 for SICK and a 0 for WELL. You would like the
Tegression equation to predict a number between 0 and 1 which could be inter-
preted as the probability that the subject was sick or well. However, using the
multiple-regression methods described in the sections above, the prediction equa-
tion could result in negative values or values greater than 1. This would be difficult

to interpret.
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A regression method called logistic regression was developed to handle this
problem. Logistic regression uses a transformation (called a logit) which forces the
prediction equation to predict values between O and 1. A logistic regression equatiop
predicts the natural log of the odds for subject being in ane category or another, I
addition, the regression coefficients in a logistic regression equation can be used to
estimate odds ratios for each of the independent variables,

Although the details of logistic regression are beyond the scope of this book, we
will demonstrate several ways to run logistic regression with the following data set,

We have recorded the age, vision status, driver education status, and accidep
status (did the subject have an accident in the past year?) of a number of individy.
als. The sample data, stored in a data set called C:\APPLIEDIACCIDENT.DTA is
listed below (0 = No, 1 = Yes)

Accident Statistics Based on Age, Vision, and Driver’s Education:
Accident in Vision Driver

PastYear?  Age  Status  Education
——— 8 AS  Zducaion
i 17 1 1

0 0
1 1 0
1 0 0
1 1 X
0 0 .
0 i )
0 0 0
0 0 X
0 0 X
0 i 0
0 0 .
0 1 |
0 0 0
0 0 X
1 1 0
1 1 0
1 0 0
1 48 1 1
1 0 0
1 h |
1 1 0
1 0 ;
1 i 0
1 . 0
0 i .
0 1 "
0 0 0
0 0 |
0 1 0
0 0 0
0 0 X
0 0 |
0 0 0
0 0 X
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[Continued]
ident i Vision Driver
?’:z:d;:;rl; Age  Status  Education
1 61 1 0
1 19 1 0
1 69 0 ¢
1 2 1 1
1 19 0 0
1 n 1 1
1 % 1 0
1 3 0 1
1 16 1 0
1 61 1 0

i i dict
im is to see if age, vision status, and driver edl}catlon can be useci ;?ep;es A :
i Ourt?'mclt had an accident in the past year. Be}ow isa progrlz:m to ICIIS e aSA
it LOGISTIC which includes the variables listed a ove p et
datfl b CallegEGROUP YOUNG, and OLD) which wilil be usgd in la(de'r sections.
ﬁnatt)ie;rﬁms toruna f,orward stepwise logistic regression are included:
e s

TOgT :\APPLIED
J : LOGISTIC.SAS in C
?urpo::-u‘;!one dem.omtrate logistic regression

e; June 6, 1996 . U

“AAIIU'E TGEGRi d <=65'
0UP0 = ' < =20 an
’ ~V’ ¥ 1="'<20 or »65';

VALU‘E: N 0= 'No Problem'
Vs 1= 'Some Problem';

JUE YES_NO 0= 'No’
™ 1="'Yes';

RUN;

ISTIC; "
DATAINI;"{;GLE 0+ \APPLIED\ACCIDENT.DTA' MISSOVER;

TNPUT mmﬁsﬁ:ﬁg}: DRIVE_ED;
;;'igﬁi’ ;? OR AUE > 65 THEN AGEGROUP = 1;
?’Sﬁéﬂfﬁi;ﬁ 'youwe = 11

?;sie?f‘gg oy
ELSE OLD=0;" =

ent in Last Year?'
of briver’
= blem?
TON = 'Vision Prol .
;Ilévx ED= 'Driver Education?'s

. LABEL ACCIDENT
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[Continged)

FORMAT ACCIDENT
DRIVE_ED
YOUNG
OLD YES_NO.
AGEGROUP  AGEGROUP.

VISION VISION.;
RUN;

PROC LOGISTIC DATA=LOGISTIC DESCENDING;
TITLE 'Predicting Accidents Using Logistic Regression':
MODEL ACCIDENT = AGE VISION DRIVE_ED / '
SELECTION = FORWARD
CTABLE PPROB = (0 to 1 by .1)
LACKFIT

RISKLIMITS;
RON;

QUIT;

The DATA Step statements are straightforward. Let's explain the PROC
LOGISTIC statements. One somewhat peculiar “fealure” of PROC LOGISTIC js
that the resulting equation predicts the log odds for the LOWER value of the
depeqdent variable. So, if we follow tradition and code Yes as a 1 and No asal, the
equation Would predict the log odds of NOT having an accident. One easy wa, to
r.eversg this is to use the option DESCENDING. In our example, the use of this{) -
:;?1111 \;vni] ce;use t(l;e program to predict the log odds of having an accident givena cel;-

€t of predictor or explanatory values, (Another way is to use the options
;);r;Rgf,i)_FORMAWED and provide a formal with values in the correct

' Nex't, our MODEL statement looks just like the ones we used with PROC REG
This log!stlc regression example includes several MODEL options: The selection
me'thod is chosen to be FORWARD (the same as for regular regression); a classifi-
cation table (CTABLE) is requested for all probabilities from 0 to 1 ,by 1; the
Hosmer and Lemeshow Goodness-of-Fit test (LACKFIT); and the Odds Rat1:o,s for

each variable in the equation with their 95% confidence limi
ts (RISKLIM
requested. Here are the results; ( 1)

R —

Predicting Accidents Using Logistic Regression
The LOGISTIC Procedure

Data Set: WORK. LOGISTIC

Response Variable: ACCIDENT Accident in Last Year?
Response Levels: 2

Number of Observations: 45

Link Function: Logit

{Continued]
Response Profile (1)

Ordered
Value ACCIDENT Count

1 Yes 25
2 No 20

Porward Selection Procedure @
Step 0. Intercept entered:

Residual Chi-Square = 10,7057 with 3 DF (p=0.0134)

Step 1. Variable VISION entered:

Model Fitting Information and Testing Global Null Hypothesis BETA=0

Intercept
Intercept and
Criterion Only Covariates Chi-Square for Covariates
AIC 63.827 59,244
sc 65.633 62.857 .
210G L 61.827 55.244 6.583 with 1 DF (p=0.0103)
Score . . 6.421 with 1 DF (p=0.0113)

Residual Chi-Square = 4.9818 with 2 DF (p=0.0828)
Predicting Accldents Using Logistic Regression
The LOGISTIC Procedure

Step 2. Variable DRIVE_ED entered:

Model Fitting Information and Testing Global Mull Hypothesis BETA=0

Intercept
Intercept and
Criterion only Covariates Chi-Square for Covariates

AIC 63.827 56,287

8C 65.633 61.707 .

-2 L0G L 61.827 50.287 11.539 with 2 DF (p=0.0031)
Score . . 10,598 with 2 DF (p=0.0050)

Residual Chi-Square =0,1293 with 1 DF (p=0.7191)

NOTE: No (additional) variables met the 0.05 significance
level for entry into the model.
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INTERCPT 1
VISION 1
DRIVE_ED 1

Concordant
Discordant
Tied

(500 pairs)

Variable

VISION
DRIVE_ED

Group  Tot
1

2
3
4

Analysis of Maximum Likelihood Estimates @

Parameter Standard Wald Pr>

Variable DF Estimate Error Chi-Square Chi-Square

0.1110 0.5457 0.0414 0.8388
1.7139 0.7049 5.9120 0.0150
-1.5001 0.7037 4.5447 0.0330

= 67.2% Somers’ D= 0,532
= 14.0% Gamma = 0,655
= 18.8% Tau-a = 0.269

c = 0.766

Conditional 0dds Ratios and 95% Confidence Intervals ©

Wald
Confidence Limits
0dds
Unit Ratio Lower Upper

1.0000 5.551 1.394 22.098
1.0000 0.223 0.056 0.886

Hosmer and Lemeshow Goodness-of-Fit Test @

—
[Continued]
Summary of Forward Selection Procedure O
Variable Number Score Pr> variable
Step Entered In Chi-Square chi-Square Label
; D:i‘SéON 1 6.4209 0.0113 Vipion Problem?
._ED 2 4.8680 0.0274 Driver Education?

Standardized

Estimate

0.477689
-0.417273

Association of Predicted Probabilities and Observed Responses &

ACCIDENT = Yes ACCIDENT = No
al Observed BExpected Observed Expected
11 2 2,20 9 8.80
11 6 5.80 5 5.20
10 6 5.80 4 4.20
13 i1 11,20 2 1.80

Goodness-of-fit Statistic = 0.0756 with 2 DF (p=0.9629)
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[Continued]
Classification Table

Correct Incorrect Percentages
Prob Non- Non- Sensi- Speci- False False
Level Event Event Event Event Correct tivity ficity POS NEG
0.000 25 0 20 0 55.6 100.0 0.0 44.4
0.100 25 0 20 0 55.6 100.0 0.0 44.4 R
0.200 23 0 20 2 51.1  92.0 0.0 46.5100.0
0.300 23 9 i1 2 71.1 92,0 45.0 32.4 18.2
0.400 23 9 11 2 71,1  92.0 45.0 32.4 18.2
0.500 17 9 11 8 57.8 68.0 45.0 39.3 47.1
0.600 11 14 6 14 55.6 44.0 70.0 35.3 50.0
0.700 11 18 2 14 64.4 44.0 90.0 15.4 43.8
0.800 11 18 2 14 64.4 44.0 90.0 15.4 43.8
0.900 0 18 2 25 40.0 0.0 90.0 100.0 58.1
1.000 0 20 0 25 4.4 0.0 100.0 55.6

Explanation of the Qutput. Let's examine the salient sections of this output.
First is the “Response Profile” @ which lists the number of observations in each
category of the outcome variable (ACCIDENT). Pay careful attention to this,
especially the ordered value information. Because we used the DESCENDING
option on the PROC LOGISTIC statement, the value of 1 (formatted as ‘Yes’) is
first in the list of ordered values. As we mentioned before, this means that this
logistic model will be predicting the odds and probabilities of having an accident
based on the explanatory variables.

The next section shows the order that the independent or explanatory variables
entered the model ). We see VISION entered first, with several criteria for assess-
ing the importance of this variable in predicting accidents. The two criteria “-2 LOG
L” and “Score” are both used to test whether the independent variable(s) is signifi-
cant, based on a chi-squared distribution. We see that VISION is a significant ex-
planatary variable using either of these two eriteria (p approximately 01). The other
two criteria, “AIC” (Akaike Information Criterion) and “SC” (Schwartz Criterion)
serve a similar purpose except they adjust for the number of explanatory variables
and the number of abservations used in the model. These statistics are useful for
comparing different models; lower values of these statistics indicate a better-fitting
model.

Looking farther down the output, we see that DRIVE_ED (driver education)
entered next. The overall model improved (based on a lower AIC and SC and a
smaller p-value for -2 LOG L). Since no other variables met the default entry level
significance of .05, the model building stopped at this point.

The “Summary” section @ is printed only for stepwise (FORWARD, BACK-
WARD, or STEPWISE) selection methods. It summarizes the order in which the
explanatory variables entered the model and the chi-square and p-value for each
variable.
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Solving for P, we get:

Odds
1+0dds

Let’s use this equation ¢ i
' : ‘ 0 predict the odd:
Lt;sgi :n amlg]e:nt for given values of VISION arsxc;l Ill)thile
1 provlem (VISION=0) and whe
ney
(DRIVE_ED=(), the calculation would be: ;

log (odds) = 1110 + 17139 X 0-1.5001 x 0 = 1110

P=

probability of a person hay-
VE_ED. For a person with no
took a driver education course

Th .
erefore, the odds of having an accident for this person are:
Odds (of having an accident) = exp(.1110) = 11174

And the probability of having an accident is:

P (having an accident) = L4 =
1+ 11174

Taking a similar
. person, except i isi
again compute odds and probalbili(?es:oIle & ion e (VION, we

5277,

log (odds) = .1110 + 1.7139 x 1-1.5001 x 0= 1.8249
Odds (of having an accident) = exp(1.8249) = 6.2022

p (having an accident) = 022 _ _
) T+ 620~ 312

You can see that the ad

L1174 t0 6.2022) when a e  of having an accident icrese

son has a vision problem, We often b {fom

look at the ratio of

6.2022

m = 55506,
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to deseribe the effect of an explanatory variable on the odds for an event. This ratio
is called the odds ratio and is shown in a later section of the output.

The section labeled “Association of Predicted Probabilities” ® is somewhat
complicated. It works this way: Take all possible pairs of observations in which the
outcomes are not the same. In this example, there are 500 pairs where one unit of the
pair had an accident and the other did not. Then compute the probability of each unit
of the pair having an accident. If the unit with the higher computed probability is the
one that actually experienced the event in question (an accident), this pair s labeled
«Concordant.” When a pair is in the “wrong” order, it is labeled “Discordant.” Ifboth
units of the pair have the same probability, the pair is labeled “Tied.” It is desirable
to have a high concordant percentage and a low discordant percentage.

The “Conditional Odds Ratios and 95% Confidence Intervals” § is the result of
the RISKLIMITS option. For each variable, it lists the odds ratio and the 95% con-
fidence interval for this ratio. Notice that the odds ratio for VISION s 5.531, which
is the same as we computed earlier (if we round our result). Since the 95% confi-
dence interval does not contain one, we have additional confirmation that vision is a
significant explanatory variable m our model.

The fact that the odds ratio for DRIVE_ED is less than 1 tells us that driver ed-
ucation helps reduce accidents.

The “Hosmer and Lemeshow Goodness-of-Fit” statistics ) is a chi-square
based test to assess goodness of ft. Since you probably do not want to reject the null
hypothesis that your data fit the specified model, you would like a high p-value for
this test. In this example, the chi-square value of 0756 with two degrees of freedom
gives us a p-value of 9629, which means that we do not reject the null hypothesis
that these data fit this model.

We finally get to the “Classification Table” @), which gives us the sensitivity,
specificity, false positive rate, and false negative rate for several levels of probability.
Suppose, for example, if you decide that any predicted probability greater than .3
should be considered a “positive diagnosis” for having an accident. In other words,
you want to be somewhat conservative and consider a person an accident risk even
though the probability of having an accident is less than .5. Based on the classifica-
tion table, this cutoff for a “positive diagnosis” would have a high sensitivity (92%)
and a relatively low specificity (45%). “Sensitivity,” for those not familiar with the
term, is the proportion of people who have the event in question (an accident) and
are predicted to have ane (p > .3 in this case). Specificity would be the proportion
of peaple wha did not have an accident and who had a probability less than .3. Look-
ing at this table, you can decide what a convenient cutoff for a “positive diagnosis”
might be, depending on your desired sensitivity and specificity. We will discuss a
graphical way of looking at this later in this section, when we show you how to pro-
duce a receiver operator characteristic curve (ROC).

Creating a Categorical Variable from AGE. Either by inspection of the data or
by experience, you may be surprised to find that age did not enter into the equation.
To investigate this further, let's look at the age distributions for those whe had
accidents and those who did not. A simple PROC CHART can quickly do this for us.
Here is the code:
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OPTIONS PS8=30;
PRO; CHART DATA=LOGISTIC;
ITLE 'Distribution
of Ages by accid !
VBAR aGE / MIDPOINTS=10 To BOYBY <1:o e Staruars
GROUP:ACCIDENT;

RUN;

Here is the resulting output;

Distribution of Ages by Accident Status
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PROC LOGISTIC DATA = LOGISTIC DESCENDING;
TITLE 'Predicting Accidents Using Logistic Regression’;
MODEL ACCIDENT = AGEGROUP VISION DRIVE_ED /

SELECTION = FORWARD

CTABLE PPROB ={0 to 1 by .1)

Frequency
8 *
*
7
* *
6 * ' * The PROC LOGISTIC statements are basically the same as before except that
* * * we substituted AGEGROUP for AGE and included the MODEL option QUT-
5 * ) ' ROC= to create an output data set (ROC) with the data necessary to plot an ROC
* ' * curve. We then used PROC PLOT to plot the ROC curve. For a nicer looking graph,
4 PR ' * PROC GPLOT, part of the SAS Graph® package, could be used. Here are some
P ' i edited portions of the output from running the procedures above:
] * * %
LEE 2 1
*
* b % . : : . ) .
2 PP . e Predicting Accidents Using Logistic Regression
RE ey P The LOGISTIC Procedure
1 IR P
R R b Summary of Forward Selection Procedure
LI Y TR
123456789 12 Variable Number Score Pr > Variable
3456789 Step Entered In Chi-Square Chi-Square Label
00 AGE Mi ep tere: n i-Square quare
0000000 000000000 dpoint
1 AGEGROUP 1 9.3750 0.0022
2 VISION 2 5.3447 0.0208 Vision Problem?

Analysis of Maximum Likelihood Estimates
Wald Pr> Standardized
Chi-Square Chi-Square  Estimate

T

Notice i
e distributtjl:)? tf,?lrt lt{!:et l:umac'fildent group, there are more subjects in the center of
. e accident group, there seem
o n| group, $ 10 be an excess o
Ider individuals, Based on this finding, we can create a new van'i;féy (X](l}]llég

Parameter Standard
variable DF Estimate  Error

0.5854 5.1886 0.0227

INTERCPT 1  -1.3334 .
0.0070 0.590289

GROUP) which wi .
avalue of) 1 oth}elrvxﬁil:el.la \:'xett? ;’(?:::l Olfto vaOEr sl“blzc‘s between 20 and 65 (inclusive) and aGEGRODP 1 2.1611  0.8014  7.2712
data set, We can therefore hg » We alieady created this variable in the original vISIoN 1  1.6258  0.7325 4.9265 0.0264 0.453130
rerun the regron use the new vatiable AGEGROUP instead of AGE and
anoutput ftra ::ltonilHlelre is the mpdlﬁed program with the added option to create
tive rate) o which il contain the sensitivity and 1-specificity (the false posi-

We can plot an ROC (receiver operator characteristic curve) later g?:l




246 Chapter 9 7 Mu/tp/e-HegressronAna/yys

[Continued)

Conditi i
itional Odds Ratios and 95% Confidence Intervals

Wald
Confidence Limits

. 0dds
Variable Unit Ratio

Lower Upper

AGEGROUP  1.004¢
. 8.680 1.805 11
VISION 1.0000 5.083 1.209 21;2;

ROC Curve

Plot of _SENSI‘L*_lMSPEC_. Symbol used is 'o:

o
23

MO d D B o0

0.0 0.2 0.4 0.6 0.8 1.0
1-Specificity

NOTE: 2 obs hidden.

Whi i
at a difference! Now AGEGROUP enters first, followed by VISION, See

how important itis o lgk at
feet and running procedures
The ROC curve is a tradit

The onal method for showine ¢ ionshi
Zix:snliltvgy and the false positive rate, The variables _SEI\I;SgI'IPea;e(;atiOMngll"Ege fweeﬂ
posﬁ,'ve ra;t:ae set (RQC) Tepresent the sensitivity and one minus the speciﬁcit_ lIf1 tlhe
posti ) fespectw'ely. As mentioned earlier, we can arbitrarily decide wh yt( o
greateratﬁosng/e pr;:):lctlon~it doesn't have to be .5, You could declarewamal VH:UC
an. .3 to be a positive prediction, Thi vould | ity

" : - This would increase yo itivi
Er :g;ne 0wh(; alc(ually' had an accident would likely be predicted to be zolslirtizz;lsbmtv i
o {0 u;a :es::) I;:o)sntxe rate (many who did not haye accidents would also beup;Iel-
e ). AS you can see, one minus the specificity of —
s cit

p;)sntlYe rate. (Well, maybe you can’t see it, Unless you l\)vork wiythglt‘llles y the'f'alse
otten, it s very easy to get confused. ) e elnions

and understand your data before jumping in with both
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Creating Two Dummy Variables from AGE. For our final trick, let’s create two
dummy variables from AGE, one called YOUNG, which will be true (1) for anyone
Jess than 20 vears old, and false (0) otherwise. In a similar manner, the variable OLD
will be defined as true for people over 65, and false otherwise. The code to create
these two additional variables is included in the original DATA Step. The PROC
LOGISTIC statements to run an analysis based on the use of these new variables are:

PROC LOGISTIC DATA = LOGISTIC DESCENDING; )
TITLE 'Predicting Accidents Using Loglstic Regression';
TITLE . 'Using Two' Dummy V es (YOUNG and OLD) for AGE';
= YOUNC IT0N .DRIVE_ED /
RWARD .
{0 to 1 by 1)

Unfortunately, because of the fairly small sample size, there aren’t enough sub-
jects in the young and old age groups so that these two variables are not included in
the model. However, with a larger data set, this approach may be preferable to the
AGEGROUP approach used earlier since the odds ratios for being young and old

can be determined separately.

Problems

9.1 We want to test the effect of light level and amount of water on the yield of tomato
plants. Each potted plant receives one of three levels of light (1 = § hours,2 = 10 hours,
3 = 15 hours) and one of two levels of water (1 = 1 quart, 2 = 2 quarts). The yield, in
pounds,is recorded. The results are as follows:

Yield Light  Water Yield  Light  Water

12 1 1 20 2 2

9 1 1 16 2 2

8 1 1 16 2 2
13 1 2 18 3 1
15 1 2 2 3 1
14 1 2 20 3 1
16 2 1 25 3 2
14 2 1 2 3 2
12 2 1 2 3 2

Write a SAS program to 1ead these data, and perform a multiple regression.

9-2. We would prefer to estimate the number of books in a college library without counting
them. Data are collected from colleges across the country of the number of volumes, the
student enrollment (in thousands), the highest degree offered (1 = BA, 2 = MA,
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3 = Ph.D.). and size of the main campus (in acres)

- Results of this (hypothetical) study
are displayed below:

[Continued]
Books Student Enroliment ~ Degree  Area J—
(millions) (in thousands) (actes) — - |
'; 1)RO;;ODE]'., WEIGHT = HEIGHT WAIST LEG ARM / SELECTION=STEPWISE;
¢ 3 3 20
. 8 3 4 9 RUN;
10 40 3 10
! 4 2 50 o |
: ; : o 9.6. Repeat problem 9-2 except treat DEGREE as 2 categorical variable. Yolu will need to
! 8 l r . create two dummy variables. Use the B.A. degree as your reference level.
7 : 3 " I is ti d acci-
i i : w0 9.7, Accident data, similar to Section F, are presented below. This u;m?, ;(vlen rec;)orlc)ilee ek
: 2 : : dents that occurred in the past year, based on the presence of a drinking p
1 12 1 00

whether the driver had one or more accidents in the pre\’il()}ls yra{. ?ur;eag i;rgz;dezig:
ise logisti i ta, and write the resulting logistic

wise logistic regression on these data, d . Mpectont

i bability of an accident for two cases: (1)

tion. Compute the odds and the prol . o ases ) a petso
i inki i dent; (2) a person with a drinking p

with no drinking problem or a previous accident, kg proven

i i i dds for person (2) divided by p
revious accidents. Take the ratio of the o for pe
I(T)[ :r?dpconﬁrm that the odds ratio s the same as listed in the SAS output (use the
MODEL option RL to obtain the risk limits). Here are the data:

Using a forward stepwise Tegression, show how each of the three factors affects the
number of volumes in a college library. Treat DEGREE as a continuous variable,

9-3. We want to predict a student’s success in college by a battery of tests, Graduating se-

niors volunteer to take our test battery, and their final grade point average is recorded,

Using a MAXR technique, develop a prediction equation for finial grade point average

using the test battery results. The data are as follows:

Accident Statistics Based on Drinking and Accident History
GPA HSGPA  College Board  1Q Test

(1= Yes, 0 =No)

39 38 680 130

O Acitenin  Drnking Provow | Accdntin  Driking  Preoes
31 35 620 125 PastYear  Problem  Accident | PastYear °

29 27 480 110

27 25 40 100

22 25 500 s

21 19 380 105

19 22 380 110

14 24 a0 110

9-4. Take asample of 25 people and record their height, waist measurement, length of their
tight leg, length of their arm, and their weight. Write a SAS program to create a SAS
data set of these data, and compute a correlation matrix of these variables. Next,tun a
Stepwise multiple regression using weight as the dependent variable and the other vari-
ables as independent,

9-5. What's wrong with this program?

1 DATA MULTREG;
' EIGHT WAIST LEG ARM WEIGHT;

8)

;
PROC- CORR DATA = MULTREG;
AR HRIGHT -- WEIGHT)

[ = == I R R
—_
—_—
—_ —_,—- O - m DD OO O D
—_ —_—
—_ e = o
R -
—_

—_—
—,— e, e, oo O OO0 OO
—_ e
—_—o
e, —m, e e O, OO R, D O DO
— — e
= - - T = = = - <
—_

B b
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A, Introduction
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as questions

B. Types of Factor Analysis

Before proceeding,

. a word o i
speaking, there are T %0 on different

t ypes of factor analys;
WO types of factor analysis; exploratory andy Sé:fﬁil;?:ally
' ory.

(doesn’t
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analysis
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r and Schmelki i
for b in (1991) is a very readable presentation of factor
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C. Principal Componenis Analysis

We start with principal components analysis since it is conceptually somewhat sim-

Jer than factor analysis. This does not mean that we are recommending it; it just al-
Jaws for a better pedagogical flo. Imagine you are trying to develop a new measure
of depression and paranoia (how pleasant). Your measure contains six questions. For
cach question, the subject is to respond using the following Likert scale:

1 = Very Strongly Disagree
2 = Strongly Disagree

3 = Disagree

4 = No Opinion

5= Agree

6 = Strongly Agree

7 = Very Strongly Agree

The six questions are:

1. Tusually feel blue.

2. People often stare at me.

3, 1 think that people are following me.

4. Tam usually happy.

5. Someone is trying to hurt me.

6. [ enjoy going to parties.

As stated, this example was created with two psychological problems in mind:
depression and paranoia. Someone who is depressed will likely agree with questions
1 and 6 and disagree with question 3. Someone who is paranoid will probably agree
with questions 2,4,and 5. Therefore, we would expect the factor analysis to come up
with two factors, One we can label depression, the other, paranoia.

Some sample data are shown below:

Question

supj 1 2 3 4 5 6
1 7 2 3 4 5 6
2 6 3 2 1 3 12
3 3 6 7 3 6 3
4 2 2 2 5 3 4
5 3 4 2 4 2 3
6 6 3 4 2 3 2
7 1 2 3 7 2 2
8 3 3 2 3 4 3
9 2 01 1 6 2 5
10 6 2 3 2 2 2
11 15 4 2 3 3
1 ¢ 7 6 2 6 2
13 5 1 1 2 6 2
14 2 1 1 6 1 5
15 12 o7 17
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Assume that we place these data in a file called FACTOR.DTA with the subject
number in columns 1 and 2 and the six questions in columns 3 through § (ie, no
spaces between any values). Some people say that you should have about 10 times the
number of subjects as you have variables to be factor analyzed. However, you proba-
bly want a minimum of 50subjects and do not want huge numbers of variables. We vi.
olate that rule for this simple example where we have six variables and 15 subjects,

Qur first step is to create a SAS data set containing the responses to the six
questions, as shown below:

Program Name: FACTOR.SAS in C:\APPLIED
Purpose: To perform a factor analysis on psychological Data .

PROC FORMAT;
VALUE LIKERT
1 = 'V, strong pis.*
2 = 'Strongly Dig.*
3 = 'Disagree’
4 = 'No Opinion'
5 = 'Agree’
6 = 'Strongly Agree'
7 = 'V, Strong Agree';
RON;
DATA FACTOR;

INFILE 'C:\APPLIED\FACTOR.DTA' PAD;
INPUT SUBJ 1-2 @3 (QUES1-QUESE) (1.);

LABEL: QUES1='Feel Blue' )
QUES2='People Stare at Me'
QUES3='People Follow Me'
QUES4='Basically Happy'
QUESS='Pecple Want to Hurt Me'

QUES6='Enjoy Going to Parties';
RON;

The INPUT statement in the example above uses a list of variables in parenthe-
ses (QUES1-QUESS), followed by an informat list. The informat “1.” means one col-
umn for each of the six responses. If you prefer, you may separate each data item
from the next by a space, and use the free form or “list” input method. As always,
there are several ways to accomplish our goal with SAS software. Now, back to our
factor analysis example. The SAS statements to perform the factor analysis are:

PROC“FACTOR DATA=FACTOR PREPLOT “PLOT ROTATE=VARIMAX
v NFACTORS=2 OUT=FACT SCREE;
.TITLE 'EXample of Factor Andlysis';
. VAR QUES1-QUESS;
RUN;
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We have selected several of the more popular PROC FACTOR otpttii?: ;’r;d 181;
example. The PREPLOT option will show us a factor plIor\tlI t;e)f(ore 10 a;s a\}arimax
i : tion; ROTATE=VAR reques
will produce a factor plot after rotation; . e be o
ion; NFACTORS=2 specifies that a maximum ors s _
ioz:::;(c)i{l,OUT:FACT specifies that you want the factor scores (1{1 this ic;{sealliﬁzge
ORT i d data set along wi
d FACTOR?2) to be placed in the named da ne
rv[:?-il:éleinin the DATA = data set. The SCREE option gives you a Scree plot (dis
cussed later). Here is the output from PROC FACTOR:

Example of Factor Analysis
Initial Factor Method: Principal Components
prior Communality Estimates: ONE (

i ix: = e =1
Eigenvalues of the Correlation Matrix: Total = 6 Averag

1 2 3 Q
Eigenvalue 3.6683 1.2400 gig;
Difference 2.4283 0.7087 0.0335
proportion ( 0.6114 0.2067 0.9055
Cumulative 0.6114 0.8180 .

4 5 6
Eigenvalue 0.3442 ggg;’i 0.0617
Difference 0.189 .
proportion 0.0573 0.0258 2 g;gz
Cumulative 0.9639 0.9897 .

2 factors will be retained by the NFACTOR criterion.
Initial Factor Method: Principal Components

Scree Plot of Eigenvalues @)

4 1
E
i
g
e
n
v 2
a
i :
e
B 3
5
¢ §
0 ; ——
0 1 2 3 4 5 g
Number




254

[Continued]

Initjal
Factor Method: Principal Components (§)

Factor Pattern

FACTOR1 FACTOR2
QUES1
QUES2 g;gg;; '8'23757 Feel Blue
QUES3 0 +39840 People Sta
QUES4 -0:7732: 0.50692 People Folizwa;ene
QUESS 0.72583 g~;g879 Basically Happy
: .2623
QUES6 -0.80519 0.34563 People Want to Hurt Me

Enjoy Going to parti

' rtieg
Variance explained by each factor ®

FACTOR1  FACTORZ2

3.668279 1,239976

Fi; i
nal Communality Estimates: Total = 4 908255

UE
QUES1 QUES2 QUES3 QUES4 QUESS

0.890425 0.890758 0.863868 0.8 Goics

99078 0.595662 0.7684 63

Initi
al Factor Method: Principal Components

Plot of Factor Pattern for FACTOR1 and FACTOR2 ()
FACTOR1
1
.9
.8
A 7 E CB
.6
.5
4
.3
.2 y
~1-.9-.8-.7-6- B :
8-.7-.6-.5-.4-.3-.2-.1 ¢ 1.23.4.5.6.7.8 .
' «3 .6 .7 .8 .9 1.07
-.2 2
-3 2
-4 ’
-.5
-.6
-
-.8 F
-9 D
-1
QUEST =A
QUESS o QUES2 =B QUES} =C QUES{ =p QUESS =E

[Continued]

Rotation Method: Varimax

orthogonal Transformation Matrix

1 2
1 -0.73625 0.67671
2 0.67671 0.73625

Rotated Factor Pattern

FACTORL FACTOR2
QUESL -0.93637 0.11677 Feel Blue
QUES2 -0.13241 0.93446 Pecple Stare at Me
QUES3 -0.23053 0.90040 Pecple Follow Me
QUES4 0.89271 -0,31960 Basically Happy
QUESS -0,35684 0.68434 people Want to Hurt Me
QUES6E 0.82737 -0.28969 Enjoy Going to Parties

Variance explained by each factor

FACTOR1  FACTOR2
2.556277 2.351977

Rotation Method: Varimax
Final Communality Estimates: Total = 4.908255

QUES1 QUES2 QUES3 QUES4 QUESS QUESE
0.890425 0.890758 0.863868 0.899078 0.595662 0.768463

Scoring Coefficients Estimated by Regression

Squared Multiple Correlations of the Variables with each Factor

FACTOR1l  FACTOR2
1.000000 1.000000

standardized Scoring Coefficients ®

FACTORL FACTOR2
QUESL -0.45312 -0.18343 Feel Blue
QUES2 0.18008 0.48994 people Stare at Me
QUES3 0.12029 0.44471 people Follow Me
QUES4 0.37659 0.05783 Basically Happy
QUES5 -0.00249 0.28968 People Want to Hurt Me
QUES6 0.35076 0.05726 Enjoy Going to Parties
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[Continued]
P
1ot of Factor Pattern for FacTORL and FACTOR2 @
FACTORL
1
D .9
F .8
7
.6
.5
4
.3
.2
7 :
-1 -.9-.8-.7-.6-.5-
65d-3-2-10.1.2.345.6.7.8 .91 o;
:
-2
-3 c}3 ’
-4 E
-.5
-.6
-7
-.8
-9,
-1
QUESL =A QUES2
=B
Srmst <A QUES3 =C QUES4 =D QUESS -k

Well, t i i
hing e lel;[t1 ?Slltil(;(il;s falrly confusing, Lgt’s walk through what we have. The first
s giVenur prl;)r com.munaht.y estimates were one (). This means that
o able N t(;ne ull unit of variance to be factored in the original corre-
ot s s e r agalysts argue that one should only factor the variance
sl Ofgth e v:.mablc.as. When' the prior communalities equal one, the
oo atef Me variance in all variables and the approach is called prinéipal
oot ﬁ}:in . wore on this later.
Eigervios oo gfr e encoupter are the eigenvalues of the correlation matrix @)
T irom matrix algebra. In this analysis, since we let each variable.

have one uni i i
nit of variance, and since there are six variables, the total of the eigenval

Uues equa]s SIX. AS mentio ed earl er, CLOr 4 lalySlS tries to educe va ahles 0a
)it €T, Lal i
It I in

orgiol ot ot glam the varian'ce in the original variables. Of the
(o more repes o ce, t, §83 of these units are explained by the first factor
b ment, since this is a principal ¢ i
seco;:q factor explains 1.2400 units of variance znd sg on FPTen als) The
is i i in th ;

e :T::,l :0 t.er;k about eigenvalues in the following fashion. Imagine the first
el e ariable, and everyone in the data set hiad a score on it. We could c .
catorad e Te on thg factpr with their score on each of the six variables, If w thor-
se correlations, it would tell us how much of the variance in ;:acheo .

Tigi-
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qal variable was explained by the factor. If we then added those six squared correla-
tions together, the sum would be the eigenvalue for that factor. Thus, the first factor
explains 3.6683 units of variance, or 3.6683/6 = 6114, of the total variance of the
original six variables. This 6114 figure is listed in the printout under “Proportion @.”
The “Difference” heading tells us the difference in the proportion explained from
the previous total, and the “Cymulative” row gives the cumulative total.

The next thing we see is that two factors will be retained for rotation because
that is what we told the program to do.

The next section of printout is the “scree plot @.” The scree plot is used to help
determine how many factors to keep in the analysis. It is simply a plot of the eigen-
value against the number of the factor. One looks for breaks, or “elbows,” in the
curve. In this graph, it is easy to see that factors 1 and 2 are very different from 3-6,
50 two factors should be retained. In our example, we knew from a theoretical per-
spective that we wanted two factors. The results support our notion. In determining
the number of factors to keep, it is always best to combine theory and data. If you
don't have a strong theory to rely on beforehand, you will have to do one run just to
get an idea of how many factors to keep.

The next section (§ presents the initial solution for the analysis. Oversimplified,
what the factor analysis tries to do is first find a factor (think of it as a new variable)
which will provide the highest set of carrelations with the original variables (actu-
ally, with the squares of these variables) thus producing the largest eigenvalue. Then
it finds a second factor which will correlate as highly as possible with the original
variables once the variation from the first factor has been removed, Another way of
thinking about this s to say that the factors have to be uncorrelated (or orthogonal).
Then a third factor is extracted, which works with the Temaining variance, and so on.

What is presented under the heading “Factor Pattern” is the result of this

process for factor 1 and factor 2. Had we said we wanted to keep three factors, there
would have been a factor 3 here. In the case of principal components analysis, if we
don’t specify the number of factors to keep, PROC FACTOR will keep as many fac-
tors as there are variables. If we specify PRIORS SMC (sce Section E below), the
aumber of factors retained will be determined by the proportion of the total vari-
ance explained and may be less than the total number of variables. For more details
on controlling the number of factors to keep,see the SAS/Stat User’s Guide, Volume
1, Version 6, Fourth Edition (SAS Institute, Cary NC). The factor pattern displays
what are called “factor loadings” for each of the variables. At this pojnt in the analy-
sis, these loadings are the simple correlations of the variables with the factor,

The next part of the printout @ shows the variance explained by each factor
(just the first two cigenvalues again) and then the communalities of the variables.
The what? The communalities. Communalities represent how much variance in the
original variable is explained by the total of all the factors which are kept in the
analysis. We see here that 89% (actually, 890425 of the variance in the first question
is explained (or attributable to) the first two factors. Communalities are for original
variables what cigenvalues are for factors (more or less).

The next portion of the printout isa plot of the two factors retained (. Note that
at the bottom of the plotisa keyto what the letters are. There are basically two clusters
of variables here:A, B, C,and E;and F and D.One might look at this plot and wonder
if the axes could be rotated so that they ran directly through the clusters. What a good
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idea! The only question would be how {0 determine just how to do the rotation, SAS
software provides a number of alternative rotation methods, We look at two here,

The first is calied VARIMAX, [t Maintains the orthogonal (uncorrelated) n-
ture of the factors and tries to get he original variables to load high on oge of the
factors and low on the rest When this occurs, it is called simple structure. Other ro.
tation methods also attempt to obtain simple structure, The resulls of a varimgx
rotation are presented next @®.

There are several issues of note here. First, the factor loadings obtained from 5
Totation of the axes almost always result in a more readily interpretable solution.
Here we sce that our original notion of two factors with three variables (questions i
our case) on each factor is strongly supported by the data, Second, notice that some
of the loadings are negative while others are positive. Although these factor loadings
cantechnically no longer be interpreted as correltion coefficients, it is useful to think
of them in the same fashion, We would expect “Feel blue” and “Basically happy” to
have opposite signs in their relationship to g depression scale. Next, notice that the
variance explained by each factor has changed. Their sumisstill the same, but the dis-
tribution is more equal now, The communality estimates have not changed since just
as much variance is explained in each original variable as before rotation; now,
however, more s attributable to the second factor (than before) and less to the first.

There are two more pieces left from this analysis. The first is a standardized scor-
ing coefficient matrix ®. You would use this if you actually wanted to calculate fac.
tor scores for your subjects (PROCFACTOR will also do this for us automatically
with the OUT= procedure option). Although many researchers find this useful, we
don’t recommend it Instead, we recommend you simply construct scales using raw
data from the variables which load on each factor. There are number of reasons for
this. First, it is much simpler and more straightforward. Second, factor analysis is
highly “sample dependent.” That is, results tend to be changeable from oge data set
to the next. Remember, what you are factoring is a matrix of correlations and, we all
know how sample dependent they are,

The FINAL (yeah!) piece of this analysis is a plot of the rotated factors @. You
can see how the new axes really do run right through the clusters. I rotation is con.
fusing you a little, think of it in the three factor case. Here we would have a three-
dimensional swarm of points. Now think of looking at any three-dimensional object:
a football, a pen, or a diamond ring, It looks different, depending on how you hold

it in front of you. Rotating axes is just changing your perspective until you can get
the best “look” at something,

D.  Obligue Rosations

Well, that was entertaining. But, we said there were several rotation methods possi-
ble. VARIMAX is one popular method, PROMAX is another, They are similar in
Some respects, but different in ope important aspect. PROMAX does not maintain
the orthogonality of the factors, It allows the factors to be correlated. Why should a
Tesearcher prefer one over the other? In favor of orthogonal rotation is that it tends
to keep things cleaner. It your factors are orthogonal and you then want to use them
as independent variables in a regression, you will have fewer problems of collinarity.
[n favor of 2 nonorthogonal (“oblique™) rotation is the argument that it is usually

silly to think that the underlying const.rtu_zti I;);E;cst; ;:tz) 1
in fact, uncorrelated. In our examplejx is unre e
g anoia aren’t correlated. Also, it is sometimes ¢ g
»\ztrh an oblique rotation. Here is the program to ge

PROMAX from our data set:

59
Section E / Using Communalities Other ThanOne 2!

represented by the factors ate,
e to think that depression and
to obtain simple structure
he oblique rotation called

ROMAX NFACTORS=2;
FACTOR TATA=FACTOR ROTATE-PROM Oblique Rotation';

TTLE ! Example of’FacterfAna

will just focus
uch of the printout is similar to the orthogonal case, 5o we Will ]
m

—

Now,
on one section here:

Rotation Method: Promax

Inter-factor Correlations

FACTORL FACTOR2
FACTORL 1.00000 -ggggtg
FACTOR2 -0.44010 .

B8
Rotated Factor Pattern (Std Reg Coefs)

FACTORL FACTOR2

-0,11319 Feel Blue

o -0.92";33 0.97888 people Stare a;ene
e 0'027(37 0.91684 Peox?le Follow

Sast o8 43 -0.11782 Basically Happyﬂurt e
Pl oot 0.65033 People Want to e
b -ggggg -0:10212 Enjoy Going to Par
QUES6 .

HC]‘C we have e correlation yetween ﬂ c faCtOIS a 1d the Iotated faCtOr load'
h

ing matrx Ihe COIICI (10! etween ﬂle faCtOJS i$ —44(]10 lf we had our faCtOIS,
b N

g Y aton f

thls Would be a 4 4 matrix. L()Ok I g at the faCt()I l()adl 1gS, we see that, 11 13.01 we

e results from the
loser to simple structure than we were before, even though th

are closer '

orthogonal rotation were quite good.

E. Using Communalities Other Than One

i iti en
brings us back to the notion of communalities. X;lsl "
lly factor analysis, much of the issue o
correlation matrix that 1s to

fourney
The final stop on our journ ;
factor analysts get upset over whet is rea e
do with what is placed on the “maix diagnon




260  Chapter 10 / Factor Analysis

S

[Continued] -
will be retained by the NFACTOR criter
8

factored. When ones (1.0)

are used, we are basically factoring what we all know and
love as correlation matri

ces. This approach assumes that each variable is equally as
important as the others and has the same amount of interrelatedness with the ather
variables, In our example, this is a fairly reasopable assumption but, in most cases,
some variables are more important than others, have stronger relationships with the
variables in the analysis than others, or are Mmeasured with less error than others. I
this case, it would be better conceptually to have some indication of iow much each
variable “fits in” with the others, This idea is realized by changing the communalities

2 factor
Factor Pattern @

FACTORL FACTOR2

QUES1 0.76246 0. :2;23 l;:zll,ghsliare at Me
on the main diagonal to be less than ope, Now, there is a whole science to this, but one QUES2 g ;:gg: g 48653 Pecple Follow Me
popular approach is to take each variable and regress all the other variables against QUE;i -0.87428  0.35487 Basnl::l:’sa(nf:aggyﬂurt Ye
it. Then the squared multiple correlation Tesulting from this regression is used as the gﬁss 0.64510 0.17642 ;E‘;(’;Y Going to Parties
communality estimate. “Whoa” you're saying, “That’s a lot of work” Indeed, but QUESE -0.75035  0.25896
PROCFACTOR does it all for you. All we have to do is include the statement, PRI-

ORS SMC,in our PROCFACTOR pro

. each factor @
cedure, and it’s done, Here is an example: variance explained by
FACTOR1 FACTOR2
3.419580  1.032161
PROC FACTOR DATA=FACTOR PREPLOT PLOT ROTATE=VARTMAX
NPACTORS=2 OUT=FACT SCREE;
TITLE 'Example of Factor Analysis';
VAR QUES1-QUESS;

PRIORS SMC; *#%Thig ig the pew line;

Final Comm ality Estimates: Total = 4.451740
unality t

UES4
Quesi  QUES2  QUES3 @ 447272 0.630089

0.
0.834952 0.829864 0.819257 0.890306
RUN; |

Rotation Method: Varimax

. . . . jon Matrix
Here is a portion of the output from this modified program: orthogonal Transformatio

5 2
1 -0.74526  0.66678
Example of Factor Analysis 2 0.66678  0.74526
Initial Factor Method: Principal Factors () Rotated Factor Pattern ®
Prior Communality Estimates: SMC FACTORL FACTOR2
1 Blue
QUESL QUES2 QUES3 QUES4 QUESS QUES6 QUESL -0.90401 0.13309 zzzple stare at Me
0.827935 0.807363 0.806758 0.870613 0.485777  0.628900 QUES2 -0.15748 083']7;;5. people Follow He
0.8
53 -0.24441 ically Happy
Eigenvalues of the Reduced Correlation Matrix: () gg:N 0.88819 -0'?513,?; :::;Ie Want to Hurt Me
= = 0.56 s i
Total = 4,42734575 Average = 0.7378909¢ QUESS 'gggi;: _0.30733  Enjoy Going to Parties
S6 .
1 2 3 QUE
Eigenvalue 3.4196 1.0322 0.1191 variance explained by each factor
Difference 2.3874 0.9131 0.0525
Proportion 0.7724 0,2331 0.0269 FACTORL FACTOR2
Cumulative 0.7724 1.0055 1.0324 2.358154 2.093586
] = 4.4517401
¢ 5 6 Final Communality Estimates: Total
Eigenvalue  0.0666  -0.0934  -9.1167 QUEs4  QUESS  QUES6
Difference  0.1600 0.0232 QUESL  QUESZ  QUES3 0.890306 0.447272 0.630089
Proportion  0.0150  -0.0211  -g.g2¢3 0.834952 0.829864 0.819257 0.
Cumulative 1.0475 1.0263 1.0000 '
261
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Inall honesty, ¢

nenbe s ays,i ,:;;:Zi:; ;i;e Tz;re not to.o different than they were before byt re
the three analyses we have show. e bt ol Y
achapter here; it isn't the whole
of factor analy

distinctions amo
e, . n
n here but, if you'll notice “Factor Analysis” i onl)gv

book. Try Gorsuch (1983
! . ) for a thorough discuss;
15 or Pedhazur and Schmelkin (1991) for a couple of soligd cli;;lisrlson

E How to Reverse Item Scores
example, a high score (agree)

scorigg for questions 4 and 6 5
do this is as follows:

;otguestllon 1implies depression. We can reverse the
at high scores also imply depression, One way to

\APPLIED\FACTOR.DTA' PAD; k
-2 @3 (QUES1-QUESS) (1.);
8cores-for ‘questions 4 ang 6;

an! rt Me' -
m, ='Enjoy ‘Going to Parties';

¥ g 1 mber f ns that 1C€ded Teversin you C(lll](l use a
I ou lad a laI € Ol questio
( q ) Al g, n

Let's look at the rotateqd factor loa

dings when we reverse these two questions:

Rotated Factor Pattern
FACTORl  FACTOR2

QUESL  0.90401 0.13309
QUES2  0.15749 0.89725
QUES3  0,24441 0.87151
QUES4  0.88819 0.31848
QUESS  0.36313 0.56161
QUESE  0.73187 0.30733

Feel Blue

People Stare at Me
People Follow Me
Basically Happy
People Want to Hurt Me
Enjoy Going to Parties
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As you can quickly see, the factor loadings are identical to the one above (with
PRIORS=SMC) where the scores were not reversed, except that none of the
loadings are now negative.

We originatlly requested that PROC FACTOR create a new dataset for us con-
taining all the original values ptus two factor scores. You may choose to use these fac-
tor scores in further analyses, butsee the caution in Section C above. We have reduced
the number of variables from six to two. In addition, these two factor scores are un-
correlated to each other, making them particularly useful in regression models. Fi-
nally, each of the two factors spans a single psychological dimension (depression or
paranoia). Let's run a PROC PRINT on the new data set and see what it contains:

PROC PRINT DATA=FACT NOOBS;
PITLE 'Qutput Data Set (FACT) Created by PROC FACTOR';

TITLE2 'Questions 4 and € Reversed';
RUN;

—

output Data Set (FACT) Created by PROC FACTOR

Questions 4 and 6 Reversed

SUBJ QUES1 QUES2 QUES3 QUES4 QUESS5 QUES6 FACTORL FPACTOR2
1 7 3 4 6 2 [ 1.1399¢ -0.11342
2 [ 3 2 7 3 [ 1,24019 -0.43330
3 3 [ 7 5 [ 5 -0.35471 2.11191
4 2 2 2 3 3 4 -0.64087 -0.32356
5 3 4 2 4 2 5 -0.39275 0.07976
[ 6 3 4 [ 3 6 0.96485 0.05673
7 1 2 3 1 2 [ -1.23125 -0.01079
8 3 3 2 5 4 5 0.05043 -0.07278
9 2 1 1 2 2 3 -0.87196 -0.93028
10 6 2 3 [ 2 6 1,10334 -0.51853
11 3 5 4 [ 3 5 0.05238 0.94688
12 6 7 [ [ [ 6 0.39438 1.79914
13 5 1 1 [ [ 6 1.07234 -0.97856
14 2 1 1 2 1 3 -0.87503 -0.98015
15 1 2 1 1 1 1 -1,65188 -0.63303

If factor 1 is depression and factor 2 is paranoia, you can readily spot those sub-
jects who are the most depressed or are paranoid.

Problems

10-1. Run a factor analysis on the questionnaite data in Chapter 3, Section B. Use only the
variables PRES, ARMS, and CITIES. Request two factors, VARIMAX rotation
method, and set the PRIORS estimate of communality to SMC.
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10-2. Usin i i
scoreg ;I;;t;(s); sSZ(;r::; :; cChthtir 11,Sect10n.B, 1un a factor analysis on the test, using the
onls one ey o ceh ¢ at ¢ five questions as the items to factor analyze. Request
I’Cq;l o rotéltions s ];1 (;)gtput dTam set containing that one factor score. Do not
Py ; . . ?RU\Ttp list the contents of this output data set. The
Actor 1T0m a test is sometimes related to 1Q and called factor G (for

“general”). Note that there are far t
fal’). ot 1 00 few observations to r i
analysis—it is for instructional purposes only, o meanngllfctor

CHAPTER

Psychometrics

A. Introduction

B. Using SAS Software to Score a Test

C. Generalizing the Program for a Variable Number of Questions
D. Creating a Better Looking Table Using PROC TABULATE
E. A Complete Test Scoring and [tem Analysis Program

F. Test Reliability

G. Interrater Reliability

A. Introduction

‘This chapter contains programs to score a test, to perform item analysis, test relia-
bility (Cronbach’s Alpha), and interrater reliability (Coefficient Kappa). In Section
E, you will find a complete program for item analysis that you are free to use or in-
corporate in a larger test scoring and item analysis program.

B. Using SAS Software to Score a Test

We start with a simple program that will score a five question multiple-choice test.
Later sections enhance this program so that it will be more general and will work
with any number of questions, First the program, then the explanation:

‘Pro&mi‘{kiﬁe'z scoms
Purpose: To.score a fi
4

*;

265
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DATA SCORE;
ARRAY ANS[5] § 1 aNng1
-ANS5;
ARRAY REY[5] ¢ 1 KEY1-KEYS; %*#angyer key;
7

ARRAY §[5] 3 §1-85; %+ d
RETAIN KEY1-KEYS; () Score array l=right, 0=wrong;

**¥3tudent answers;

;**Read the answer key;
F = '
_N_=1 THEN INPUT (REY1-REYS) (§1.); Q)

*#%Read student r
esponses;
INPUT @1 1D 1-9 () aesi

@11 (ANS1-ANS5)(41. );

***Score the test;
D0I=11705; @

?[I] = KEY[T] EQ ANS[1]; B

i

;'*'Compute Rav and b
AV and Percentage:
RAW = SUM (OF 81-85); @) ge 8

PERCENT = 100¢RAN /'5; ()

KEEP ID RAW PERCENT;

LABEL “ID = 'Social Security fumbez
RAW = 'Raw. Score"

123456789 ABCDE

035469871 BBEBR
111222333 ABCBE
212121212 cCCoE
867564733 aBCDA
876543211 DADDE
987876765 ABEEE

[

PROC SORT DATA=SCORE;
BY ID; !

RON;

pno: PRINT DATA<SCORE LABEL;
TITLE 'Listing of SCORE @
ID Ip; sccue
VAR RAW PERCENT;
PORMAT ID 8SNI1.;
RON;
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Here is the output from the PROC PRINT:

risting of SCORE data set

Social
Security  Raw Percent
Number Score Score

035-46-9871 1 20

111-22-2333 4 80

123-45-6789 5 100

212-12-1212 3 60

867-56-4733 4 80

876-54-3211 2 40
3

L987-87—6765 60

Since the answer key for our test is contained in the first line of data, and the
student responses in the remaining lines, we can use the automatic SAS DATA step
variable N_, which is incremented by one for each iteration of the DATA step.
When the program starts, the variable N_, will have a value of 1 and the first line of
data will be read into the KEY variables @. By retaining the KEYn variables @,
their value will be available to compare (0 each of the student responses. Remem-
ber that the SAS system normally sets the value of each variable to missing before
a new data line is read. By retaining the KEYn variables, this initialization does not
0OCCUr.

The program continues with the nest INPUT statement @ and reads a line of
student data. For all subsequent iterations of the data step, _N_ will be greater than
1 and statement @ will not execute again. Thus, the answer key is skipped and the
student ID and responses are read Q.

The scoring DO loop @ compares each of the student responses with the an-
swer key. Statement ® is somewhat unusual and needs some explanation. The
right-most portion of the statement (KEY[T] EQ ANS[I]) is a logical comparison.
If the student answer (ANSI]) is equal to the answer key (KEY[I)), then the value
of S{T] will be 1 (true). Otherwise, it will be a 0 (false). A value of 1 or 0 will then be
assigned to the variable S{1]. Instead, you could also score the test with two lines,

like this:

1F REY[T) = ANS[1] THEN §[I}=1;
ELSE ANS[I]=0;

The SUM statement ® gives us the number of correct answers on the test. A
percentage score is computed by dividing the number of correct responses by the

number of items on the test and multiplying by 100 @.
We make usc of the built-in format SSN11. to print the student social security
pumbers in standard format (which also ensures that the leading zeros in the num-

ber are printed).
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C. Generalizing the p ,
of Ou estionf rogram for a Variable Number

This next pro
s testsp‘l"i%;zaéx;ffextends the program above in two ways: First, it can be used f
erent numbers of items. Second, severa! procedures are addeg

to produce class summ
ary reports. Here is the pro: i
ram /W i
example, the number of questions is set to ﬁve)‘p P Ay v reions

Program Name: SCORE2,8aS ip C'\APPI_.;L;-“
Purpose: To score a multiple-;:hoi .
number of itemg

Data: The first line ig the answer ke
contain the student responses v

Data in file C:\APPLT
: D
Date: July 23, 1996 FD\TEST. DI

Ce exam with an arbitrary

remaining lines

%LET =5;
NUMBER = 5; #%%The pumber of items on the test; ®

DATA SCORE;
INFILE 'C:\APPLIED\TE
: ST.DTA'; (@
ARRAAm¥ g}s{%&nmm] § 1 ANS1-ANSSNUMBER;
r SNUMBER] § 1 KEY1-KEYSNUMBER
ARRRY S[eNUMBER] 3 51-S&NUMEER:
RETAIN KEY1-REYSNUMBER; '

*#4Student angwers;
AT i ***Answer key;
Score array l=right, 0=wrong;

IF _N_=1 THEN INpyT (REY1-KEY&NUMBER) ($1.);

INPOT @1 ID 1-9
@11 (ANS1-ANSENUMBER)($1.);

DO I=1 T0 &NUMBER;
f[ﬂ = REY[I] EQ ANg[1];
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[Continued]

PORMAT ID SSN1l.;

%, RUN;

PROC MEANS DATA=SCORE MAXDEC=2 N MEAN STD RANGE MIN MAX; @
TITLE 'Clasg Statistics';
VAR RAW PERCENT;

RUN;

' PROC CHART DATA=SCORE; ©

TITLE 'Histogram of Student Scores';
VBAR PERCENT/MIDPOINTS=50 TO 100 BY 5;
RUN;

PROC FREQ DATA=SCORE; @
TITLE 'Frequency pigtribution of Student Answers';

TABLES ANS1-ANS&NUMBER/NOCUM;
ON; -

This program uses a macro variable (&NUMBER) which is assigned in the
9% LET statement @. Each occurrence of §NUMBER is replaced by this assigned
value before the program executes.

One other change from the previous program s that this program reads data from
an external file, which is accomplished by the INFILE statement . The remainder of
the DATA step portion of the program is identical to the previous program.

The first several PROCs are straightforward. We want a student roster in ID
order @ @), the class statistics @), a histogram ®,and the frequencies of A’s, B's, etc,,
for each of the questions of the test @.

A portion of the output from this program is shown next:

RMN = SUM (OF S1-SENUME
SGNUMBER) ; Listing of SCORE data set
PERCENT = 100 *RAW/ sNUMBER ;
ER; Social
KEEP ANS1-ANS&NUMBER Security  Raw Percent
kD) .
RAH PERCENT; Number Score Score
LABEL ID = 'Social Securi
urity Numb
RAW = 'Raw Scoper 111-22-2333 4 80
PERCENT = 'Percent Score!s 113-45-4545 4 80
RUK; el 132-43-4567 3 50
345-45-6233 4 80
PROC SORT DATA=SCORE; (3 386-54-7098 5 100
BY ID; B
RON; Class Statistics
PR°$ P“I“?m{)m:sconx LaEL; @) Variable  Label N  Mean Std Dev  Range
sting of SCORE data wt, W | e T e S0
‘1,” 1D; ! RAW Raw Score 2.9 1.38 5.00
AR RAW PERCENT, PERCENT percent Score 34  58.24 27.58  100.00
+ R ———
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[Continued]

Variable Label Minimum  Maximum

RAW Raw Score
0.00
PERCENT Percent Score 0.00 103 . 88

Histogram of Student Scores

Frequency
LEX]
* k¥
104 #we e
LR R e
LR R ] kk & :::
LER] * k& * k¥
* k¥ * k% *kk
5 LR R * % *kk
LER] * kk k¥
* k% k¥ L XX ]
* k¥ LR *kx s
LR R * k¥ *kx :**
* &

50 55 60 65 ¢ 75 80 85 90 95 100
Percent Score
Frequency Distribution of Student Answers

ANS1 Frequency Percent

A 19 55.9
B § 17.6
D 5 14.7
E 4 11.8

A 4 1l.8
B 17 50.0
C 3 8.8
D ] 8.8
E 7 20,6

D.  Creating a Better Looking Table Usi
PROC TABULATE § T

l\fj: BC{IJI;, ?Ar;gu]c“(e) :Occt)hrppafcg Fabl]e showing answer-choice frequencies using PROC
J . 18 etficiently, we will restructure the data set so that w
y, v e h
tx;laenzll)llsiv Z?IIESOQUEST{ION, which is the question number; and CHOICE wlu?c‘;xe ii
1Ce for that question for each student. We will be fan :
CHOICE as a character variable that shows the letter choice (A, B ch ng():r\z?ttg
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an asterisk (*) next to the correct choice for each question. Again, we offer the pro-
gram here without much explanation for those who might find the program useful or
those who would like to figure out how it works. One of the authors (Smith) insists
that good item analysis includes the mean test score for all students choosing each of
the multiple-choice items. Therefore, the code to produce this statistic is included as
well The details of TABULATE are to0 much to describe here, and we refer you to
the SAS Guide to Tabulate Processing, available from the SAS Institute, Cary, NC.
This is one of the best manuals from the SAS Institute; and if you plan to use PROC
TABULATE (it's very powerfu!) we highly recommend this manual.

The complete program to restructure the data st and produce the statistics de-

scribed above is shown next:

ram Name: SCORE3.SAS in C:\APPLIED

osé: To score a multiple-cholce exam with an arbitrary
:. pumber of items and compute item statistics

ttat The first line is the answer key, remaining lines
otitain the student responses. Data is located in

. C¥\APPLIED\TEST. DTA

1y 23, 1996

ER & 5; ***The pumber of items on the test;

DATA  SCORE;

INFILE 'C:\APPLIED\TEST.DTA';
@ ARRAY ANS[&NUMBER] § 2 ANS1-ANSENUMBER; ***Student answers;
ARRAY KEY[&NUMBER] § 1 KEY1-KEYENUMBER; ***Answer key;
ARRAY S[¢NUMBER] 3 S1-SGNUMBER; ***Score array l=right,0=wrong;
RETAIN KEY1-KEY&NUMBER;

IF _N_=1 THEN INPUT (mi'“k?““ﬂ”&m R) (31.)1

INPUT @1 ID 1-9 o
@11 (ANS1-ANSSNUMBER) ($1:);

DO I=1TO &NUMBER; i s
1r REY[1] BQ ANS[I] THEN DO;
gi]=1; ) ‘
@ . suBSTR(ANS[1).2,1) = '*'; **

RAW = SUM_(OF S1-SENUMBER);
PERCENT = 100+RAW / &NUMBER;
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[Continned)

KEEP ANS1-ANSGNUMBER ID RAW PERCENT;

LABEL ID = 'Social Security Number'
RAW = 'Raw Score'

PERCENT = 'Percent Score';
RUN;

DATA TEMP; @
SET SCORE;
ARRAY ANS[*] § 2 ANS1-ANSENUMBER;
DO QUESTION=1 TO &MUMBER;
CHOICE=ANS[QUESTION];
QUTPUT;
END;
KEEP QUESTION CHOICE PERCENT;
RON;

Pkoq Tmm DATA:m; [T :
TITLR 'Item Analysis Using PROC.TABULATE';
CLABS QUESTION CHOICE; ;

VAR PERCENT; v
TABLE  QUESTION*CHOICE, : .
PERCENT=" li(m < CHOICE >~'F=P¢T< MEAR'F PCT.
_BYD*Pe10.2) / RTS=20 MISSTEXTS ¢ '}
KSYLABEL ALL='Totsl' MEAN='Mean Score' P
7 5= 'Standard Deviation';

RUN;

A brief explanation of the program follows: PROC FORMAT @ is used to
create a picture format so that we can print scores as percentages. (NoTE; There
is a PERCENTR. format available as part of the SAS system, but it multiplies by
100 as well as placing a percent sign after a number.) The remainder of the
SCORE DATA step is the same as the previous program; with the exception that
the ANS1-ANSn variables are now two bytes in length. We will use this second
byte later to place an asterisk next to the correct answer for each item. The
SUBSTR function on the left of the equals sign @ is used 10 place an asterisk in
the second position of the correct answer choice, A DATA step @ is needed to
Testructure the data set so that it will be in a convenient form for PROC TABU-
LATE. This data set contains n observations per student, where n is the number
of items on the test. Selected portions of the output from these procedures are
shown in the table on page 273.

The frequency column shows the percentage of students selecting each item
choice.The frequencynexttothe correct answer (markedby an*)is theitem'sdifficulty
(percentage of students answering the item correctly). The column labeled MEAN
SCORE shows the mean test score for al! students answering each answer choice. For
example, foritem 1, 55% of the students chose A, whichis the correct answer. The stu-
dents who chose A hada mean score 0 71% on the test. Seventeen percent of the stu-
dents picked choice B, and the mean score of all students who chose Bwas 26%,andso

AR RIS 5ot W >

I -

i 2713
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Item Analysis Using PROC TABULATE

Mean Standardl
FREQ | Score | Deviation

QUESTION | CHOICE

1 A* 55%| 71% 23.40
B 17%] 26% 24.22
D 14%| 52% 22.80
E 11%| 50% 11.55

2 A 1% 40% 28.28 |.
B* 50%| 75% 16.63

[ 8%| 40% 20.00
D 8%| 73% 11.55
E 20%| 28% 22.68
A
B

8% 20% 20,00

3 17%| 46% 24.22
ct 52%| 68% 22.98
D 8%| 53% 46.19
E 11%| 60% 16.33

L

. . Afaitly
ing bri i he students who picked choice D did fairly

Looking briefly atitem 2, we see that th '
f;i)erltlhon the te;gt overall (73% correct). We might want to look at choice D to make sure

itis not misleading,

E. A Complete Test Scoring and Item Analysis Program

We present here a complete test scoring and item apalys1s p.ro.gran;.:lgxrs 1(1isnag ge\];g;i).
complex program, and we will not g0 into any d§t311 about.lts mnel rorking ,}mmple_
sentitso that youmay copy pieces of it,or all ofit,and use it to analy: Ouywm mipe
choice tests. If you examine the szmple output below the profgr}z:mt,a };) uilseeta
e et Ct0 mp(i?ttktlibs]teﬁf:;?sﬁ:ooct}osee each of the answer
number, the answer key, the percen age ' : o
i i the proportion of students answering the item correctly), p
;tilfelrcifisl’:o?rf:;?tlilz(coefgcifnt, andthe prf)portion of students (in cfach quartile of the
class) answering the item correctly. Here is the complete program:




%LET NUMBER = 5;

[Coutinned)

(221
The number of items on the test;

DATA SCORE;

INFILE 'C:\APPLIED\TEST. DTA';
ARRAY ANS [&NUMBER] $ 1 aNg1
ARRAY KEY [&NUMBER] $ 1 KEY1-
ARRAY S [eNUMBER] 81- -S&NUMBER;
RETAIN REY1- -KEY&NUMBER;

-ANSENUMBER; ***Student answers:
-KEYANUMBER; ***Answer key; '

-N_=1 THEN INPUT (REY1-KEYGNUMBER)(§1.);
INPUT @1 Ip 1.9 . ..
@11 (ANS1-ANSENUMBER)($1.);

DO I=1 TO &NUMBER;

S [I] =KBY [I] Bo ANg
BND; (1] EQ ANS [1];

RAW = sm( {oF sl-sx.mg ‘

nay t to -
which prist student rosters b :dures in Sectiocn ¢
statistics. » bistograms, and class

MRAY S(t} 3 §1- S&mm;
DO I=1 10 EMER)

274

***3core array l=right, 0=wrong;
I

: Continned]

CORR=8({I];
QUTPUT;

compute quartiles;
ROC RANK DATA=SCORE GROUPS=4 OUT=QUART(DROP=PERCEN'I‘ 1D};
RANKS QUARTILE;
VAR RAW;

ate ITEM variable and reshape again;

i ul

ET QUART;

ITEM § 5 QUARTILE CORRECT I 3 CHOICE § 1;
S{*} S1-S&NUMBER;

Y ANS{*} § 1 ANS1-2ANS&NUMBER;

AY REY{*) § 1 KEY1-KEY&NUMBER;
TILE=QUARTILE+1;

I=1T0 GNUMBER; ,
TTEM = RIGHT(PUD(I,3.)) 11 = I REY[I]#:
ORRECT = S[I1; . .
" CHOICE = ANS[II;

OUTPUT;

H
Ep I ITEM QUARTILE CORRECT CHOICE;

RT DATA=TAB;

*Combme correlations and quartile information;

ONS 1S=72;

TABULATE FORMAT=7.2 DATA=BOTH ORDBR INTERMAL NOSEPS;
'Item Statistics'; :
TABEL QUARTILE = 'Quartile’
CHOICE = 'Cholces’;
TA9S ITEM QUARTILE CHOICE;
RRECT CORR;

R

CEOICB*(PCTII<CHOICE>)*F=3 CORRECT=!
CORR=' '*MEAN='Corr.'*F=5.2

#MEAN= ' DLEE , ' ¥FPERCEN

275
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CORRECT=" '*QUARTILE*MEAN:'Prop. Correct' *F=PERCENT?.2/
RTS=8;
REYLABEL PCTN='%' ;

RUN;

Here is a sample of the output from this program:

Item Statistics

Quartile
Choices 1 2 3 4
AIBICDIE Prop. | Prop. | Prop. | Prop.
%|%|%|%|%| Diff.|Corr.|Correct | Correct | Correct Correct
# Rey
1A 56/18) .(15(12} 56% | 0.55 | 33.3% | 28.6% | 90.9% 100%
2B 12/50| 9} 9:21| 50% | 0.63 | 0.00% | 42.9% 72.7% 100%
ic 9(1853 8(12 53% | 0.42 | 16.7% | 50.0% | 63.6% 100%
4D 15( 6| 6/65( 9| 65% | 0.68 | 0.00% | 64.3% | 90.9% 100%
5 E 9] 3|15/ 6|68 68%! 0 16.7% | 71.4% | 81.8% 100%

To make this listing clear, let’s Jook at item 1. The correct answer is ‘A, which
56% of the students chose. Eighteen percent of the class chose ‘B’, and so forth. The
item difficulty is 56%, and the point-biserial coefficient is .55, Thirty-three percent of
the bottom quartile (Iowest) answered this item correctly; 29% of the next quartile;
91% of the third quartile; and 100% of the top quartile answered this item correctly.

E  Test Reliability

As of version 6.06, PROC CORR has had the ability to compute Cronbach’s Coef-
ficient Alpha. For test items that are dichotomous, this coefficient is equivalent to
the popular Kuder-Richardson formula 20 coefficient, These are the mast popularly
used estimates of the reliability of a test. They basically assess the degree to which
the items on a test are ail measuring the same underlying concept. The lines below

show how to compute Coefficient Alpha from the data set SCORE in Section C of
this chapter:

'PROC CORR DATA=SCORE NOSIMPLE ALPHA;

TITLE 'Coefficlent Alpha from |
VAR 8§1-85;
RUN; :
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Since each test item is either right (1) or wrong (0), Coefficient Alpha is equiva-
fent to KR-20. Here is a partial listing:

Coefficint Alpha from Data Set SCORE
Correlation Analysis
Cronbach Coefficient Alpha

for RAW variables : 0.441866
for STANDARDIZED variables: 0.444147

Raw Variables std. Variables

i Correlation
Deleted Correlation
variable with Total Alpha vith fotal lz ]flia—
;1 ----------- 0.219243  0.395887 0.211150 0.404773
82 0.316668 0.321263 0.317696 0.32587
83 0.053238  0.511023 0.049289 0.513363
84 0.404102  0.256819 0.414362 0.248868
85 0.189630  0.415648 0.196747 0.41497

G. Interrater Reliability

In studies where more than one rater rates subject; you may want to determine how
well the two raters agree. Suppose each rater is rating a _sub]ect as normal ofr 1:101 nor-
mal. By chance alone, the two raters will agree f.rom time IO.tane, even Il( they are
both assigning ratings randomly. To adjust for this, a test statistic ‘called apga Wss
developed. If you are running SAS version 6.10 or later, Kappa is requesle;1 1;st1 5
the AGREE option on the TABLE statement of PROCFREQ. Suppose each of tw
raters rated 10 subjects as shown below:

Outoome (N = Normal, X = Not Normal)
Subject ~ Rater1  Rater2
N

RN N N
ZO R Z 2 Z e R
ZZ 2 Z R Z N )2

—_

The program to compute Kappa is:
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DATA KAPPA;

INPUT SUBJECT RATER 1
DA, 1 § RATER 2 § ee;
INN 2XX 3XX 4XN 5NX
6NN 7NN BXN 9XX 10NN -

PROC FREQ DATA=KAPPA;
TITLE ‘Coefficient Rappa Calculation';

TABLE RATER_1 *
- 1 * RATER_2 / NOCUM NOPERCENT KAPPA;

The output is shown below:

flipping a coin (there are only two ratings possible here)
derful improvement over chance.

Coefficient Kappa Calculation
TABLE OF RATER_1 BY RATER_2

RATER_1  RATER 2

Frequency

Row Pct

Col Pct |N X Total

N 4 1 5
80.0020.00
66.67 (25,00

X 2 3 5
40.00(60.00
33.33|75.00

Total 6 4 10

STATISTICS FOR TABLE OF RATER_1 BY RATER 2

McNemar’s Test

Statistic=0.333 DF=1 Prob=0.564

Simple Kappa Coefficient

95% Confidence B
Kappa = 0,400 ASE = 0.284 -0.157 0.9;';mds

Sample Size =10

11-2. Using the test dat

11-3, Two pathologists view

terri/;csr)gl); ;:11:: see,?a%pa (iis 4 between these two raters. This may not seem like a
y,and indeed it isn’t. You might say, “But they were i

ity a A y were in agreement f)

7 of 10 cases,” and indeed they were. But we would expect 5 out of 10 aégreem:nts I;];

e

Problems 279

_so7out of 10is not a won-

Problems

11-1. Given the answer key below:

Question1 =B’ Question2 = ‘C Question 3 = ‘D’
Question4 = A" Question5 ="A’

Write a SAS program 10 grade the six students whose data are shown below. Pro-
vide one listing in Social Security number order and another in decreasing test-score
order, Compute both araw score (the number of iterms correct) and a percentage score.
(HiwT: Use the SSN11. format for the Social Security number. Be sure to read it as a nu-

meric if you do this))

Student Data:

Social Security No.  Responses to Five Htems

123-45-6789 BCDAA
001-44-5559 ABCDE
012121234 BCCAB
135-63-2837 CBDAA
005-00-9999 ECECE
789-78-7878 BCDAA

a from problem 11-1, compute the KR-20 (or Cronbach’s Alpha) for
the test. Also, compute a point-biserial correlation coefficient for each item. Remember
that a point-biscrial correlation is equivalent to a Pearson Correlation coefficient when
ane of the scores has values of Oor 1.

ed 14slides and made a diagnosis of caftcer or not cancer. Using the

data below, compute Kappa, an index of intefrater reliability: (C = Cancer, X = Not

caricer)

Rater1  Rater2  Raterl Rater2
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A. Introduction

g € €Xam ionof t (14 b()(lk Wwe have seen some of
Ihl()u h()u[ th pleS inthe statistics sect

y
the pOWer Of the SAS IN} U[ statement. Ill lhlS Chaptel’, the ﬁl'St 1n a section on SAS

Programming, we ex
. ) plore the power of the INP
basics of the INPUT Statement, return to Cehaptelrrlf)smlemem (Rore To e h

B. List Directed Input: Data values separated by spaces

SAS can read data valueg Separated b

. Y one or more i -
sometimes referred to as list directed spaces. This form of input s

: . The rules
variable on a line, the data values rn, here are that we must read every

e st be separated b
miss| . Y one or mo
1ng vahies are represented by periods. A simple example is shownrel:)esl%a»\cfs’ e

DATA QUEST ;

DATingTESfD GENDER § AGE HEIGHT WEIGHT;
1M 23 68 155

2F- 61 102

3 M 55 70 202

i
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Section C / Reading Comma-delimited Data 281

Notice that character variable names are followed by a §. The multiple spaces
petween the data values in the third line of data will not cause a problem.

C. Reading Comma-delimited Data

Sometimes we are given data that are comma-delimited (i.., separated by commas)
instead of the spaces that SAS is expecting. We have two choices here: We can use an
editor and replace all the commas with blanks, or we can leave the commas in the data
and use the DLM= option of the INFILE statement to make the comma the data de-
Jimiter. (See Chapter 13 for details on the INFILE statement and its options.) As an
example, suppose you were given a file on a floppy diskette called SURVEY.DTA. All
the data values are separated by commas. The first three lines are shown next:

1,M,23,68,155
2,F,.,61,102
3, M, 55, 70, 202

To read this file we code:

SURVEY.DIA’ Did= V
1D GENDER § AGE HEIGHT WEIGHT)

The INFILE statement directs the INPUT statement to read an external file
called SURVEY on the floppy diskette in drive A and to use commas as the data
delimiter.

Another useful INFILE option for reading comma-delimited files is DSD. Be-
sides treating commas as defimiters, this option performs several other functions.
First, if it finds two adjacent commas, it will assign a missing value to the corre-
sponding variable in the INPUT list. Second, it will allow text strings surrounded by
quotes to be read into a character variable and will strip off the quotes in the
process. To illustrate the DSD option, suppose the three lines of data below are
stored in the file ASURVEY.DTA.

1,"M", 23,686,155
2,F,,61,102
3, M, 55, 70, 202

A SAS DATA step to read these three lines of data is shown next:
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The resulting data set will be identjcal
tion. Notice that the GENDER for the
quotes, and the AGE for the second pers

lo the earlier example using the DLM op-
15t person will be the value ‘M’ without the
on will be assigned a missing value,

D.  Using INFORMATS with List-directed Data

We may have data such as date values which we want to read with a date informat,
but still want to use the list-directed form of input, We have two choices here. One
is 10 precede the INPUT statement with an INFORMAT statement, assigning an
informat to each variable. An INFORMAT Statement uses the same syntax as a
FORMAT statement but is used to supply an input format instead of an output for-
mat for a variable. An example, using an INFORMAT statement, is shown below:

DATA INFORM;
INFORMAT DOB VISIT MMDDYYS. ;
INPUT ID DOB VISIT DY;
atALINEs; ©
1 10/21/46 6/5/89 256.20
2 9715744 4723789 °232.0
etc. ‘

Analternative to the INFORMAT statement is to supply the informats directly in
the INPUT statement. We do this by following the variable name with a colon, followed
by the appropriate informat, A program using this method with the same data set is;

DATA FORM;

INEUT ID. DOB : MMDDYYS. VISIT + MMDDYY8, DX;
DATALINES;

110721746 6/5/89 256.20
2 9/15/44 4/23/89 232,0
ete,

Either method can also be used to override the default eight character limit for
character variables. So, to read a file containing last names (some longer than eight
characters) we could use either of the next two programs;

*Example with an INFORMAT statement;

BRSNS T S
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{Continued]

+Example with INPUT informats;
DATA LONGNRME;
INPUT ID LAST : $20. SCORE;
DATALINES;
1 STEVENSON 89
2 CODY 100
.3 GMITH 55

© 4 GETTLEFINGER 92

ete,

Before we leave “list-directed” reads, there is one more trlClF 3{22} erxic:lilli kl?(:\,»z

about. Suppose you wanted to read a first and last name into a smgth rat ar.ld e
. data delimiters, we could not have a blgnk between the s

o the very clever people at the SAS Institute have thought about this
robl HOWZV;‘W come up with the & signin a list-directed INPUT statement. Ar;
P a(? (&) modifier following a variable name changes the default dehm?ter 0
ampers::e 1o two or more spaces. You may also follow the ampersand with an
(I)II\II;(S)F;{MAT. To see how this works, look at the next program:

SCORE1 SCORE2;

ore.
Notice that there are at least two spaces between the name and the first sc

E. Column Input

Most of the examples in this book use INPUT stale_menls 1hz‘1t bslpec1fy e\:hfl;t
columns to read for each data value. The syma)f is to list the variable nabr;l n,ame
lowed by the column or columns to read. In addition, we follow Fhe variable
bya$ siﬁn if we are reading character values. A simple example s:
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Notice

programming langua

could have

read properly, Notice
remember (o leave th
Ply leave columns blank when we have

If you want to make this

that the ID number for subj

placed the

: ect number 2 is not right-adjusted. In

g?; ‘tgisaxgozlfdtﬁause a problem; not so for SAJS soflwar:.oalfz

o )\; * e first three f:olumn_s, and it would have been

s an include dec.lmal points in numeric fields. Just
columns for.th.em. Finatly, remember that we can sim-

missing values.
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The @ symbol, calied an absolute column pointer, indicates the starting column
for each variable. In the INPUT statement above, some of the pointers are redun-
dant, such as the @4 before GENDER. As data are read, an internal pointer moves
along the data line. Since ID started in column I and was three columns in length,
this internal pointer was ready to read data in column 4 next. We recommend using
an absolute column pointer before every variable as in this example; it makes for a

program a bit easj

INPUT statement on several linesglike this: easier to read, you can spread out the neater program and reduces the possibility of reading the wrong column. The infor-
mat N, is used for a numeric variable of length N; §N. s the informat used for a char-
DATA COL acter var@able of length N. The general form for a SAS numeric 'iqformal is N.n
INFOT IID . wherg N is the nqmber of col‘umns to read z.md‘n is tl‘le numbe.r of digits to the right
GENDER § 4 of animplied decimal point (if a decimal point is not included in the data value). For
HEIGET §-§ example, the number 123 read with a format 3.2 would be interpreted as 1.23 (weare
WEIGHT 7-11, reading three columns, and there are two digits to the right of the decimal point).
ggﬂgﬁ:i Using this notation, we can read numbers with an “implied” decimal point. By the
2 F6l 99 'g way, we can also read numbers with decimal points. The number 1.23 read with the
J3M 333:5 format 4. (remember the decimal point takes up a column) would be interpreted as
(more data lines) 123, The informat MMDDYY6. was one of the date formats we used in Chapter 4 to
read date values, We used a separate line for each variable simply as a matter of

programming style.

E Pointers and Informats

An gltemalive to specifying the starting
specify a starting column and an INFQ

columns to e

following;
) Starting
I\;;mble Column  Length Type Description
oNDER 1 f NUM SUBJECT ID
P X : CHAR  GENDER M=MALE F=FEMALE
Mok . NUM AGE IN YEARS
o . Z NUM HEIGHT IN INCHES
DATE  VISIT DATE INMMDDYY FORMAT

Rather than doing all the hi
each of these variables, we can
and an informat, which will not only tell SA
many columns to read. Here is the program

81 1p

INpUT

@11 HRroRr 3, .
€15 V_DATE MMDDYYE.

olu RMAT
ad). This is especially useful when we(

use a pointer (@ sign)

and ending golumns (column input) is to
whlgh also specifies how many
are given a coding layout like the

gh-level arithmetic to compute ending columns for

to specify the starting column
S how to read the data value, but how

to read the data layout above;

G. Reading More Than One Line per Subject

When we have more than one line of data for each subject, we can use the row
pointer, #, to specify which row of data we want to read. Just as with the column
pointer, we can move anywhere within the multiple rows of data per subject. Keep
in mind that we must have the same number of rows of data for each subject. Below
is an example where two lines of data were recorded for each subject:

DATA COLUMN;
INPUT $1 ID 1-3 AGE 5-6 HEIGHT 10-11 WEIGHT 15-17

' #2 sBP 5-7 DBP 8-10;
DATALINES;

00156 72 202

- 140080

00245 70 170

130070

i

I you have N lines of data per subject but don’t want to read data from all N
lines, make sure to end your input statement with #N where N is the number of data
lines per subject. For example, if you have six lines of data per subject but only want
10 read two lines (as in the example above), you would write:

INPUT #1 ID 1-3 AGE 5-6 HEIGHT 10-11 WEIGHT 15-17
#2 OBP 5-7 DBP 8-10  #6;



286 Chapter 12 / The SAS INPUT Statement

H. Changing the Order and ]
Mo i She Or nd Reading a Column

It is possible to move the absolute C
order. Thus, we can read variables inan
once. Suppose we had a six-digit ID w
code. We could do this;

INPUT €1 ID 6. @5 COUNTY 2. etc..

or
INPUT ID 1-6 COUNTY 5-¢ ete.;
i

We can also read variables i i
i 1ables 1n any order. The following INPUT statements are

INPUT ID 1-3 HEIGHT 5-6 GENDER $ 4 WEIGHT 7-9;
i

INPUT @1 ID 3. @5 HEIGup 2. @4 GENDER §1, @7 WEIGHT 3.;

L Informat Lists

YOU may place a IOUP of var ables together within par ent]leses nan IN[ I state-
g 1 t | p U

ment and follow this list by one i
s asimle sl ¥ one or more INFORMATS, also in parentheses. Below

INPUT (X Y 2 C1-C3)(1. 2. 1. $3. 83, $3.);

Now. this icq?
e i(:lwt;trhol‘s'V 12?1t veryhuseful as shown. Where you save time is when several vari-
PR ttEse the same [NEORMAT. You can have fewer informats in the
INFORMAT lizt ! zrin thel:rg are variables in the variable list. When this happens, the
ecycled as many times as necessa i
Is recy : ry 1o provid,

foreachof thevariablesinthe variablelist. The [NPUTslatempem befoijlﬂlll}:gigﬁT

is:

INPUT (X1-X50)(1.);

This ind
o ;sa :Irlld]lsaslle:s tq rez;:i X1, X2,X3,...,X50,all with the 1, INFORMAT. Below
pie showing how you can shorten a fairly long INPUT statement using

variable lists and INFORMAT lists. Fi
26l g INFORM AL sts. First, the INPUT statement without using vari-

DATA NOVICE;
INEUT 1D 1-3 QUESL 4 QUE
PUT 1D 1- 82 5 -QUE
gt;:si 10 QUESS 11 QUESY 1
DOB MMDDYY6, @26 g7
MHDDYYS . ; .

JUBS4 7 QUESHB 8 QUESIC 9
14

olumn pointer to any starting column, in any
y order, and we can read columas more than
here the last two digits represented a county
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The program above, rewritten to use informat lists is:

DATA ADVANCED;

INPOT ID 1-3
@4 (QUES1-QUESA QUESAB QUESAC QUESS-QUESS)(1.)
@20 (DOB ST _DATE END_DATE) (MMDDYY6.);

Well, it didn’t really save much typing, but if you had hundreds or thousands of
variables, the savings would be considerable.

The informat list can also contain something called relative column pointers.
Using + and — signs, we can move the pointer forward or backward in the record.
Next, we show you a novel INPUT statement where relative pointers saved a lot of
coding.
A researcher coded 12 systolic and diastolic bload pressures for each subject
(the number was reduced for illustrative purposes) They were entered in pairs. A
straightforward INPUT statement would be:

INPUT ID 1-3 SBP1 4-6 DBP1 7-9 SBP2 10-12 DBP2 13-15 ete. ;
A more compact method, using relative pointers is:

INPUT ID 1-3 @4 (SBP1-SBR12)(3. +3)
L @] (DBP1-DBP12)(3. +3);

The INFORMAT list (3. + 3) says to read a variable using the 3. INFORMAT
and then move the pointer over three spaces. Thus, we “skip over” the diastolic pres-
sures the first time, set the pointer back to column 7, and repeat the same trick with

the diastolic pressures.

J. “Holding the Line"—Single- and Double-trailing @’s

There are times when we want to read one variable and, based on its value, decide
how ta read other variables. To do this, we need more than one INPUT statement.
Normally, when SAS finishes an INPUT statement, the pointer is moved to the
next line of data. So, if we had more than one INPUT statement, the second
INPUT statement would be reading data from the next record. We have two ways
to prevent this: the single- and double-trailing @ symbols. A single @ sign, placed
at the end of an INPUT statement, means to “hold the line.” That i, do not move
the pointer to the next record until the end of the DATA step is reached. The dou-
ble-trailing @ symbol “holds the line strongly.” That is, the pointer will not be
moved to the next tecord, even if a DATALINES statement (end of the DATA
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step) is encountered. It will move to the
values to be read on a line.

Here are some exam
ples to help make thi

S ke this clear. In the first ex /
e lye :frlhi@ lfenf‘ 1990.‘Unf0rtunately, in 1990, an extra question wz;?sziiie\:ie‘ran :
midde ol q j lonnaire (where else!). We want to be able to combine th et
- %he : ue r::y ;:dcs:cg ‘recor]d according to the data layout for lh:t yz:i ?nla
ed 1n columns 79 and 80 ). In

s s cod (89 for 1989 and 90 f

4d 10 questions in columns 1-10. In 1990 there was an extra qu;)srtilc?r? (zl)etl’[1
s

callit 5B) placed in column 6 i
. and quest i
We will use a trailing @ to read thqese ii;(t):"s gt ovoumdpncumas 11

next record only if there are no more data

DATA QUEST;
i:"mUTYEAR 79-80 @; *** EOLD THR LTNE:
ELSE IF ;z:; = 90 é1 (QUESI'QUB-"HO)(L):
HEN INPUT @1 (QUES1-QUESS)(1.)

@6 QUESSB 1, - W
DATALTNES; 1. @7 (QUES6-QURS10) (1.);

Asi ili
e wan:[ig)lrz :gahxilgﬁ r\:l;;f; ’2 dongle-lra:jlmg @@ s needed is shown next Suppose
and Y’s any irs
We could read these data with a doub]e—lrai‘l?s[gn@? s st XX air perie

DATA XYDATA; A
INPUT X Y 69;

DATALENRS; . -

1279341012

15 18 23 67

H

The data set XYDATA wi i
ould contain six XY paj
10,12 , X pairs, namel
Eain o)i (15,18), and (23,67). Without the double-trailing @ theedy 00,0964
nly two X,Y pair, (1.2) and (15,18). » e cata set would con-

K. Suppressing the Error Messages for Invalid Data

If invalid

meri:;i 1e ldd;rti leéles‘ are regd by the SAS system (such as character data in a n

Lop et lecimal pountsin a number),an error message is placed in the SAuS
g record is listed, and a missing value is assigned to the variable

Below is an example of 2 SA
: S q?
Delow s Log where a character value (‘a ) was read into a nu-

bty i

NOTE: Invalid data for X in line 5 1-1.
RULE: -~ =~ #wm==lencmgmmnmdoommpmn=3onos

X=.
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1 data example;
2 input x ¥ z;
3 datalines;

5a34
y=3 Z=4 _ERROR =1 _N_=2
[ run;

NOTE: The data set WORK,EXAMPLE has 2 observations and 3 variables.
NOTE: The DATA statement used 2.00 seconds.

Although this information can be very useful, there are times where we know
that certain fields contain invalid data values, and we want missing values to be sub-
tituted for the invalid data. For large files, the SAS Log may become quite large, and
the processing time will be longer when these error messages are processed. There
are two ways to reduce the error message handling, First, a single question mark
placed after the variable name will suppress the invalid data message but still print
the offending line of data. Two question marks following the variable name will sup-
press all error messages and prevent the automatic _ERROR_ variable from being
incremented. Here is the INPUT statement to SUppress error messages when an
invalid value i encountered for X:

INPOT X 72 Y Z;

I you are using column input, you would write:

INPUT X ?? 1-2 ¥ 3-4 Z 5-6;

To allow invalid values for X, Y, and Z, we could write:

INPUT 61 (X Y 2)(22? 2.);

L. Reading “Unstructured” Data

Almost all the examples in this text have been either small data sets or balanced
data sets that were relatively easy to read using standard INPUT statements. How-
ever, in: the real world, we often encounter data sets that are not so clean. For exam-
ple, we might have a varying sumber of records for each subject in a study. Another
example would be an unbalanced design where there were different numbers of sub-
jects in each treatment. As these data sets become large, reading them without error
sometimes becomes the most difficult part of the data processing problem. The tech-

niques shown in this section will allow you to read almost any type of unstructured

data easily.
The key to all the examples that follow is to embed “tags” in the data to indicate

1o the program what type of data to read. A t-test example with unequal n's and an
unbalanced ANOVA will serve to iltustrate the use of tags and stream data input.

PR B R At
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Example 1. Unbalanced T-test

The amount and complexit
short and easy to follow. Th
complicated data sets,

We want to analyze an experiment where we had five control and three treatment
subjects and we recorded a single variable per subject. The data are shown below:

y of the data have been reduced to make the examples
e strength of the techniques is their use with larger, more

GROUP
Control Treatmeut
20 40
25 42
23 35
7
30

The simplest, most straightforward method to read these data is shown next:

Example 1-A

***Traditional INPUT Method;
DATA EX1A;

INPUT GROUP ¢ X ag;
DATALINES; . ..
C20C25¢23¢C27cC 30
T40 T 42 735

VAR X;
RUN;

For larger amounts of data, this program contains some problems, It is tedious
and time-consuming to repeat the group identification before each variable to be
tead. This can be corrected in two ways: First, we cant put the information concern-
ing the number of observations per group in the program (Example 1-B) or we can
put this information in the data jself (Example 1-C). As mentioned above, if the
number of observations were large (several hundred or more)

, a single mistake in
counting wouid have disastrous consequences,

Example 1-B Example 1.C

DATA EX1B; )
GROUP=C!;
DO I=1 TO 5;

INPUT X @;
OUTPOT;

b
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[Continned]
QUTPUT;

END;

END;

GROUP='T"'; .

O T 1 6 DRO;.> N I;
INPUT X @; i
QUTPUT; DATALINES;

5
fll;g; I; 20 25 23 27 30
K
3
DATALINES
20 25 23 27 30 40 42 35
40 42 35

PROC TTEST DATA=EXIC;

;ROC PTEST DATA=EX1B; CAL:si .GROUP:'
CLASS GROUP; uu‘{ :
VAR X; RUN;

ROUN;

i i le 1-D
The method we are suggesting for large data sets is shown in Example

below:

Example 1-D

***Réa,iﬁ'ngthe pata with Tags:
DATA EX1D;
RRTAIN. GROUP;
I T DON s @@; T - .
IF DUMMY='C' OR DUMMY='T' THEN GROUP=DUMMY;
ELSE DO;
X=INPUT (DUMMY,5.0);
OUTEUT;
END;
DROP DUMMY;
DATALINES;
¢ 20,25 23 27 30
T 40 .42 35,

W ﬂl thlS |)l()glal we can add 0 de ete dﬂtﬂ without £ ak Ilg a yC 14! \ges toour
l

. ¢’ or ‘T is found,
1. All data items are read as character and interpreted. If aDiT(X stTe;)SrelumS
' iable GROUP is set equal to DUMMY, and the he variable
o va:il the next number. The RETAIN statement prevents the
to rea ‘
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GROUP from being reinitialized to missing each time the INPUT stage.
ment reads a new number—it will keep its value of ‘C’ or *T" until reset.
The INPUT function is used to “read” a character variable with a numeric ip-
format. The INPUT function takes two arguments The first is the variable 1o
“reread,” the second is the informat with which to read that value. Thus, al-
though DUMMY is a character variable, X will be stored as a numeric. We choge
the informat 5. since we knew it would be larger than any of our data values,

- Because there is an OUTPUT statement in the ELSE DO block, the program
will not output an observation when DUMMY is equal to a ‘C’ or a ‘T,
Whenever an explicit OUTPUT statement is used in 2 DATA step, the auto-
matic implied OUTPUT does not occur at the end of the DATA step.

5]

[¥8]

This same program can read data that are not as ordered as Example 1-D, For
instance, the data set

C 20 25 23 7 40 42
C 30735

will also be read correctly, For large data sets, this structure is less prone to error
than Examples 1-A through 1-C. (Of course, We pay additional processing costs for
the alternative program, but the ease of data entry and the elimination of counting
errors is probably worth the extra cost.)

Example 2. Unbalanced Two-way ANOVA.

The next example is an unbalanced design for which we want to perform an analysis
of variance. Our design is as follows:

GROUP
A B C
20 M %9
0 8 %
M 40 9% 8
20 90
50
Gender
A I i]
9% 2
F 5 9%
30 8
65 8
7

The straightforward method of entering these data would be:

DATA EBX2A;
INPUT GROUP § GENDER § SCORE;
DATALINES;
ANM2
AMI30
eto,
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a entry method. For small data sets of this type,
balanced t-test problem and enter the number
bedded in the data. A preferable
here counting would

This is a lengthy and wasteful dat
we could follow the example of th; un -
i itheri r
f observations per cell, either in the program or e ,
?nelhod especially for a large number of observations per cellw
be inconvenient, is shown in Example 2-B below:

weepirgt Method of Reading ANOVA Data with Tags;

DATA EX2A; -
DO GENDER= 'M', Fi s
DO GROUP='A', 'B', 'C'

END;
DROP DUMMY;

> DATALINES;

40:20 50 4 70 804;030

" 450 9060 90 # 25 30

6572 # 70 90 90 80 85 # 20 20 30 ¥

1 o .
ROC GLN DATA=EXZA;

rvations to a cell until a “#” is read in the

; ssigns obse .
This program reads and assig ianermost loop, and the next cell i se-

ishes the
strean. The program then finis d the next cell
?eactttd We can rea[Zi as many lines as necessary for the observations in a given ¢

An improved version of this program is shown next {Example lﬂiﬁe\;/;;hg ::[1;
rogram, we can read the cells in any order, and do not h.avei1 to supp L{; the progren
\Pjvilh the ,cell identification since it is incorporatefi right in ¢ e.: tags.
the program first, and then we will discuss the salient features:

"*uore Elegant Method for Unbalanced ANOVA Design;

QROUP = SUBSTR (DUMNY,1,1);
GRiDER  SUBSTA (DOWKE 3,1
T ’ o ;

'BISE SCORE = INPUT (DUMMY,S.);
DROP’ DUMNY;

3 DATALINES;

3 AM 20 30 40 20 50

: BM 70 80 90
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[Continued)

CH 90 B0 80 90

AF 25 30 45 30 65 72
BF 70 90 90 80 85
CF 20 20 30

N

f
PROC GLM DATA=EX2B;
ete,

This program allows us to enter the cellsinan
as necessary for the observations from a cell, Thig form of data entry is also conve-
nient when we will be adding more data at a later time. The analysis can be rerun
without any changes to the program. Additional observations can even be added at
the end of the original data.

Special features of this program are the use of the VERIFY and SUBSTR
functions. The VERIFY function returns 0 if all the characters in the variable
DUMMY can be found as one of the characters in the second argument of the
function. Note that a blank is included in argument 2 of the VERIFY function
since the length of DUMMY is, by default, equal to eight bytes, which means that
it will contain two letters and six blanks. The SUBSTR function picks off the
GROUP and GENDER values from the DUMMY string, and the INPUT func-
tion converts all character values back to numeric. (See Chapters 17 and 18 for a
more detailed discussion of SAS functions.) A concLUDING NoTE: One of the au-
thors of this book writes these programs with relative ease. The other author calls

him when in need of help. You can’t call either one of us, So, be careful about how
you structure your data sets,

y order and even use as many lines

Problems

121 You have five subjects ina placebo

group and five in a drug group. One way to struc-
ture your data is like this:

GROUP  SCORE
-_—

P 7
76
7
7
78
80
84
38
87
9%

OO OwT e

() Write an INPUT statement to read these data, assuming you have one or more
spaces between the group designation and the score,

Problems 29§

ines like this:
{b) Suppose you prefer to arrange your values on two lines like th

P77P76P74P72P 78
D80 D84 DBSDSIDSIO

Write an INPUT statement for this arrangement.

ine and the five
(c) This time, the five scores for the placebo group arc on the first lin¢ a
scores for the drug group are on another like this:

77 76 74 72 78
80 84 88 87 %0

: i oup
Write a DATA step to read these data. Be sure the data set contains a GR!
as well as a SCORE variable. ‘ -
(d) Medify the program in part {c) so that each of the 10 subjects has a subjec
ber from1 to 10.
12-2. Given the three lines of data:

igni ; the vari-
Write a SAS DATA step to read these data, assigning the four data values to the v
Ti
ables X1 to X4.
12-3. Given the three lines of data:

1,,"HELLO" 7
2,4, TEXT,8
9,046

igning the four data values to the vari-
i to read these data, assigaing the fou
e S$SCD£1F£AZSt\e/gr'\able C should be a character variable. The doxllénlgeq;ciﬁ
a}t:ksl;( i)e ,str,ipped Aff the text strings, and two adjacent commas shou
shoul he
d as containing a missing value. A A
o eparated by one or more spaces, representing a patient

T DX e sand cost. Create a SAS data set called OFFICE from

1D, date of visit, DX code,
these data:

01/96 V075 $102.45
; o 02/05/37 X123456789 §3,123

3 07/07/36 V4568
$771.
4 11/11/36 a123 o e it 0
Vi i lue for patient 3, and the line is not pa )
%‘hmﬁ;)((ilr)n’[u}xﬂ;:;mgf :tDv; code 15 10. (3) The largest cost is $99,999. (4) Use the IN:
FOeRMAT DOLLARS for the variable cost.

12-5. Given the data layout:

Varigble Starting Colunn _ Ending Column _ Type

3 Char
SUBJECT ; : o
X 7 8 Num
X 9 10 Num
; 1 12 Num
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. 1 ines on which to test your program:
Write a SAS DATA step to read these data using starting and ending column specifi- 1 Here are some sample data line yourp
cations in your INPUT statement. Here are some sample lines of data for you to test 1 1 2
your program: ; 12345678901234567890
. ) B -
01 2345
s o
Al2 X 111213 9 OZB::Z{G
Al3 W 102030 E
. ; Y
126 129, Write a SAS DATA step to read a series of X,Y pairs where there are several X,

g;g;ﬁ:%ﬁ;:; z;i:tga:gsgszl;lg 3 aé?na;z‘:)lOV€;1:X®pt usc columm pointers and t pairs per line. Each X,Y pair forms one observation. Here are some sample lines of
1 um|

data on which to test your program:
*12-7. Someone gives you the Tollowing data layout: L

12 34 5

11 12 13 14

Variable  Start Column  Length Description 2122 23 24 25126 27 28

1D 1 3 Num
GENDER 4 ! Char *12-10. You conducted two surveys.
DOB 1 6 MMDDYY -
VISIT 16 6 MMDDYY : Survey ONE format i
DISC 2 Y
SBPI e 30 g mDDY i Variable Starting Column ~ Length  Type
DBPI B 3 Num ) 1 3 Cha
HR1 % 2 Num 1 HEIGHT 4 2 Num
SBF2 3 3 Num WEIGHT 6 3 Num
DBPR2 41 3 Num 3
HR2 4 2 Num ; \
SBP3 % 3 Num ] Survey TWO format is:
DBP3 49 3 Num E
HR3 ) 2 Num Variable _ Starting Column__ Length _ Type
1 D 1 3 Char
AGE 4 2 Num
Write a SAS DATA step to read the two lines of sample data below. Use variable HEIGHT 6 2 Num
lists and informat lists, to read these data, See if you can find a way to read the WEIGHT 8 3 Num

SBP's and DBP's other than the straightforward @30 SBP1 3. @33 DBP1 3. @36

Hl;l etc Thatis by toread al the SBP' together (SBP1-SB3)yourinformat / Alltines of data using the ONE format have a‘1’ in column 12. Lines of data using the
and so on. 1

TWO format have a ‘2’ in column 12. Create a data set using the sample data below:

1 2 3 I3 5 =
- 1 2
123456789012345678901234567 901234567890123456789012345 3
........................... ?--_--_--__--__.____________ b 12345678901234567890
1234 102146111196111396 130 8668134 8872136 8870 B, 3000 e
456F 010150122596020597 220110822101028424012084 E 3 00168155 1
= 00272201 1
*12-8, Write a SAS DATA step to read the following data: E 0034570170 2
’ 0045562 90 2
Varisble _ Starting Column  Length Type
Line 1 D 1 2 Num
X 4 2 Num
Y 6 2 Num
Line2 Al 3 3 Char
A2 6 1 Char
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A. Introduction

Ngw SAS users are often confused by the different ways SAS software can read and
write data to gxternal files. This is due to the fact that SAS programs can read and
write many different types of data files. For example, simple ASCII files (or
EBCDIC text files on IBM-compatible mainframes) are read with INFILE and
INPUT statements, whereas SAS data sets use two-level SAS data set names and do
not require INPUT statements. This chapter discusses several ways that SAS soft-
ware can read and write a variety of data types. The use of temporary and perma-
nent SAS data sets is discussed and the advantages and disadvantages of eacI})1 type

B. Data in the Program Itself

Before discussing how to read data from external files, let’s review how SAS reads

data lines that are part of the program itself, followi
Forexaople program itself, following a DATALINES statement.

DATA EX1;

INPUT GROUP § X Y %;
DATALINES;
CONTROL 12 17 19

298

e TN CINES
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[Continued]

TREAT 23 25 29
CONTROL 19 18 16
TREAT 22 22 29

i

PROC MEANS DATA=EX1 N MEAN STD-STDERR MAXDEC=2;
TITLE ‘MEANS FOR EACH GROUB';
CLASS GROUP; .
VAR X Y Z;

RUN; S

The INPUT method used, whether column specification, informats, pointers,
etc., will not change any of our examples so, for the most part, simple list input is
used The DATALINES statement tells the program that the data lines will follow.
The program reads data lines until it encounters a line that ends in a semicolon. The
examples in this book use a semicolon on a line by itself (called a null statement) to
end instream data. The word DATALINES replaces an older term, CARDS, obvi-
ously a throwback to the past when actual punched cards were read into a card
reader. However, since your children have probably never even heard of computer
cards (maybe you haven't either), the SAS Institute decided that the statement
DATALINES was more appropriate than CARDS.

Before we leave this topic, here is one more (and rare) possibility you may en-
counter. What happens when your data contains semicolons? For example, suppose
you had:

“ DATA TEST: ey
* INPUT AUTBOR $10. TITLE $40.}
DATALINES; )
GMITH The Use of the ; in Writing
FIELD Commentary on Smith’s Book
i

The program, recognizing the semicolon in the first line of data, treats the line as
4 SAS statement and generates more exror messages than you can “shake a stick at.”
The solution to this rare problem is to use the special SAS statement
DATALINES4, which requires four semicolons in a row ;" to indicate the end of
your data. The corrected example would look like this:

FIELD  Commentary on Smith's Boo

(222
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C. Reading ASCII Datg Jrom An External File

It's not unusual to receive data in an external file fo be analyzed with SAS software,
Whether on a floppy diskette on a microcomputer or on a tape used with a majn.
frame computer, we want a Way (0 have our SAS program read data from an exter-
nal source. For this example, we assume that the data file is either an ASCY]
(American Standard Code for Information Interchange) file or a “card image” file
on tape (also called raw data). To read this file is surprisingly easy.

The only changes to be made to program that reads “instream” data with 5
DATALINES statement are: (1) Precede the INPUT statement with an INFILE
statement. (2) Ot the DATALINES statement, and, of course, the lines of data.
AnINFILE statement is the Wway we tell a SAS program where to find external raw
data.

If you are running a batch version of SAS software on a platform where JCL
(Job Control Language) is needed, the INFILE name wil] correspond to a DDname
(DD stands for Data Definition) which gives information on where to find the file.
On MVS batch Systems, the DDname is included in the ICL (Job Control Lap-
guage). On systems such as VM, the DDname is defined with @ FILEDEEF state-
ment. For any of these mainframe systems, a FILENAME statement can also be
used (and is preferrable). For a microcomputer or UNIX system, the INFILE state-
ment can either name a file directly (placed within single quotes) or it can be a

fileref defined with a FILENAME statement, We show examples of all of these vari-
ations,

DATA EX2A;

INFILE 'B:MYDATA' ;

****Thig INFILE Statement tells the Drogram that
our INPUT data is located in the flle MYDATA
on a floppy diskette in the B drive;

INPUT GROUP § X Y 3z,

RUN;

PROC MEANS DATA-EX2A N MEAN STD STDERR MAXDEC=2
VAR X Y Z;

RUN;

i

File MYDATA (located on the floppy diskette in drive B) looks like this:

CONTROL 12 17 19
TREAT 23 25 29
CONTROL 19 18 1§
TREAT 22 22 29

R ——

J 0
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i ove s to
An alternative way of writing the INFILE statement in the example ab

i “ ” ort “nick-
se a FILENAME statement to create an alias, or “fileref, fo.r the file (a sh
Eame” which we associate with the file). This is shown below:

DATA EX2B; )
FILENAME GEORGE 'B:MYDATA';

E GEORGE;
filif;his INFILB gtatement tells the program that

our INPUT data is located in the file MYDATA
on a floppy diskette in the B driv?:
INPUT GROUP § X Y Z;
RUN;

=2 }
PROC MEANS DATA=EX2IB N MEAN STD STDERR MAXDEC:

VAR X Y Z;
RUN;

FILE
Note the difference between these two INFILE stateme.nts.1 Th(:,j f:lstth iIITI\ISingle
statement refers to the external file directly, and ;lhe ﬁflientam.c: hxsa sz;;; i single
i
d INFILE example defines an alias first w :
qu?:te Zr;[(}] fhiic?lges the alias with the INFILE statement. N'ot'lc::hthat l\:lij:yxzﬁauts& 2
i is point is ince it is the only
it is not in si t is important since 1
fitis not in single quotes. This poin
gi:ram can distinguish between an actual file name and a fileref.

A Mainframe Example Using JCL. The mainframe examT%le sI}:]ov:jl}ffne:; Cx:
e ffer
i le shown above. The only
ically the same as the microcomputer examp , renee
?saisrtcﬁli? whail we create the fileref, On an MVS batch system, we would create

fileref with a DD statement in the JCL like this:

//JOBNAME JOB (ACCT,BIN),'RON CODY'

/{ EXEC 8AS ]
//8A8.GEORGE DD DSN=ABC.MYDATA,DISP=SHR

//8AS.SYSIN DD *
DATA EX2C;

E GEORGE;
31K'ﬁ‘iis INFIL!IE gtatement tells the program that the

file ABC.MYDATA containg our external data flle
(Assume it is catalogued);
INPUT GROUP § X Y Z;
RUN;

PROC MEANS DATA=EX2C N MEAN STD STDERR MAXDEC=2 ;
VAR X Y Z;
RUN;

p. te-
I IUS example on a VM syster W()Uld he the same except that a FILEDEF sta
ment WOUId be Used to aSS()Ciate the DDname with the file lnstead Of the DD

statement in the JCL. Here it is:
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Notice here that we can conditionally execute an INFILE statement, thus giving

CM3 FILEDEF GEORGE DISK MYDATA DATA B; us complete control over the file-reading operation.
***The file MYDATA DATA is on the B minidisk;
DATA EX2D;

INFILE GEORGE;

***This INFILE statement tells the program that the
data is located in the flle with FILENAME MYDATA,
FILETYPE DATA, and FILEMODE B.;

INPUT GROUP § X Y 2;

RUN;

Option MISSOVER. The MISSOVER option is very useful when you h.av.e
records of different length and have missing values at the end of a record. This (;s
frequently the case when a text file is created with a word processor ag% tAh; }r\eior s
are ot padded on the right with blanks. Suppose our file called M asa

short record and looks like:

PROC MEARS DATA=EX2D N MEAN STD STDERR MAXDEC=2 i
VAR X Y Z;
RUN;

CONTROL 1 2 3
TREAT 4 5

CONTROL € 7 8
TREAT 8 9 10

These last two examples could also use a FILENAME statement to point to our
data source. Whatever method we use, once we know how to create a DDname or a
fileref on our particular platform, the SAS statements for reading the files are the
same. You will need to refer to your manual on how to create a fileref with TSO or
VSE. Again, the SAS statements will not change.

ram EX2A or EX2B would have a problem reading the second record
of thgf;grliilead of assigning a missing value to the varial?le Z,itwould gotothe next
record and read “CONTROL” as the value for Z and print an error message (since
CONTROL is not a numeric value). The SAS LOG would also contain a NOTE
telling us that SAS went to a new line when the INPUT statement reached past the
end of a line. The remainder of the third record would not be read, and the next
observation in our data set would be GROUP=TREAT, X=8,Y=9, and Z=m. Tﬁ
avoid this problem, use the MISSOVER option on the‘INFILE statement. "[hxs.w1.
set all variables to missing if any record is short. The entire program would look like:

D. INFILE Options

There are a variety of options that can be used with an INFILE statement to control
how data are read and to allow the SAS program more control over the input oper-
ation. These options are placed after the word INFILE and before the semicolon, We
now demonstrate several useful options:

DATA EX2F;
INFILE 'B:MYDATA' MISSOVER;
3 INPUT GROUP § X ¥ Z;

Option END=variable name. This option will automatically set the value of ; RUN;
“variable name” to 0 (false) until the INPUT statement has finished reading the last
data record. This option can be used when you want to read several different files
and combine their data, or when you want to do special processing after you've read
the last record in a file. (An alternative is to use the EOF=label option which
branches to “label” when the end of file is reached.)

The next example first reads data from a file called OSCAR on a floppy diskette
in the B: drive and then from a file called BIGBIRD.TXT located in a subdirectory
C:\DATA.

PROC MEANS DATA=EX2F N MEAN STD STDERR MAXDEC=2 ;
VAR X Y Z
RUN;

Option PAD, When your INPUT statement uses colurpns or pointers and
informats, the option PAD can be used to prevent problems with short records. For
example, to read data values from fixed columns from a file called C: \DATA\

MYDATA.TXT, you could write:

IF TESTEND NE 1 THEN INFILE. $0SCAR*  END=TESTEND;

ELSR INFILE *C:\DATA\BIGBIRD,IXT!;

INPOP GROUP $ X Y 2 © :
RON;

DATA EX2G; P .
INFILE 'C:}DA’!‘A\HYDATA.TXT' PAD;
INPUT GROUP § 1

X 2-3

i Y 4-5

PROC ms DATA=EX2E N MEAN STD ERR MAXDEC=2; z 6-7;
VAR-X Y 2; gae

RUN;
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[Continued]

PROC MEANS DATA=EX2G N MEAN STD STDERR MAXDEC=2 ;
VAR X Y 2Z;
RUN;

Option LRECL=record-length. Yoy may need to specify your logical record
length (the number of columns on a fine, roughly speaking) if it exceeds the defau]t
value for your system. When in doubt,add the LRECL (this stands for logical record
length and is pronounced El-Rec-¢l) option to the INFILE statement, It will not
cause a problem if you specify an LRECL larger than your actual record length. For
example, suppose you have an ASCII file on a floppy diskette with 210 characters

per line and your system default LRECL is 132. To read this file, you would write the
INFILE statement thus:

INFILE fileref LRECL=210;

There are many other INFILE options that allow you more control over how
data is read from external files. They can be found in the SAS Language, Reference
Version 6 (see Chapter 1 for complete references).

There will be times where you have data within the SAS program itself (follow-
ing a DATALINES; statement) and not in an external file, yet you want to use one
or more of the INFILE options to control the input data. We can still use these op-
tions by specifying a special fileref called DATALINES, followed by any options you
wish. Suppose you want to use MISSOVER and you have included the data within
the program. You would proceed as follows:

DATA EXZH;
"INFILE DATALINES MISSOVER;
INPOT X Y 35

DATALINES;

3.

12
45
€7
;-

E. Writing ASCII or Raw Data to An External File

We may have reason to have our SAS program write data to an external file in “card
image,” or ASCII format. Writing raw data to a file would have the advantage of

being somewhat “universal” in that most software packages would be able to read it,
On most microcomputer systems, as ASCI file could be read by a wordprocessing
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am, a spread-sheet program, or 4 data-base management package. Wn;lené;t :tlz
s ,ﬁle is very much like reading data from an external file. We use one st o
- t(;T;lLE to tell the program where to send the data and another, PUTét? 12185
T hich Y riables and in what format to write them. Thus, to read raw da at s
o l}(i Vta tements: INFILE and INPUT, to write raw data files we use the s aﬁT
e USP: ;’Iii?imd PU"I:. Here is a simple example of a program that reads e}r ;awto Z
?II\Z?IS).ATA) creates new variables, and writes out the new file (NEWDATA)

floppy disk:

* DATA EX3A;

- #%+fhig program re da"' “file, creates a nev

sariable; and wr.  fiéw data set to arother file;
var § ’ : ok e

INFILE 'C:MYDATA';. - *itInput file;

FILE 'A:NEWDATA'; ***Output fle;

INPUT GROUP § X ¥ ;. ) "
TOTAL = SUN(OF X Y E); . o
PUT GROUP § 1-10:@13 (X-¥ Z-TOTAL) (5.);

RUN; -

Running this program produces a new file called NEWDATA, which looks like
this:

3

1 2
12345678901234567890123456789012
;:);I‘I‘ROL 12 17 19 48
TREAT 23 25 29 T
CONTROL 19 18 16 53
TREAT 22 22 29 T3

Notice that we can employ any of the method§ of specifying ciluné?lst olr[1 fctﬁ;n:;s'
that are permissible with an INPUT statement, w1Fh the PUT statem y a. b
specified columns for the first varxab!e (GROUP) an i

o ab(l{VC, ?oer the remaining four variables. This gives us complet_e contro !
i f the file to be created. It goes without saying that this example w1 )
. Str'ucmtrheeosame on a mainframe under MVS or VM, provn@ed that the co.rreca
\f;leLl;J]Illlztstatements are issued. Note that on an MVS system, if wIeS ;r[ej ]irr[?t]l)nsgN
new file, we have to provide all the parameters (such as RECFM, DISF, " DSN,

DCB, etc.) necessary for your system.

E  Creating a Permanent SAS Data Set

“card image” data and to write the same

Taw
Thus far, we have seen how to read B e permanent SAS

type of data to an external file. We now demonstrate
data set.
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es
ASAS data i
set, unlike a raw d i
- : W data file, is not
oo lalqs not only the data, but such informati o
: ats (if any). Before we show y oot
oL using permanent SAS data sets,

First, some cons; A
’ 1 AS We mentioned
sets. You ca - . , non-SAS pro
date. or mozlilf;t:sse Aastyplcal editor to read or mogifyg;agjzsc Z[:tl:t read SAS data
program (for cxample Sate}l set requires using SAS software and ::BTO re?d' up-
Product) to display anéj/o change a data value) or using SASIFSP(r) ;r s
o Use SAS/FSP toym y icf)r update an observation. When you write 2 SJ(ASUH Screen
raw data are not mod(;ﬁe(}jl a S?S data set, you must keep in mind that th pr O.gf am
the raw data without mak{nlnthgou ocjlfli no longer recreate the SAS dataesz??mal
SAS data sets typi modification again, Finally, ) Tom
kept in additioilpltf)allll)),eusoer.%f? storage than the original (};li: st:te aﬁlin:rs ol
1 3
storage requirements. ginal raw data, thus more than doubling the lsl)s’lslfelllt}ll
With all these negati
gatives, Why creat
most compelli . lte permanent SAS dat 0
read raw (Ii)ata [;!i ;e::):ﬁ is speed. Considerable computer resoSrzz;sé Probamy the
analyses on 4 data set;:he a SAS data set. If you plan to be runnin e E?ql.ﬂred to
data set permanent for tﬁt \lel not be changing often, it is a good i%igiatn ) dlfﬁerent
, e duration of the analyses § 0 make the
way to transfe analyses. SAS data
Knowing the dfagat::ntlotothe'r Users provided they have SASS:(::SVT - ggood
and formats have a]re: dl;ri; 18 n‘(’j l?inger necessary since all the vari;il:: allkll)blle'
CONTE ! een defined. We wil] , labels,
NTS to determine what is contained in a Sizg fi}:t): iﬁ thow to use PROC

Our first example in thi
ple in this section i :
the ; on 18 to write a SA' ;
program itself, and to create a permanent SAS dig:gtram which has the data in
et.

;1 by software other than SAS,
¢ variable names, labels. ang
’ i \ S,

Ouan example, let’s first discuss the pros and c?)]rl](:

This pro;;;;;;. ----------------------------------
ads data following the datalines st-:;f-:;l;l;!-l;--‘

and creates a
perman
called C:\SASDATA ent S8 data set in a subdirectory

LIBNAME FELIX ‘Co\sasmamy

DATA FELngxu,
INPUT GROUP § X ¥ 3,

AT 23 2520

CONTROL 1918 1

TREAT 22 22 29
e

The Way we dlStlﬂ p ly p y
gulsh b een t
etw cmpora and ermanent SAS data sets is b
the S)AS data set name, If we have a tWO']eVel name (tWO names Separated by a pe-
rl()d , WE are deﬁnmg d permanent SAS data set name. W Ith a Slﬂg]e‘leVel SAS data
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set name, we are defining a temporary data set which will disappear when we exit the

SAS environment.
The first part of the two-level name (the part before the period) names a loca-

tion where the SAS data set will be written. In a PC or UNIX environment, this lo-
cation is usually a subdirectory. SAS uses a LIBNAME statement to assign an alias
or nickname, referred to as a libref in SAS manuals, for this directory. We can have
many SAS data sets contained within a single subdirectory.

When this program execues, the data set EX4A will be a permanent SAS dataset
Jocated in the C:SASDATA subdirectory. If we look at @ list of files in the
C:\SASDATA subdirectory, there will be a file called EX4A.SD2.The extension SD2
may be different for different platforms. Note that on any SAS system, the first-level
name does not remain with the data set; it is only used to point to a SAS library. The
only requirement isthat the first-level name match the LIBNAME within a program.

Now that we have created a permanent SAS data set, let’s see how to read it and

determine its contents.

G. Reading Permanent SAS Data Sets

anent SAS data set, we can use it directly in a proce-

Once we have created a perm
ibref. We now show you a SAS program which uses

dure, once we have defined a
this permanent data set.

LIBNAME: ABC 'C:\SASDATA';
PROC MEANS DATA=ABC.EX4A N MEAN STD STDERR MAXDEC=3"

VAR XY % :
RUN;

w useful it is to save SAS data sefs. Notice that there

You can see right away ho
ve.All that is needed is to define a SAS li-

is no DATA step at all in the program abo
brary (where the SAS data set is located) and to use @ DATA-= option with PROC
MEANS to indicate on which data set to operate. First, observe that the libref ABC
is not the same name we used when we created the data set, The libref ABC s de-
fined with the LIBNAME statement and indicates that we are using the subdirec-
tory C:\SASDATA. Therefore, the first part of the two-level SAS data set name is
ABC.The second part of the two-level name tells the system which of the SAS data
sets Jocated in C:\ SASDATA is to be used. It is important to remember that we must

use the DATA= option with any procedure where we are accessing previously
stored SAS data sets, because the program will not know which data set touse (when

we create a SAS data setina DATA step, the system keeps track of the “most re-
cently created data set” and uses that data set with any procedure where you do not
explicitly indicate which dataset to use with a DATA= option). Just so that we don’t
shortchange the mainframe USETS, the same program, written on an MVS system,

would look something like this:



308 hapter 1 External File: Readin (i 1 em Files
Ci i 3/ Ext ites. dl ganqungRawa dSyst
ioni / P nt SAS Data Sels with

//GROUCH JoB (1234567, BIN), '0SCAR THE'

//  EXEC gas .
Continued]
//8AS . AB = t
//m.sygIgDngsE-ons.ma.s4ss.com,msx==sun
PROC MEAN! _ Protection: Compressed: Xo
VAR X ;'; ‘z"_‘TA”“C‘B“A N MEAN §TD STDERR MAXDEC=3, pata Set Type: gorted: No
/% ! Label:
1/
----- Engine/Host Dependent Information-----
The DD: Data Set Page Size: 8192
name was defined in the JCL indicati Number of Data Set Pages:1
the , Indicating my SAS data set was stored in .
MVS data set called OLS A123.8456.CODY which was catalogucd. O izt bata * P
system, the DDname, or first part of a t i ogued. Un a VM First Data Page: :
atwo-level name, is what VM calls the filetype Max Obs per Page: 254

in the general, filename filet
responds to the SAS seco
command, we could write:

ype filemode method of defining a file, The filename cor- Obs in Fizse para fege: 4

nd-level name, Thus, without even issuing a FILEDEF

PROC MEANS DATA=ABC.EX4A N MEAN STD STDERR MAXDEC=3;

which is valid
valid as long as we have a filetype of ABC and a filename of EX4A. ;  Show o : :
2 X Rum 8 8
H HowtoD i ¢ 1 - x
etermine the Contents of a SAS Data Set ‘o e -

As mentioned earlier, we cannot use our §
data set. How can we “see”
CONTENTS, This very use

o y.stem editor to list the contents of a SAS -
s contained in a SAS datast? We use PROC 8 # Variable Type len Fos
procedure will tell us important information about T

our d : ;
oy aflt:lrl;:]eet iIclaulII;il;tt:irnof ofbser}lz;ﬂons, thfe nmber of variables, the record length, 1 GRowp Char : :
s 1 Cpton. yo can b% of variables (“{hlch xr}cludes labels length, and formats). 2 X Num : 1:
P obtain a list of variables in the order of their position in the 4 i : :‘-‘-“‘ 8 2
. Here are the statements to display the contents of the permanent SAS data E i " J

set EX4A created above:

One final point of information, the DATA= option of PROC CONTENTS can
be used to list all the SAS data sets contained in a SAS library instead of a single
data set. Use the form libref_ALL_ instead of librefdata_set_name. This will dis-
play all the SAS data sets stored in the ibrary referred to by the libref.

I you are working in an interactive, windows type environment, the two com-
mands DIR and VAR {or pointing and clicking appropriately) will show you any
permanent SAS data set and a variable list.

LIBNAME SUGI 'C:\SASDATA';

;ggf CONTENTS DATA=SUGI,EX4A POSITION;

Output from this procedure is shown below:

I Permanent SAS Data Sets with Formats

CONTENTS PROCEDURE

Data Set Name: SUGL.EX{A One special note islneeded to caution you about saving permanent SASV data s‘ets in

Member Type: DATA Observations: 4 which you have assigned user-created formats to one or more of the variables in the

Engine: Y611 Variables: 4 s DATA step. If you try to use that data set (in a procedure for example), you will get

Created: 10:01 Thu, Jul 25, 1996 ;ﬁ:ﬁﬁ:@i 0 B an error that formats are missing. The important thing to remember is this: If you

Last Nodified: 10:01 Thu, Jul 25, 1996 Deleted o::ei:::g;:: : 2z create a permanent SAS data set which assigns user-created formats to variables,
“\'OJ ] you must make the format library permanent as well, Also, if you give someone else

the data set, make sure you give him or her the format library.
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To make your format library permanent, add he LIBRARY=libref option 1,
PROC FORMAT. You may either use a special fibref called LIBRARY or one of
your own choosing, If you choose your own libref, you need to supply a system option
called FMTSEARCH:(Iibref) totell the program where to look for user-defined for-
mats, Since this sounds rather complicated, we show the code to Create a permanent
format library and the code to access a permanent data set where formats were used,

Code to Create a Permanent Format Library and Assign the Format to a Variable:

LIBNAME FELIX 'C:\SASDATA';

OPTIONS FMTSEARCH=(FELIX);

***ie will place the permanent gag data sets and the
formats in C:\gAspam, ;

PROC FORMAT LIBRARY=FELIX;
VALUE $XGROUP ' TREAT' =' TREATMENT GRP'

'CONTROL ' = ' CONTROL GRP';
RUN;

' DATA FELIX.EX4A;
INFUT GROUP §$ X Y 2;
FORMAT GROUP $XGROUP. ;

DATALINES;

CONTROL 12 17 19

TREAT 23 25 29

CONTROL 19 1§ 16

TREAT 22 22 29

Program to Read a Permanen; SAS Data Set with Formats

LIBNAME ¢ 'C:\SASDATA';
OPTIONS FMTSEARCH=(C) ;

**4Ta]] the Program to look in C:\SASDATA for uger
defined formats;

PROC PRINT DATA=C .EX4A;
RUN;

In this example, the libref FELIX was used when the SAS data set and the
Permanent SAS format was created, A different libref, C, was used in the subse-
Quent program when the data set was accessed. This was for illustrative purposes
only. In practice, most SAS Programmers use the same libref to point to a specific
subdirectory,

It someone gives You a SAS data set that has user formats defined and does not
give you the format library, don’t despair! You can at least get the procedures to
work if you use the system option NOFMTERR. This option will allow you to
Process the data set that contains missing formats by supplying SAS system defaults
to the character and numeric variables,
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J. Working with Large Data Sets

“arge” is
ta sets. Of course, “large
i ideration / when we process large data ses 4 "
deration s necessary W I ' iy
Spefalililv?ttsrlm. On a small microcomputer, 50,000 observallonfj ;ghsets bl it
be: sidered large. On a mainframe, users frequently processduce e eesing e
b;c:r[xllations A few simple techniques described here can re
abs .

arn d memor y usage (3Hd cost if yOu e paymg or lt) for prOCeSSlﬂg a la ge flle

1. Don'’t read a file unnecessarily. For example:
Inefficient Way:

LIBNAME INDATA 'C:\MYDATA':

DATA TEMP;
SET INDATA.STATS:

RON;

PROC PRINT:
VAR X T-Z;

The DA TA step in the Ille‘ﬁclent example 1§ unnecessar y It Sllnply
N p I
COpleS one data set into an()the[ N¢J that the PR()C I RINI can use the deiault mos

isi is i 01 error.
recently created data set. Surprisingly, this is a comm

i more
2. Drop all unnecessary variables. Not only (.10 more \lrlanables take up
. § ac[; they slow down DATA step processing as we. .
Iﬁefﬁ;icnt Way (if all you want is the quiz average):

DATA QU o !
INPUT @1 (QUIZL-QUIBLO)
:mljgin (oF QUIZISQDTZ10);

DATALINES;

Efficient Way:

DATA QUIZ, 3"'“

@1 (QUIal-QUIZL0) (301
égigvz < HEAN (OF QUIZL-QUIE10);
DROP- (QUIZ1-QUIZ10);

DATALINES;
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3. Use a DROP (or KEEP) option on the SET siatement rather than a

Es

DROP (or KEEP) statement in he DATA step. When a DROP option is
used, only the variables still in the data set will be brought into the Pro-
gram Data Vector, which can result in a significant decrease in processing
time.

Inefficient Way:

DATA NEW;

SET OLD;
DROP X1-X20 A B;
ete.

Efficient Way:

DATA NEW

SET OLD (DROP=X1-X20 A B);
ete.

Do not sort data sets more than necessary. For example, if you need your
datain DAY order and know that later in the program you need it in DAY-
HOUR order, do the two-level sort first.

Inefficient Way:

PROC SORT DATA=MYDATA;
BY DaAY;

RUN;

ete,

PROC SORT DATA=MYDATA
BY DAY HOUR;

RUN;

ete.

Efficient Way:

PROC SORT DATA=MYDATA;
BY DAY ROUR;

ROUN;

ete.

- Think about using a CLASS statement instead of a BY statement with

PROC MEANS. This will eliminate the need to sort the data but will re-
quire more memory to run,

[=2Y
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Inefficient Way:

PROC SORT DATA=MYDATA;
BY DAY;
RUN;

PROC MEANS DATA=MYDATA N MEAN NWAY;
BY DAY;
VAR ...}

RUN;

Efficient Way:

PROC MEANS DATA=MYDATA N MEAN NWAY;
CLASS DAY;
VAR ...

RUN;

t -
When a small subset is selected from a large file, use the WHERE state
ment instead of a subsetting IF statement.

Inefficient Way:

DATA ALPHA;
SET BETA;
IF X GE 20;
RON;

Efficient Way:

DATA ALPHA;
SET BETA;
WHERE X GE 20;
RUN;

or

DATA ALPHA;
SET BETA(WHERE=(X GE 20));

RUN;
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7. Use a WHERE statement in a PROC when

oo

Chapty
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procedure on a subset of the data
Inefficient Way: .

DATA TEMP DATA=MYDATA;
SET OLD;
WHERE AGE GE §5;
RUN; 5

PROC MEANS DATA=|
=NYD,
R .. ATA N MEAN STD;
RUN;

Efficient Way;

FR0C NEAIS IAmASRTAT 1 s s,

WHERE AGE GE 65;
VAR .., .;

RON;

or

PROC MEANS. DATA=MYDA
VR ...y ATA(WHERE= (AGE GE.65)) N MEAN 51D
RUN; i

Use ELSE IF instead of mult;
et W multiple IF statemens.

DATA SURVY;
:::PETL;D AGE HEIGHT WEIGHT;
. AGE LT 20 THEN' =
I 20 18 s 1 " AGEGRE=1;

you only need to run a single

SectionJ / Working with Large Data Sets

Efficient Way:

DATA SURVY;
INPUT ID AGE HEIGHT WEIGHT;
IF 0 LE AGE LT 20 THEN AGEGRP=1;
ELSE IF 20 LE AGE LT 30 THEN AGEGRP=2;
ELSE IF 30 LE AGE LT 40 THEN AGEGRP=3;
ELSE IF AGE GE 40 THEN AGEGRP=4;

RUN;

9. When using multiple IF statements, place first the one most likely to be t

Inefficient Way (most of the subjects are over 05):

DATA SURVEY;

SET OLD;
IF 0 LE AGE LT 20 THEN AGEGRP=1;

ELSE IF 20 LE AGE LT 30. THEN AGEGRP=2;
ELSE IF 30 LE AGE LT 40 THEN AGEGRP=3;
FLSE IF AGE GE 40 THEN AGEGRP=4;

RUN;

Efficient Way (most of the subjects are over 65):

" 8BT OLD;
IF AGE GE 40 THEN AGEGRP=4;
ELSE IF 30 LE AGE LT 40 THEN AGEGRP=3,
ELSE IF 20 LE AGE LT 30 THEN AGEGRP=2;
ELSE IF 0 LE AGE LT 20 THEN AGEGRP=1;

RUN;

10. Save summary statistics in a permanent SAS file if

computations with it.
Inefficient Way:

LIBNAME C 'C:\MYDATA';
PROC MEANS DATA=C.INDATA;
CLASS RACE GENDER;

VAR . . .
RUN;

315

Tue.

you plan to do further
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Efficient Way:
Inefficient Way:

LIBNAME ¢ 'C:\MYDATA';

PROC MEANS DATA= ]
CLASS Ay e LNDATA Ny, 1 DATA COMBINE;
S RACE GENDER; :
VAR ..., ; ;. SET BIGFILE NEWFILE;
RUNotJ'rth'r OVT=C. SUMAARY Meaws ; _ RUN;
i
Efficient Way:

11 Use
NULL_ a5 a data set name whep you only want to process records

from a file (such as d i ]

ata cleaning) but do no . i
data set. Y ot want to keep the resulting ; PROC APPEND BASE=BIGFILE DATA=NEWFILE;
Inefficient Way: 1 RUN;

Problems

13-1. You receive a text (ASCII) file, called FRODO, on a floppy diskette. The data layout is
as follows:

Variable  Col(s)

Efficient Way: D 13
AGE 5-6
HR 8-10
SBP 12-14
DBP 16-18

A few sample records are shown below:

2 s 123456789012345678 (Columns listed here,
- dave your SAS system files i ) B 0 meemmmmeremeeme not on the diskette)
Readinga sy e 5 -0 therproessing ofthe da, ] 001 56 64 130 80
ch more efficient than reading raw data, 002 44 72 180 Note: No DBP recorded for
3 003 64 78 140 88 this ID (short record)

13. Use “OPTIONS OBS=p" 1§ ei
. =", where n is either zero or a small
testing your code. Remember to set it back with “OI’I'IOI\? S g%nélflill‘?;’l

before you do any more processi ]
cessing, B ;

OPTION. You may windpup replaiin EaZER,Y,CAREFUL WITH THIS 3 You place this diskette in the A: drive of your computer. Write a SAS program that

empty one, g an existing SAS data set with an | will read this file and do the following:

(a) Create a permanent SAS data set called BILBO on the floppy diskette in drive A.
This data set should contain AGE, HR, SBP, and AVEBP, where AVEBP is defined
as two-thirds of the diastolic blood pressure (DBP) plus one-third of the systolic

15. Use PR 1
OC APPEND to add new data to a large file, blood pressure (SBP). (This is actually a weighted average of the DBP and SBP with
E weights of 2/3 and 1/3,since the heart spends more time in diastole than systole.)

14,
Use PROC DATASETS to rename variables or change variable labels
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(b) Create another SAS system file called HIBP, which contains only records of sub-
jects with AVEBP greater than or equal to 100,

13-2. You are given a diskette with two files: SURVEY.SD2 and FORMATS.SC2. The for-
mer iS a SAS system file {compatible with your version of SAS software), and FOR-
MATS.SC2 is a user-defined format library. You copy these two files to a subdirectory
called C:\SASDATA on your hard disk. Two variables of special interest in this data set
are ICD_9 and AGE. The format library contains a format for ICD_9, and that format
has been assigned in the data set to ICD_9. Write a SAS program, for a computer sys-
tem you use (mainframe MVS, VM, Windows, Windows95, UNIX, etc.) that will read
that data set, recognize the format library, and produce a frequency distribution of the
1CD_9 codes in decreasing order of frequency (PROC FREQ option ORDER =

FREQ). Also, compute descriptive statistics for AGE (n, mean, standard deviation,
standard error, minimum, and maximum)

Data Set Subsgtting,
Concatenating,
Merging, and Updating

A. Introduction
B. Subsetting .

C. Combining Similar Data from Multiple SAS Data Sets
D. Combining Different Data from Multiple SAS Data Sets
E. “Table Look Up”

F. Updating a Master Data Set from An Update Data Set

13-3. You have collected demographic data for the years 1996 and 1997. The data for 199 is
placed in a file called DEM_1996, and the data for 1997 is placed in a file called
DEM_1997. These two files use the same data layout (see below), Both files are located
onafloppy disk that you place inthe A: drive of your computer, Write 2 program to read
all the data from both files, and create 3 single, permanent SAS data set to be located in
CAMYDATA. Call the SAS data set DEM_9697. The data layout for both files js:

Starting A. Introduction

Variable Column  Length Type L : h
——— 70 gt Type . tion where

D 1 3 Char This chapter covers some basic data set operatlon; Sul‘a’;ettmi ils(l)l y(x)rgi;at o combine

AGE 4 2 Num data set to form another. We ma

we select a subset from one o explores several
JOB_CODE 6 1 Char . ingle SAS data set; this chapter expl
into a single
SALARY 7 6 Num data from several data sets ;

ways of doing this. Let’s take these topics one at a time.

13-4 You have a raw data file called SAMPLE.DTA on a floppy disk. The file contains 100
numbers per line, and the values are separated by one or more spaces. The length of the
longest line is 320 bytes, and some lines contain fewer than 100 numbers, Write a SAS
DATA step that will read this file from the floppy disk in drive B: and wil] assign the 100

values (0 the variables X1-X100. Assume that the default logical record length for your
System s less than 320 bytes.

B. Subsetting

i i ET
We have already seen some examples of data subsetting. Thefkey heree \;SSt,i; 33[3
ich“ " ions from a SAS data set to form a n
statement which “reads” observations AS ey anyof
i the original data set, we ca
. As we process the observations from g . iy
iﬁte éalues,ireate new variables, or make a decision whether to include the observ

tion in the new data set. A simple example:

135,

Run the pragram below to create 2 SAS data set called MILTON, Next, write a SAS
DATA step that will read the values from MILTON and write the data for variables A, B,
and Ct0 a raw data file to the subdirectory CAMYDATA. Call the Output data file QUT-
DATA, and write the values for A, B, and C to columns 1-3,4-6,and 7-9, respectively.

" #**DATA gtep o create MILTON;
DATA MILTON; ’

INPUT X YA B ¢ 2;
DATALINES;
1234534
11 22 33 44 55 ¢¢
;

In this example, data set ALL contains a variable, QENDER, which has vli;lu;;
of ‘M’ and ‘F’. The ,IF statement, used in this context, is called a subsetting [E

318
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those of you familiar with other Programming languages, this is a “funny”looking [F
statement-there is no THEN clayse. [f the IF statement is NOT true, the observation
will be deleted and the DATA step will return to the top. If the IF statement js true,
the DATA step will continue in the normal fashion, Therefore, any observation with
GENDER equal to ‘F will be written to the new data set WOMEN. You could alsg
write (assuming you have values of ‘M’ and ‘F jn your data set):

IF GENDER NE My

Be careful here. If there age any observations with missing or miscoded values
{Le., any value that i not an ‘M)

for GENDER, the statement above would adq
those observations to data set Wi

OMEN, It is usuaily better to indicate what you
Want, rather than what you do not want,

We can use any logical ex;

pression in the IF statement to subset the data set. For
example, we could have:

DATA OLDWOMEN;
SET ALL;

IF QENDER = 'p! AND AGE >65;
ROUN;

With the release of version 6 of SAS software, an alternative to the subsetting [F
Statement, called the WHERE Statement, became available. Although there are sey-
eral subtle differences between using IF and WHERE statements, we can subset a
data set just as easily by substituting WHERE for IF in the programs above. When

the data set we are creating is a small subset of the original data set, the WHERE
statement is usually faster and moge efficient. In addition,

using the WHERE statement ig SAS PROCEDURE, § )
of RACE and INCOME only for

PROC FREQ DATA=ALL;
WHERE GENDER = 'F'y
TABLRS RACE INCOME;

RON;

If we want torun a procedure for all levels of a variable, we should use a BY state-
ment instead. We have found the WHERE statement particularly useful when we run
t-tests or ANOVASs and we want to eliminate one or moge groups from the analysis.
Suppose, the variable GROUP has three jevels (A, B, and C) and we want to Tun a
t-test between groups A and B, Using the WHERE statement greatly simplifies the job:

PROC TTEST DATA=data_get_na
“WHERE  GROUP='A' OR' GROUE,
“CLABS GROUPY
VAR ..., ;

RUN;

pr—
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C. Combining Similar Data from Multiple
SAS Data Sets

ini iables. To
h containing the same varia
e several SAS data sets, eac rables I
. ?szg zztgas‘;t from multiple SAS data sets, use the iET Stt[?éedn;::a o nane
achof he data sets to be combined. For example, to com 11;;: e e
eaCIS1 ((;fttae ts MEN and WOMEN into a single data set calle
SAS data se

following program could be used:

DATA ALLDATA;
SET MBN WOMEN;
RUN;

Data set A L AIA wil] contaim a; the observations from the data s€
fOnOWed by a“ the ObServatlonS t[oﬂl the data set WO EN

D. Combining Different Data from Multiple
SAS Data Sets

ine different information from multxple
S deHLO;Setﬁ:eh: :‘rll:;tce(r)?ttljldent data set.that contains Soc1tz;1 :(ej;l;
——y S; PP;)S student names (NAME). We then give a test and c.retaout da
T ot ('S . dent SS numbers and test scores. We now want to pn:]listings.
o th?it C‘zﬂta::;i‘; naI:nes and scores. Below are sample master and tes :
of student nu , ,

S Name

123-45-6789 COI?['YH

98765432t SMI

111223333 GREGORY Master Data
222334444  HAMER

777-66-5555 ~ CHAMBLISS

Ny Score
123456789 100 Test Data
987-654321 67
M R

i bers in
To merge the student names in the MASTER data set with the SS numl
o .
the TEST data set, we first sort both data sets by SS:

PROC SORT m’rhmmi
. BY 88; E
RUN;

PROC SORT DATA=TEST;

. BY 88:
RON;

R e s
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To merge these two data sets into anew data set, we use a MERGE statement:

DATA BOTH;
MERGE MASTER TEST;
BY 8s;
FORMAT SS SSN11.;
RUN;

Since the MASTER and TEST data sets are now sorted by SS, the MERGE op-
eration will attempt to combipne observations from each of the two data sets when

the S8 has the same value in each observation, Let’s look at the observations from
these two data sets, in sorted order, side by side:

Data Set MASTER Data Set TEST
8 Name sS Score
_— Tame
111-22-3333 GREGORY 123-456789 100
123-45-6789 CoDY 202-33-4444 92
222-334444  HAMER 987-65-4321 67

777-66-5555  CHAMBLISS
987654321 SMITH

The first SS number in data set MASTER is not found in data set TEST. There-
fore, when the MERGE takes place, the first observation in data set BOTH will have
amissing vaiue for SCORE. The pext observation in MASTER has a §§ number of
123-45-6789. This number is found in both data sets, so the second observation in
data set BOTH will contain a vajue 0f 123-45-6789 for SS, the NAME ‘CODY’ and
a SCORE of 100, This process continues until all the observations in data sets

MASTER and TEST have been processed. The resulting data set BOTH will have
the following observations:

Data Set BOTH

8§ Name Score
111-22-3333 GREGORY .
123-45.6789 copy 100
202-33-4444 HAMER 2
777-66-5555 CHAMBLISS
987-654321 SMITH 67

Most likely, we would like the merged data set to contain only those observa-
tions for which there was a test score, The data set option IN=logical_variable fol-
lowing either (or both) of the data set names listed in the MERGE statement gives
Us control over which observations are added to the merged data set. The value of
logical_variable will be true (1) if that data set has made a contribution to (has a
nonmissing value for the BY variable) the current observation being created. If not,
it has a value of false (0), The logical_variable created by the IN= data set option is

. Sets 323
Section D / Combining Different Data from Muttiple SAS Data

i t is not added
temporary variable that can be used anywhere in the DATAts(t)epziE: B
; thepnew data set. Let’s see how we can use the IN= data set V];e i the o
t(i) ervations in data set MASTER who did not take the test.
obs

gram above as follows:

DATA BOTH; :
MERGE MASTER TEST (IN=FRODO);

BY SS;
IF FRODO;
FORMAT SS S8N11.:
RUN;

i iable
The IN= option following the data set name TEST dcreatgs ttl}xlee 11(%1;2]1} (\j/;itrzllasEt
. ts 1n y
imi erged data set to only those studen .
FRODO.;%;[E;;;hIeFIthgement to make sure that the studept had an observation
e a ! :
i“r,i;:z TEST data set. The resuiting merged data set (BOTH) is

Data Set BOTH
ss Name  Score

123456789 CODY 100
20334444  HAMER 9%
987654321 SMITH 6

' spondin

Suppose there were observations in the TEST 1(liatla Nset ;vgxg;t jp:;)orrrli t[()) Creati

Id we use the IN=da cre:

i ASTER data set. How woul . tosrene
et tehdeci\;lta set that only contained observations Where ther}? “;at; : jg?a roution
? :)n;rlfoth of the data sets? We could use an IN= option for each 0

s

test that both Jogical variables were true, like this:

DATA Bog;ms IR (m-iﬁm) Tgs!if:j'V(ménom)'
BY 88 ¢ o

1P BILBO AND: FRODO;

FORMAT 85 88N11.5.

* “RUN; :

The general syntax for the MERGE statement 1s:

=var_name);
MERGE data_set_one (IN=var_name) data_set_two (IN:

BY match_vars;
one and data_set_two are the two data sets to

. set .
Inthis syntax exampl,data s each data set name, if used, can control which

be merged; the IN= option that follow
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observations will be included inthe m
program how to select observations fr

If the BY variable has a different
use a RENAME option in the MERG
in the TEST data set, we would write:

erged data set. The BY statement will tel] the
om the two data sets,

variable name in one of the data sets, you can
E statement. For example, if SS were called [D

MERGE MASTER TEST (IN=INTEST RENAME= (ID=85));

This brings in an observation from da
purposes of the MERGE. Note that
mains ID.

We should mention that MERGE can be used without aBY statement. Whep

that s done, the observations are combined in the order they appear in the two data

sets. (This is extremely risky and we recommend that you never do it.)

ta set TEST and renames ID 1o SS for
the variable name in the data set TEST re-

E. “Table Look Up”

This section explores some other ways that merging can be used to perform a “table

look up.” By table look up, we mean that one can pull information from a dataset based
on.one or more citeria and add that information to the current data set. Some simple
examples will make this clear, We have one data set which contains [D numbers,
YEAR, and white blood count (WBC). Some sample observations are shown here:

D Year wanC
—_ Bt

1 1940 6000
2 1940 8000
3 1940 9000 Data set WORKER
1 1941 6500
2 1941 8500
3 1941 8900

Next, we have a data set that tells u

s the benzene exposure for these subjects for
each year,

Year  Exposure
——— __“Aposure

1940 200

1941 150 Data set EXP
1942 100

1943 80

What we want is to add the col

rrect exposure to each observation in the
WORKER data set, The SAS stateme

0ts to perform the merge are:

PROC SORT DATA=WORKER;
BY YEAR;
RON;

PROC SORT DATA=EXP;
BY YEAR;
RON;

3
b

5
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[Continued]

mmlmig;m;g:!'mk {IN=INWORK) EXP;
BY YEAR;
IF INWORK;
RON;

The resulting data set, COMBINE is shown next:

ID Year WBC  Exposure

1940 6000 20
1940 8000 20
1940 9000 200
194t 6500 150
1941 8500 150
1941 8900 150

Data set COMBINE

(IO NP

We now extend this problem to include two BY variabtleéu\lr/elo\zzll(nlt] [t)o tjls)iggoa:ﬁ
WORK assignment.
sure based on the YEAR and the ‘ :
:i’;fso olflyears, work codes, and exposures. Here is the look up table:

Year Work Exposure

1940  MIXER 190

1940  SPREADER T%

1941 MIXER

1941 SPREADER 150 Dataset EXP
1942 MIXER %0

1942 SPREADER 100

1943 MIXER 7

1943 SPREADER 80

ts:
The WORKER data set now contains the YEAR, WORK code,and WBC coun

ID  Year Work WBC
1 1940  MIXER g&(ig
ER
g 113£ i«fll;(l;:i?l]) 9000 Data set WORKER
1 1941 MIXER 6500
2 1941  MIXER 8500
3 1941  SPREADER 8300

o f e
To add the correct exposure to each observation in the ngl;l)idl: ii:;z:{ EeR éVE
have to“look up” the exposure for the correct YEAR and WO .

statement with two BY variables will accomplish this for us:

PROC SORT DATA=WORKER;
BY YEAR WORK:
RON;
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[Continued]

PROC SORT DATA=EXP;

BY YEAR WORK;
RUN;

DATA COMBINE;

MERGE WORKER (I
=INWORK ;
BY YEAR WoRK, ) EXp;
IF INWORK;
RON;

The merged data sey (COMBINE) is shown next:

D Yegr Wo
L WBC E
19 40 MIXER Xposure

1
6000
3 1940 MIXER 9000 113(())
2 1940 SPREADER 8000 200
; 119941 MIXER 6500 140
40 MI
; XER 8500 140

191 SPREADER 8900 150

E .
Updating o Master Data Set from An Update Data Ser

data set. The update data set would

: ontai
Typically, the update data set would b niain part numbers and new, updated prices,

observations o e smaller than the master data ;

data set may Cor:z]aifs;gz?ie Pab” numbers with pew prices. In additis(: Tl]i Cuondta:[1
. um| . ’ ale
is an example: ers that are not present jn the master data get l;Iere

PARTNO  Price
\
1 19

4 i)
MASTER ¢
6 » ata set
7 s
PART NO Price
4 U
UPDATE ¢
3 7 ata set
7

Wi
€ sort both data sets by PART_NO and thep perform the UPDATE:
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The resuit is:

PART_NO  Price

1 19
4 24 NEWMASTR data set
5 37
6 22
7 45

Note that the missing value in UPDATE does NOT replace the corresponding
observation in MASTER.

Problems
141 You have a file containing gymnastic scores for boys and girls, as follows:

ID  Gender Age Vault Floor PBAR

3 M 8 75 7.2 6.5
5 F 14 79 82 6.8
2 £ 10 56 57 58
7 M 9 54 59 6.1
6 F 15 82 82 79

(a) Create a SAS data set called GYM from these data.
(b) Create a subset of these data for males only. Call it MALE_GYM.

(¢} Create another subset of GYM for all females greater than or equal to 10 years of
age. Call it OLDER_F.

14-2. You have two data files, one from the year 199 and the other from the year 1997, as

follows:
File for 1996 (DATA%%) File for 1997 (DATA97)
ID  Height  Weight ID  Height  Weight
2 68 155 7 n i1
1 63 102 5 78 20
4 61 111 3 66 105

Create a SAS data set from each file (call them YEAR199 and YEAR1997, respec-
tively). Combine the data from each data set into a single file (call it BOTH).

14-3. You have a separate file on the children in problem 14-1.This file contains ID numbers,
income ranges,and the parents’ last name as follows:

ID  Income L_NAME

3 A Klein

7 B Cesar

8 A Solanchick
1 B Warlock

5 A Cassidy

2 B Volick
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Note that t ' i i

th da; S:te;zlz;erz illi) (; r\flor which there is no GYM data and vice versa. First, create 3
e mereot s GYM§4Y from thle data above. Next, merge the two data ;ets (call
GYM dots st Nt u(t)l;lﬁﬁi) gnclgdmg only those ID’s that are present in the
i St showing ID, last name, gender, and age. Have this

144, Combi
pmlg]eﬁelt‘;h_; %;Il\/{l}:'i?gljﬂt{ da:ia set from problem 14-3 with the data set BOTH from
. ing data set FRE, swi i
both data sets. List the contents of this data st]‘i.DY e oD it i
14-5. You have a finacial
data set from probl

data from GYMM

e}:xlla;lﬁgsed on income range and gender. Using the GYMMONEY
e l, creat'e anew data set called FINAL, which contains all the
along with the correct financial planbased on the table below:

Income Range  Gender  Financial Plan

A M w
A F X
B M Y
B F Z

Produce alisting of this data set.

14-6. You hav i i
b Ona]\:t‘ia s‘:? nz\fv mfolrmatlon on the gymnasts in problem 14-1. Subject 3 now has
respccﬁ;el R; ;u ject Sis Tlow 15 and has scores of 8.1 and 72.0n VAULT and P BARa
. dat;{, ::t (J:;C:}Z' Swa\s lnpffrrectly entered as a male and should be female, Cr;ate ar;
1 new Information and updat ‘
Call the updated data set GYM_2,and providepa ?isiirtll;e e fom ot 141

CHAPTER

Working with Arrays

A. Introduction
B. Substituting One Value for Another for a Series of Variables
C. Extending Example 1 to Convert All Numeric Values of 999 to
Missing
D. Converting the Value of N/A (Not Applicable) to a Character
Missing Value
E. Converting Heights and Weights from English to Metric Units
F. Temporary Arrays
G. Using a Temporary Array to Score a Test
H. Specifying Array Bounds
1. Temporary Arrays and Array Bounds
J. Implicitly Subscripted Arrays

A. Introduction

SAS arrays are a facility that can reduce the amount of coding in a SAS DATA step.
Although often thought of as an advanced programming tool, there are many appli-
cations of arrays that can be easily mastered. This chapter demonstrates some of the
more common uses of SAS arrays.

One of the most common uses of arrays is to shorten a program that repeats one
or more lines of code with the only change being the variable names referenced in
cach of the lines. You will see that you can write “model” lines, replacing the variable
pames with arcay names and, by placing these mode! lines in a looping structure, you
can effectively replace hundreds or thousands or millions or ... lines of code with just
afew lines. OK., we sometimes get carried away with how useful arrays can be!

B. Substituting One Value for Another for a Series
of Variables

One of the best ways to learn how to use arrays is to first write a few lines of SAS
code without them. Once you see the pattern, you can write your array statement,
your “mode}” lines of code, and decide how to place those model lines in a DO loop.
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18'0’ forfthls example‘and for most of the examples in this chapter, you will see some
ines o SAS code without using arrays and the corresponding coding using arrays
For this first example, imagine that you have been given a SAS data set where.a
value of. 999 was entered whenever there was a missing numeric value. {Yes, you
guessed it, probably a converted SPSS data set!) Here is a DATA step thz;t con;/é t
the values of 999 1o missing, without using SAS arrays: ”

Example 1: Converting 999 to nissing without using an ax"rﬁy ]

DATA MISSING; i

88T OLD; N

IF A= 999 THEN As .;
IF B=999 THEN B« .;
IF C=999 THEN C .,
IF D=999 mD:.;
;33'999 THEN BEz,;
RON;

I
*

Do you see a pattern here? Good, Here is the same program using arrays:

L P05 ’
. AP-X[I] = 999 THEN.
END;
DROP I;
RUN;

( hO.K., it’s not tl}a.t much shorter. But, if we had to recode hundreds of variables
g(r); :n ?visri[:;js or millions!) you would clearly see the advantage. Here's how the pro-
You first need to create an array to represent the five variables A, B, C. D, and E.
You can choose an array name using the same rules you use for SAS \,/ar’iak;le’namcs;
However, be sure not to use the same name for a SAS array as for a variable in the
same DATA step. In the example above, the array name is X, Next.in square brack-
ets [. ] cur.ly brackets | |, or parentheses { ), you enter the nurixber of elements
(variables) in the array. You may, if you are “counting challenged” (as is one of the
authors), use an asterisk in place of the number, Also note that, on some operatin
Systems and versions of SAS software, parentheses are not acéeptable. We usualls
use, and prefer, square brackets. Following the brackets is a list of SAS variablé

e ————
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names. You may list them explicitly or use any of the SAS DATA step conventions
that refer to a group of variable names such as the single dash, double dash, or the
reserved names _CHARACTER_ or _NUMERIC . Be forewarned that an array
cannot contain a mixture of character and numeric variables. A later example will
demonstrate how to create an array of character variables.

Having created your array, you can refer to any of the array elements by using
the array name and the appropriate subscript within brackets. In this first example,
the element X[3] would represent the third element in the array, C. Just substituting
an array element for a variable name in a DATA step would accomplish little. The
most common use of an array is to place it in an iterative loop such as a DO loop, a
DO WHILE, or a DO UNTIL structure. In the example above, for each of the iter-
ations of the DO loop, you are setting values of 999 to missing for each of the ele-
ments of the array and, therefore, each of the variables A through E.

If you are not familiar with DO loops, the syntax is:

The SAS statements between the DO and END statement will be repeated ac-
cording to the directions specified in the DO statement. In the first example, the
index variable I was used as the counter, and the iteration went from 1 to 5. Since the
INCREMENT value was omitted, it defaulted to 1. Also, don’t forget to DROP DO
loop counters in your DATA step.

C. Extending Example I to Convert All Numeric Values
of 999 to Missing

Here is a useful extension of Example 1 that converts values of 999 to missing for all
numeric variables:
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First, you may wonder where the array name PRESTON came from. That's easy,
It is the name of one of the authors’ youngest boy, who loves to program (and has
visited the SAS Institute). The reserved name _NUMERIC_ refers to all the ny-
meric variables in the data set ALL. Since it might be a lot of trouble to count how
many numeric variables there are, you use the asterisk {*) instead of the actual num-
ber. The only trick here is that you don’t know the ending value for the DO loop.
Luckily, the DIM function comes to the rescue. The argument of the DIM function
is an array name, and it returns the number of elements in the array.

D. Converting the Value of N/A (Not Applicable)
to a Character Missing Value

For this problem, you have a SAS data set called OLD where the character string
"NIA’ (not applicable) was used in plact of a character missing value (a blank), You
want to convert the values of ‘N/A’ to missing for several character variables, As
before, here is the program without arrays:

*,

DATA NOTAPPLY;
SET OLD;
IF 81 = 'N/A' THEN 81

=II,

IF 82:= 'N/A' THEN 82 = '

IF 83 = 'N/A' THEN 83 = ' 1';

IFX = 'N/A' THEN X = ' ';

IFY = '"N/A' THENY = ' v}

IFZ = 'NA' THENZ = ' ';
RUN;

And here is the same program using a character array:

‘DIN(RUSSELL)
LI{7) = -"M/A' THEN.
!LI{J] =1 @
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This time, I'm sure you guessed that the array name RUSSELL és the na;ne ;][f, ta?(;
other son, (He is a PADI certified SCUBA diver and a m'USlCIaILf) umc‘e y(ih ewbraCk-
declare the array as a character array, you place a fioﬂar sign (§) o 'OWIgi oo
¢ts, In this case, since you are reading the observations from an existing AS dt 01;
the variables S1,2,53, X, Y, and Z are already declared as character vanam Hitn Zac,
could actually omit the § in the array statement. However, good progr:ilablcl& %I gw .
tice is always to include a § in the deﬁniiison‘ O(fj .an[arrai 0}EfI\JcéaTr;i{ctfe()rrv[z;1 oot

od time to mention that you can also indicate a £ _
?hi:)e variables don’t already exist) of either a numeric or charactir amn}; [f;l)il:::‘ji
immediately before the list of variables. In the examples $0 far‘,t e;hvaTO s have
come from an already created SAS data set and had predefined engt swould e
array of character variables Q1-QS0 with lengths of one byte, the syntax :

ARRAY Q[50) $ 1 Q1-Q50;

E. Converting Heights and Weights from English
to Metric Units

For this example, you want to input three heights and ﬁve.weight.s in Engllsh units
and create new variables that represent these same values in metric umits.
Here is the program without arrays:
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[Continued)

ARRAY WT[5];

ARRAY WTRG[5];

*** Yes, we know the variable
names are missing, read on;

D0OI=11705;
IF I LE 3 THEN
HICM{T] =2.54 * yr(1);
WIKGII} = Wr(I} / 2.3;

DATALINES;
(data goes here)

There are afew things to notice about this program. First, you may have observeq
that there are no variable names following the array names! {This is a shortcut tha
you may want to use to impress your boss.) Anytime you write an array statement
where there are no variable names listed, the names default 1o the array name, fol-

lowed by the range of numbers cited in the brackets, For example, the array statement:
ARRAY QUES[3];

Is equivalent to;
ARRAY QUES[3] QUES1-QUES3;

Next, you have the problem that the number of
same. There are several solutions to this
DO loop with the index goin,
that the index for the height
for two DO loops, one going

heights and weights are not the
problem. The example above used a single
g from 1t 5. An IF statement jnside the loop ensured
variables would not exceed 3. An alternative would be
from 1 to 3 and another going from 4 to 5. For example;

DOI=1703;
HICH(I] = 2.5¢ * mr(1);

WIKG[I] = WP{I] / 2,2;
END;

DIsdr05
WIXG (1) = WD(1] / 2

Pay your money and take your choice!

E  Temporary Arrays

The arrays you have encountered thus far all represent a list of numeric or charac-
ter variables, There is 2 special type of array (called a temporary array) which does
not actually refer to a list of variables at al! Instead, you can declare an array to be
temporary and use the array elements in their subscripted form in the DATA step.
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/ an also provide
No real variables are created when you use a temporz;(r) tarra)ei.x Ya(r);pie e aﬂd e
’ atan 8

initi f the array elements. Let’s loo
initial values for each ol :
discuss the advantages and disadvantages of temporary artl;ays.assmg o on fve

This first example uses a temporary array to hold the p e S e
exams. Students’ scores are then read and compared to thes.e passing :
number of failed courses is recorded. Now for the program:

i T
Example 5: Using a temporary array to determine the numbe
of tests passed

¥rmwmmmmmo s

- DATA PASSING;

ARRAY PASS[5] _TEMPORARY_ (65 70 65 80 75);
ARRRY SCORE[5];

INPUT ID § SCORE[*];
PASS NUM = 0;

D0 1=17T05;

' DATA = PASSTNG;
"Pagaltg Data Set';
1D ID;

VAR PASS_NUM SCOREL-SCORES;

RUN;

The main feature of this program is the array PASS, defined as z:‘ ten:l;l):rg‘r’z

be the key word _TEMPORARY_ following the brackets. dI‘JfI)hxce he i

- f _

:g)iZs v}/]ithin parentheses following the _TEMPORARY_ key l:vg/r\ 55[5‘]3851,1@ m

tial values assigned to the five array elements PASS[1] througf h reu;imd -

utomatically .

them, they do not change. Also, they are a ,

{lrfl;f)rnc:lnint%)enofe that t};le variables PASS1 through PASSS are not created by this
i

ist in the data set. ‘
aﬂa};\f;l;?ndi;(:\i: xtlljat we used the “short-cut” method of defining the SCORE

array. As mentioned previously, the array statement:
ARRAY SCORE[5];

is equivalent to
ARRAY SCORE[5] SCORE1-SCORES;

We just never seemto be ableto paSS Up the Chaﬂce tosavea fﬂW keVStrOkeS Oﬂe
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elements of temporary arra i
y$ are automatically retained. This is wh
pare ;hach of the scores to PASS]1] through PASS(5] in the DATA steg oremem
o eC ::;ts[ compelling reason to use temporary arrays is for cfficiency. Since the
e actual data set variables, they do not increase the length of the PD\}/I

(program data vector), the i
: , they are automatically retaj
bother dropping useless variables, Frened ndyou donothave t

G. Using a Temporary Array to Score a Test

This exam
i demgiisaijﬁet;ssi éer.npo;lary arrays. Instead of assigning initial values to the
ming the array, the initial values are read i
causes some interesting problems and i i i e ot ot
‘ nnovative solutions. The object of thi
ple program is to score a ten-question multi i te oot
A multiple-choice test. The first [i

bl | multip .The first line of data con-

s the answer key, and the remaining lines contain student ID's and stude:t

ns S q S110ns. Hel'e test-sco rogram that m ke (l(ldu
answers to the ten quest sa SC
T g g a a S B se of

DATA SCORE;

-_-t;

ARRAY KEY[10] § 1 TEMPORARY
ARRAY ANS[10] § 1; -
ARRAY SCORE(10] _TEMPORARY ;

IF _N_=1 THEN
DO I=1T0 10;
INPUT REY[I] @;
END;

INPUT ID § @5 -
RAWSCORE = 0; (ANS1-ANS10) ($1.);
DOI=lTO 10;
SCORE[I) = ANS[I] RQ REY{I];
RAWSCORE + SCORE[I);
END; ’

PERCENT = 100*RAWSCORE/10; °

ABCDEEDCBHBA
001 ABCDEARCDE
002 ARARABBBBB
H
PROC PRINT;
TITLE 'SCORE Data Set';
ID ID;
VAR RAWSCORE PERCENT;
RUN;
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Let's take it step-by-step. The two arrays, KEY and SCORE are declared to be
temporary.In addition, the elements of the KEY array are to be one byte characters.
The elements in the KEY array hold the answer key (which will be retained by the
nature of temporary array clements), and the elements of the SCORE array will be
cither 1's (correct answer) or 0's (incorrect answer). The array ANS is not a tempo-
rary array, and the variables ANS1-ANSI10 will contain the student answers fo the

ten questions comprising the test.

Unlike the previous example, you do not initialize the values of the KEY array
with the ARRAY statement. Instead, you read the values from the first line of data.
That's what the group of code starting with IF_N_=1 is all about. Since the first
line of data is the answer key, this DO group will only execute once for the first line
of data. Notice that instead of reading in the data with:

INPUT REY[1] REY[2] REY[3] ... KEY[10];
The casier {and more generalizable form)
Do I=1 To 10;

INPUT KEY(I]@;
END;

is used instead. Remember that there are no variables with names KEY1, KEY?2,
etc,, in this data set. Also note that it is not proper to write:

INPUT REY[1}- KEY[10];
since the form BASEn-BASEm works only for real variables and not elements

of arrays.
For the remaining lines of data, the statement IF _N_ = 1is false, and the pro-

gram drops down to the INPUT 1D $ ANS1-ANSIO0; statement. Scoring is per-
formed by the somewhat unusual statement:

SCORE[I] = ANS[I] BQ KEY[I];

This statement causes the student answer, ANS [I], to be compared to the value
of KEY [I]. If they are equal, this part of the statement is true (equal to 1) and
SCORE [1] is set equal to 1. Otherwise, SCORE (1] will be set to false (equal to 0).
Finally, the statement:

RAWSCORE + SCORE[I];
accumulates the raw score for each student. You could have used a SUM function
outside this loop like this:

RAWSCORE = SUM (OF SCORE[1] SCORE{2] ... SCORE[10]) ;

This, like the alternative INPUT statement discussed earlier is not as easy to
generalize (for tests of different length) as the structure used here.

For those truly compulsive programmers (like one the authors), you can omit
the SCORE array entirely and simply code the following:

Do I=1 170 10;
RAWSCORE + (KEY[I] BQ ANS[I]):
END;

However, we wanted the excuse to show you a numeric temporary array.
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H. Specifying Array Bounds

All of the arrays you have seen thus far had array elements starting from 1, So, for
example, if you wanted an amay to represent the five variables, YR1993, YR1994,
YR1995, YR1996, and YR1997, you could write your array statement like this:

ARRAY YR[5] YR1993-YR1997;

This is OK, but you would have to remember that YR [1]represents the variable
YR1993, YR [2] represents the variable YR1994 and so on. You might like to have
the array element YR (1993] associated with the variable YR1993; YR [1994] associ-

ated with the variable YR1994 instead. You can specify starting and ending bound-

aries in your array statement by entering the starting value, a colon, and the ending
value within the brackets follo

wing the array name. For the problem just discussed,
the array statement:

ARRAY YR[1993:1997] YR1993-YR1997;

gives you just what you want. You separate the lower and upper bounds of the array
index by a colon. Another applicat

ion where specifying array bounds is useful is
when you are counting from zero instead of one, For example, you may be measur-
ing heart rate (HR) at times 0,1,2,and 3. A convenient array statement would be:

ARRAY HR[0:3] HRO-HR3;

Now that you see that array bounds do not have to run from 1 to n, you need to
tethink the use of the DIM function, which returns the number of elements in an
array If the array starts from 1, the DIM function will also represent the upper bound
of the array. However, in the array YR above, the DIM function would return a five!
Toextract the lower and upper bounds of an array, use the LBOUND and UBOUND
functions instead. They return the lower and upper bounds of an array, respectively,

L Temporary Arrays and Array Bounds

Here is an interesting program that converts plain text to Morse code, The program
Uses a femporary array (o store the Morse equivalents of the letters, and subscripts
the elements of the array, starting at 65 since the RANK function, which returns the
g sequence, returns a 65 for a capital “A " a 66
etc. Here then, is the program to convert plain text to Morse code:

location of a letter in the ASCII collatin
for a capital “B?”

ARRAY M[65:90] § 4 _TENPOR

(Pt 1o L N P ]

. aes DY .. W
LA B R | 1
sea . ceae ’e

Voma ¥ Ul et
o= . .

-1
. s
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[Continned]

f ' B T LR

Tl ')

INPUT LETTER $1. @@;
LETTER = UPCASE(LETTER);

IF LETTER EQ ' ' THEN DO;
BUT ' ' @;
RETURN;

END;

MORSE = M[RANK(LETTER)1#
PUT MORSE @; "
DATALINES;
This is a test
H

J. Implicitly Subscripted Arrays

Before leaving the topic of arrays, we should mention the alternate type1 (;If1 a;[rz:l);
which does not explicitly show the subscript when you refer to an array ele ; u
the DATA step. This was the original form of the array statement 11‘1i verts.llo;ow ot
was superseded by the explicit subscript qun that we have ‘d.ISCUSSC unti B r;;ms
strongly recommend that you use the explicit form when writing any neth p[11 fj mam.
However, since the implicit form is still supported and you may have to wntan
older SAS code that contains this typerf array, we will briefly show you
works. The form the ARRAY statement is:

ARRAY ARRAYNAME (index variable) list-of-sas-variables;

i i d are placed before the list of SAS
Length and § attributes are also available an . the li
variableg When using the array name in a DATA step, the mdpx vanable is ﬁmt lget
to a value (usually in a DO loop) and the array name is used without a subscript. For
example:

| Example 9: demonstrating the-older implicit urray

* ———

DATA OLDARRAY;
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Lt

I le T --.,-------------.;’---.‘;.:s--‘-;- -
._T_“f(-);r_)e_monstrating the Older Implicit ammay |
- OLY . ey
ARRAY MOZART ABCDE; V
INPUT A B ¢ D g '

DO OVER MoZARY;
IF MOZART = 999 ey

MOZART = .;

;
DATALINES H
(data lines)

As convenient as this ma

I, Y seem, we still recommend the explicit arrays of

y lthout allays bu a thorou, unde; Ing o theﬂl Ca)
J
Yes, you <an llVe w , but h gh d rstand g f n

nlial, rogram, Wi
here will give you the courage to try ar}r)ayfin yourengif:rt(t:;z:ge el o

Problems

15-1. Rewrite this program, using arrays:

DENES « wrs / HT5*#2,

=
27270741500902082302

64 68 70140 150 79

; P

RN TR 7 1 T A 5. S BT s 2 M
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15-2. Rewrite the following program, using arrays:

DATA OLDMISS;
INPUT A B C X1-X3 Y1-¥3;
IF A=999 THEN A=.;
IF B=999 THEN B=.;
IF C=999 THEN Ce.;

15-3. You are given the SAS data set SPEED, created by running the program below. Create
a new data set SPEED? from SPEED, with some new variables. The new variables
LX1-LX5 are the natural (base e) logs of the variables X1-X5, and the variables §Y1-
SY3 are the square roots of the variables Y1-Y3. Use arrays to create the new varjables.
(Note: See Chapter 17 for how to take a natural log of a number.) In case you don’t
want to turn to Chapter 17 now, the statement to take the natural log of X and assign
the value to a variable LOG_X is: LOG_X = LOG(X);

"~ INPUT-X1-X5 Y1-¥3;
DATALINES; -
12345678
112233 44 55 66 77 88
H

15-4. Rewrite the program below, using arrays:
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CHAPTER

[Continueq]

TF X2 = 999 OR v2 = 9
= 999 ¢
x2=,;y2='; HENDO;
END;
IF X3 = 999 OR v3 =
=;y3a, 999 THEN D0;
END;
IF X4 = 999 OR vq -
Moy o THEN DO;

Restructuring SAS Data Sets
Using Arrays

v

IF X5 = 999 OR Y5 = 399 ammy po,

b
o
"
<&
b ]
2]
n

DATALINES;

A2 BB CC DD'EE 1
NA XX NA YY M 99
i

A, Introduction

B. Creating a New Data Set with Several Observations per Subject
from a Data Set with One Observation per Subject

C. Another Example of Creating Multiple Observations from a
Single Observation

D. Going from One Observation per Subject to Many
Observations per Subject Using Multi-dimensional Arrays

E. Creating a Data Set with One Observation per Subject from a
Data Set with Multiple Observations per Subject

F. Creating a Data Set with One Observation per Subject from a

Data Set with Multiple Observations per Subject Using a
Multi-dimensional Array

[Ny

A. Introduction

This chapter describes how to restructure data sets by using arrays. First, what do we
mean by the term restructuring? You may want to create multiple observations from
a single observation {or vice versa) for several possible reasons: You may want to
create multiple observations from a single observation to count frequencies or to
allow for BY variable processing or to restructure SAS data sets for certain statisti-
cal analyses. Creating a single observation from multiple observations may make it
easier for you to compute differences between values without resorting to LAG
functions or perhaps to use the REPEATED statement in PROC GLM. _

PROC TRANSPOSE may come to mind as a solution to these transforming
problems, but using arrays in a DATA step can be more flexible and allow you to
have full control over the transformation process.

B, Creating a New Data Set with Several Observations per
Subject from a Data Set with One Observation per Subject

Suppose you have a data set called DIAGNOSE, with the variables ID, DX1,DX2,
and DX3. The DX variables represent three diagnosis codes. The obscrvations in
data set DIAGNOSE are:

342
343

e



344 Chapter 16 / Restructuring SAS Data Sets Using Areays

Data set DIAGNOSE
D % b ow
01 3 4
0N 1 2
03 4 5 3
04 7

" t:t: g(;l; ;a::) Ssge, some subjects have only one diagnosis code, some two, and some
e diagnosljjs , ;'n (\11 want to count hf)w many subjects have diagnosis 1, how many
Do In,[he ! ;;) onl. \t(]ou don’t care if the diagnosis code is listed as Dxi

o a.nd Jee anflrp € here, you would hgve a frequency of one for diagnosis’
oné ‘;a; " acéo : heg‘uency f)f two for diagnosis codes 3 and 4,

b8 o et ;g; lss‘m}elcst t:riz ﬁ] to re;}ructure the dataset DIAGNOSE, which
) : vation rec diagnosis variables, to a data

::)r;gtllf (:Iagt?OSIS var‘1ab1e and as many o.bservations per subject as there asree[ (ti}il: tr?(?ss X

at subject. This new data set {call it NEW_DX) would look as follows: s

Restructured Data Set (NEW_DX)

ID DX

01
01
02
02
02
03
03
04

MU B W~ o e

vaﬁilt) 11: rg))vé als;iltnlllasle ﬁjot: to count diagnosis codes using PROC FREQ on the single
! rst write a SAS DAT, i i
does not use arrays, Here is the code: Pt acconples stk and

#

As you read each observation from dat
each a set DIAGNOSE, you
to three observations in the new data set NEW_DX.The KEEI"};tatccrrrT:rtlf ifsrﬁ?egzg

—_—
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since you only want the variables ID and DX in the new data set.

Notice the repetitive nature of the program and your array light bulb should

“turn on.” Here is the program rewritten using arrays:

Examble 18; Creating multiple observations:from a single
‘observation using an array
. B il DL *

In this program, you first create an array called DXARRAY, which contains the
three numeric variables DX1, DX2, and DX3. The two lines of code inside the DO
loop are similar to the repeated lines in the nonarray example with the variable
names DX1, DX2, and DX3 replaced by the array elements. For a more detailed
discussion of array processing, refer to the previous chapter.

To count the number of subjects with each diagnosis code, you can now use

PROC FREQ like this:

ROC FREQ DATA=NEW_IX;
- TABLES DX / NOCUK;
< RON; :

In this example, you saved only one line of SAS code. However, if there were
mmore variables, DX1 to DX50 for example, the savings would be substantial.

C. Another Example of Creating Multiple Observations
from a Single Observation

Here is an example that is similar to Example 1. You start with a data set that con-
tains an ID variable and three variables S1, §2, and 3, which represent a score at
times 1,2,and 3, respectively. The original data set, called ONEPER, looks as follows:
Data Set ONEPER
D oS 9 8

FNVoRN Y

3 4
©n 7 8
03 6 5

L manr "»‘Em_ .
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YOU want
to create a new data set Ca”ed MANYPER WhiCh lOOkS lk
4 IKe

this:

Data set MANYPER
01 1 3
0 2 '
01 3 5
® 1 7
0N 2 3
02 3 9
03 1 6
03 2 3

B3 i

The program to restructure data set ON
!ar 10 the program in Example 1 except that
in the restructured data set, This is easil
counter TIME as follows: ’

EPER to data set MANYPER is simi-
you nged fo create the TIME variable
accomplished by naming the DO loop

) 'KEEP ID TIME §
RUN; - CORE'

Notice that the ARRAY statement d
to demonstrate another way of writin
the variable names default to the a
lower bound to the upper bound, In

oes not have a variable list. This was done
rrg an array statement. When this list is omitted
ay name, followed by the numbers from thé
this case, the statement

ARRAY 8(3];
is equivalent to

ARRAY 8[3] §1-83;

Stlll gOlng iIl the d][ect on Of Cr p
i . g .
catin, Inuhl le ObSCI vations f] oma Sl]lglc ab:
Ser Vatloll, le[ us Cxteﬂd thls plogl am 1o lI]ClUdC an addltio[]al dlmensloﬂ
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D. Going from One Observation per Subject to Many
Observations per Subject Using Mulfi-dimensional Arrays

Suppose you have a SAS data set (call it WT_ONE) that contains an ID and six
weights on each subject in an experiment. The first three values represent weights at
times 1,2, and 3 under condition 1; the next three values represent weights at times
1,2, and 3 under condition 2. To clarify this, suppose that data set WT_ONE con-
tained two observations:

DataSet WT_ONE

lDWTlWTZWT3WT4WT5WT6

01 155 158 162 149 148 47
02 110 112 14 107 108 109

You want a new data set called WT_MANY to look like this:

Data set WT_MANY

ID COND  Time  Weight

01 1 1 155
01 1 2 158
0t 1 3 162
01 2 1 149
01 2 2 148
01 2 3 147
02 1 1 110
02 1 2 12
02 1 3 14
02 2 1 107
02 2 2 108
02 2 3 109

A convenient way to make this conversion is to create a two-dimensional array,
with the first dimension representing condition and the second representing time.
So, instead of having a one-dimensional array like this:

ARRAY WEIGHT[6] WT1-WT6;

You could create a two-dimensional array like this:

ARRAY WEIGHT[2,3] WI1-WIT6;

The comma between the 2 and 3 separates the dimensions of the array. This is a
2 by 3 array. Array element WEIGHT]2,3], for example, would represent a subject’s

weight under condition 2 at time 3.
Let us use thisarray structure to create the new dataset which contains six obser-

vations for each ID. Each observation is to contain the ID and one of the six weights,
along with two new variables, COND and TIME, which represent the condition and
the time at which the weight was recorded. Here is the restructuring program:
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Example 3: Using a multi
a data get

-dimengional array to restructure

SET WI_ONE;
ARRAY WTS[2,3] WT1-WT6;

DO COND = 1 70 2,
DO TIHE = 1 70 3;

WEIGHT = WTS{COND TIME
OUTPUT; X
END; -
END;

DROP WI1-WD6;

RUN;

To cover all combinations of conditio i ¢
that is,a DO loop within a DO loop. Herle‘: Egdw tiltn\::(,)r}i(osl'lCu(sﬁ)eN
the outer loop. Next, TIME s set to 1,2,and 3 while CONb re
a (}OND and TIME combination is selected, a WEIGHT is [tn
priate array element and the observation is written out to th;il

nested” DO loops,
D is first set to 1 by
ains at 1. Each time
equal to the appro-
ew data set,

E. Creating a Data Set with One Obs

; ervation per Subj
from a Data Set with Multiple Observationf per gzjbejcetct

It's now time to reverse the restructu
2. to demonstrate how to create a sin
time, we start with data set MANY,
gram, then the explanation:

ring process, We will do the reverse of Example
gle observation from multiple observations, This
PER and create data set ONEPER. Firs the pro-

L T N
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[Continued]

DATA ONEPER;
ARRAY §[3] 81-83;
RETAIN 51-83;
SET MANYPER;
BY ID;
SITIME] = SCORE;
IF .LAST.ID THEN OUTPUT;
. KEEP ID §1-83;
RUN;

First, you sort data set MANYPER to be sure that the observations are in ID
and TIME order. In this example, data set MANYPER is already in the correct
order, but the SORT procedure makes the program more general. Next, you need to
creale an array containing the variables you want in the ONEPER data set, namely,
$1,52,and $3. You can “play computer” to see how this program works. The first ob-
servation in data set MANYPER is:

ID=01 TIME =1 SCORE = 4

Therefore, S [TIME] will be § [1), representing the variable S1 and st to the value
of SCORE, which is 3. Since LASTID is false, the OUTPUT statermient does not exe-
cute. However, the value of 81 is retained. In the next observation, time is 2 and SCORE
is 4, so the variable S2 is assigned a value of 4. Finally, the third and last observation is
read for ID O1. S3 is set to the value of SCORE, which is 5 and, since LASTID is true,
the first observation in data set ONEPER is written. Everything seems fine. Almost.

Whatif dataset MANYPER did not havean observation at all three values of time
foreach ID? Use the data set MANYPER2shown next to see what would happen:

Data st MANYPER2
b Tme Seore
o1 3
01 2 4
3 5
7] 1 7
o 3 9
B 1 6
B 2 3
B 3 4

Notice that ID number 02 does not have an observation with TIME=2. What
will happen if you run program Example 4A? Since you retained the values of §1,
$2,and $3,and never replaced the value of S2 for ID number 02, ID number 02 will
be given the value of S2 from the previous subject! Not what you want. You must al-
ways be careful when you retain variables. To be sure that this will not happen, you
need to set the values of 81, 52, and §3 to missing each time you encounter a new
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subject. This is readily accom
rected program is;

Example 4B: Creating a data set with one observation per
subject from a data set w

ith multiple observations per
subject (corrected version)

....................................... ;
PROC SORT DATA=MANYPER2;

BY ID TIME;
RUN;

DATA ONEPER;
ARRAY 5{3] s1-83;
RETAIN S1-83;
SET MANYPER2;
BY ID;
IF PIRST.ID THEN DOI=11m03;
8{11 = ,;
END;
S[TIME] = SCORE;
IF LAST.ID THEN OUTPUT;
KEEP ID 81-83;
RUON;

This program will now work correc

tly whether or not there are missing TIME
values.

K Creating a Data Set with One Observation per Subject

Jfrom a Data Ser with Multiple Observations per Subject
Using a Multi-dimensional Array

This example is the reverse of Example 3. That is, you want to start from data set
WT_MANY and wind up with data set WT_ONE. The solution to this problem is
similar to Example 4, except that we use a multi-dimensional array. Instead of writ-
ing the program in two steps, as we did in Examples 4A and 4B, we present the gen-

eral solution that will work whether or not there are any missing observations in the
data set. Here is the program:

Example 51 Creating a data get w,{:h one observation per
subject from a data set with miltiple cbservations per
subject using a Hulti-dimensional array

.......................... *;

o

plished by checking the value of FIRSTID, The cor-

Problems 351

[Continned]

PROC SORT DATA=WT_MANY;
BY ID COND TIME;
RUN;

DATA WT_ONE; :
ARBAY WI{2,3] WT1-WI;
RETAIN WTL-WT6;

SET WT_MANY;
BY ID;
IF. FIRS

ol
WI [COND; TIME] = WEIGHT;
IF. LAST.ID THEN OUTPUT;

EEP ID WIL-WT6;
k, RUN~ 5

. RUN;

i or
You have seen how to restructure SAS data sets, %{omg froma(::et Otier::?z,e Se
i bject, using arrays. You may
from many to one observation per subject, You ‘
examples iandy for the next time you have a restructuring job to be done

Problems

*16-1.  We have a data set called FROG, which looks like this:

ID X1 X2 X3 X X5 Y1 Y2 Y3 Y: Y:
01 4 5 4 7 3 1 7 3 : :
02 8 7 8 [ 7 5 4 3

We want a data set that has an observation for each spbject (ID) at each t‘up;:l ltrtl]tl:r:le’ll
(X1 represents X at time 1, etc.). Write a program, Using arrays, accomplis
jective. The new data set (TOAD) should look like:

ID Time X Y
01 2 5 7
01 3 4 3
00 4 7 6
0 5 3 8
62 1 7 5
02 2 7 ¢
2 3 8 3
2 4 6 5

5 7 6
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Run the program below to create data set FROG:

DATA FROG;
INPUT ID X1-%5 ¥1-y5;
DATALINES; -15;
31 97 3
02 8 7 g ¢ 75 4 3 6 8
: 5 6

*16-2.  We have data set (called STATE)
(two Iet}er codes) where an indivi
from this data set are shown:

i . .
! Lll’l:lr contains an ID varfable, and up to five sta,
may have visited last year, Three observatiox:S
s

ID  STATEL §
TATE2 ST
1 NY ATE3  STATE4
NT STATES
2 PA
3 om e ca X -
XX XX - has
Xx

As you can see,
see, “XX” was use issi
d as a missing value, Write 3 Pprogram to: (a) read

these records and re
| place the values of “XX” wj
counts showing how many people visited eac“mh ) e P

]c;easing order of frequency (use the ORDE
un the program below o create data set STATE:

DATA BTATE, e
. THPORMAT STATRI-giamgs § 2
; : >BTATRS 4

INPUT ID STATRI-ATA ,m5’$ 3

/D
1
2
3
:

N NI 5 @
8NN o oxx xx
PA xx X xx XX

« .
163, You have inherited an old SAS program (

Using explici . shown below .
g explicit array subscripts, Rewrite the program to 3; rtl}‘li o comertttoone
is,

T - Y ar——————— e -
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A Review of SAS Functions

Part I Functions Other Than Character Functions

A. Introduction
B. Arithmetic and Mathematical Functions

C. Random Number Functions

D. Time and Date Functions
K. The INPUT and PUT Functions: Converting Numerics to
Character, and Character to Numeric Variables

F. The LAG and DIF Functions

A. Introduction

Throughout this book we have used functions to perform a variety of tasks We use
a LOG function to transform variables, and various DATE functions to convert a
date into an internal SAS date. We will see in this chapter that the SAS programming
language has a rich assortment of functions that can greatly simplify some complex
programming problems. Take a moment to browse through this chapter to sce what

SAS functions can do for you.

B. Arithmetic and Mathematical Functions

The functions you are probably most familiar with are ones that perform arithmetic
ot mathematical calculations. Remember that all SAS functions are recognized as
such because the function name is always followed by a set of parentheses contain-
ing one or more arguments. This way, the program can always differentiate between
a variable name and a function. Here is a short program that computes a new
variable, called LOGLOS, which is the natural log of LOS (length of stay). This is a
common way to “pull in the tail” of a distribution skewed to the right. We have:

DATA FUNC_EG; -
INPUT ID SEX § LOS EEIGHT WEIGHT;

LOGLOS & LOG(LOS) ;
DATALINES;

353




354 Chapter17 / 4 Review of SAS Functions

SectionC / Random Number Functions 355

[Continued

: is that the MEAN function returns the mean of the nonmissing values. Thus, if we
1 K5 68 155 had a missing value for X5, the function would return the mean of X1, X2, X3, and
g ll: 21 g 072 2298 X4. Only if all the variables listed as arguments of the MEAN function are missing,
; 20 will the MEAN function return a missing value. Our equation for the mean above,

would return a missing value if any of the X values were missing.

The MIN, MAX, SUM, STD, and STDERR functions work the same way as the
MEAN function, except that a minimum, maximum, sum, standard deviation, or a
standard error, respectively, is computed instead of a mean.

Two useful functions are N and NMISS. They return, as you would expect, the
number of nonmissing (N) or the number of missing (NMISS) values in alist of vari-
ables. Suppose we have recorded 100 scores for each subject and want to compute
the mean of those 100 scores. However, we want to compute the mean score only if
there are 75 or more nonmissing responses. Without the N function, we would have
to do a bit of programming. Using the N function, the computation is much simpler:

i

The new vari 0 wi I d $ Values
arlable (LOGL S) 1“ be i[l the data set UNC EG and lt 1
3

lﬂb h 1) € €) lo: (dl,()S Ote a e()val 1€ 101 ];();Wl esu,
€ natural (bﬂS ) g N t [hat €1 I
W] et Sult 1n

amissing value for LOGLOS, Wh,

o for L( - When zeros are possible val i

thg rar}sformatlon, it 1§ cCommon practice to add a small N uebs, el oo a
variable before taking the log, et {tsualy S Ve
We now list some of the

_ more co; ithmeti
and their purposes: fimon aritametic and mathematical functions

F"n]fl(l)‘g: Name Action
Base e log
LOGI0 DATA EASYWAY;
SIN giie:fo,:lga . INPUT (X1-X100)(2.);
cos Cosn rgument (in radians) IF.N{OF X1-X100) GE 75 THEN
Tan Tosme (1x‘1 radians) AVE = NEAN(OF X1-%100);
ARSIN angent (in radians) DATALINES;
ATcsine (inverse sine) of argument (1ines of data)
(in radians) ;
7

:}};C‘[?S' Arccosine (in radians)
N Arctangent (in radians)

IN i
NT Drops the fractional part of a number

SQRT Square root The NMISS function is used in a similar fashion.

ROUND funcii an one argument. For example, the ' v C. Random Number Functions

and the second L 2

Here are some ) Cond argument indicates th : 4
examples: s the round-o . .
ples: ff uni, 1 In Chapter 6, we saw how we could use random numbers to assign subjects to groups.
ROUND (x,1) Round X ¢t The function RANUNI will generate uniform random numbers in the range from 0

ROUND (X, .1 0 the nearest whole

ROKD (X} ) Round X to the nearest teptl munber 10 1. Random-number generators (more properly called pseudo random number
ROTD (X.:g?) Round X to the nearest hundred generators) require an initial number, called a seed, used to calculate the first random
' number. From then on, each random number is used in some way to generate the

Round X to the nearest twenty
next. A zero seed will cause the function to use a seed derived from the time clock,

thus generating a different random series each time it is used. RANUNI can also be
seeded with any number of your choosing. If you supply the seed, the function will
generate the same series of random numbers each time. A simple example follows
where we use a uniform random number to put a group of subjects in random order:

(Note: If you omit the
second
the nearest integer.) "¢ argument of the ROUND function, it rounds to

Other fu11cthILS Opelate ona hSt Of arguments. A OOd example Of ﬂllS 1 the

MEAN function, If we h i
. ave a series of variab]
we want the mean of these five numbers, wi wer?t(es‘a PR forach Hhiectand

MEAN X = MEAN (OF X1-x5);

We may use any vari i
y variable lis i .
between the P t following the word OF An important differe DATA - SHUFFLE;
MEAN function and the alternative expression: e Iftpu'r”mm‘ : $20.0
MEAN X = (X1 +3%2+x3 .y H Ao
X N
+ X4 + X5)/5; DATALINES;
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Ccony

SMITH

MARTIN

LAVERY

THAYER

I

PROC SORT DATA=SHUFFLE;
BY X;

RON;

PROC . PRINT DATA:SEUPFLE}
TITLE 'Names in Rang !
VAR rE, lom Order’;
RUN;

g our ( t
I() enerate a S€Tles Of ralldoﬂl] umbEIS f!OIn nto m, we Ileed to Scale ]

. To ge i
A ly. To generate a series of random numbers from 1 to

X=1+99 * RANUNT (0);

F - .
numbc;;splfllrpose; of statistical rr}odehng, we might also want a series of random
chosen from a normal distribution (mean=0, variance=1), The RANNOR

function will generate such variabl
st Mg g es. The allowable seeds for RANNOR follow the

D. Time and Dage Functions

We saw some examples of dat ions i
il here.p ate functions in Chapter 4. We summarize the time and
il ;T;::::r: sevetrsl gxtremely useful date functions, One, MDY (month day, year)
month, day, and year value into a SAS date variabl, .y
r e. Suppose, for ex-
33212}?;:]1 we want to knowa subject’s age as of July 15,1990, and we};(};ow h(i)srﬂ::r
-We could use the MDY function to compute the age, thus;

AGE= (MDY (7, 15, 90) - DOB)/365,25;

Although a i
o gl & more efficient method would be to yse aSAS date literal, as shown

AGE = ('15JUL90'D - DOB)/365,25;

o ;X:::;S S:tfi lllirtedr‘al‘is alway;represented by a two-digit day,a three-letter month,
- -digit year, all pl. ithin st ’
s 10wer.ca§]e ‘)]1) : placed within single or doyble quotes, followed by
Another possible use of the MDY functiop i
nction is when date information
recorded by one of the standard methods for which SAS has 2 date inf:m?:t 1;;;’;

_“PROC FORMAT;

oy

" PROC_CHART DATAxHOSP;
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DATA DATES;
INPUT ID 1-3 MONTH 4-5 DAY 10-11 YEAR 79-80;

DATE = MDY (MONTH, DAY, YEAR) ;
DROP MONTH DAY YEAR;
FORMAT DATE MMDDYYS.:
DATALINES;
(data lines)

i

There are several date functions that extract information from a SAS date. For
example, the YEAR function returns a four-digit year from a SAS date. The
MONTH function returns a number from 1 to 12, which represents the month for a
given date. There are two functions which return day information. The DAY function
teturns the day of the month (i.e.,a number from 1to 31) and the WEEKDAY func-
tion returns the day of the week (a number from 1 to 7,1 being Sunday). As an ex-
ample, suppose we want to see distributions by month and day of the week for
hospital admissions. The variable ADMIT is a SAS date variable:

VALUE DAYWK i='SUN' 3='I0E' 4='WED' S='THU'
6= PRI 7='8 ,

VALUE MONTH 1='JANA:2#'FEB' 3='MAR' 4='APR' S='MAY' é='JUN'

7a'JUL' ‘8e'ATG' 9='SEP' 10='0CT? 11='NOV' 12a’DEC';

INPUT @1 ADMIT MMDDYY6. etc. ;

DAY = WEEKDAY (ADMIT) ;

MONTH = NONTH (ADMIT) ;

PORMAT ADMIT MNDDYYS. DAY DAYWK. MONTH MONTH.:
DATALINES; .
(data lines)

VBAR DAY / DISCRETE;
VBAR MONTH / DISCRETE;
RUN;

Later in this chapter, look for a short-cut method for producing the day of the
week or month name in the discussion of the PUT function.

Besides working with date values, SAS has a corresponding set of functions to
work with “time.” For example, we can read a time (in “military” form from 00:00
t0 24:00) in hhzm:ss (hours, minutes, seconds) or hiimm (hours and minutes) for-
mat using the time8. informat. We can then extract hour, minute, or second infor-
mation from the time variable using the HOUR, MINUTE, or SECOND
functions, just the way we used the YEAR, MONTH, and WEEKDAY functions

above.
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i

i i E4 is a character variable with yalues of 1,2,
L ’ In‘zllf’nj\?::;%ee’r[ :)e(:;gfel?lseu‘sﬁ)se we want a variable to contzglz Sthbe [-irf:flg'
ymay save you pages of SAS coding INTCK retyrys, QNS ek abirenatons (MO TUE e, One o e S i
b3 s s WEEKDATEn. which returns values such aS.WEEKDATE:; is,
' B Thesmao : "'v mSETElls\/lBER 12,1990 (if we use WEEKDATE?9.). The formztte WEFKDATE d.ay

et n fhe first three letters of the day name (SUN,MON, etc.). To crea

i ion;
o S = variable, we can use the PUT funct

DAYNAME = PUT (DATE, WBEKDATE3. ) ;

; i lished using the PUT function.
. i n ful tricks that can be accompl! ted usin .

ot ol ': T%ereoz;r: ;?én teh:ts Tl:s social security numb§r§ as nine-~digit pumelr;c;s. gn-é(;t;;)r

et jal security numbers coded as 11-digit characte.r strings (123- .

on h?sbth'e iocrlnerge the two files, based on the social security numberbs ’t[‘herf1 ?}rlz

21::1)]'0wa1;s t(:) solve this problem, either pulling out the threte_ I?ut?:en?n eedivgtenum_

ini ic, or converti -

pute the number of intervals can be confusing, dashes and recombln{ng them tlo fprm ﬂz:enél:sllelzlsc,igrthe pmpergplaces e

- ot e NTCK e | ber tod chatsee stnpg o acl[eltghod is to use the fact that SAS has a built-in

ought of as the inverse of the INTCK function; it 3 propriate string fur}ctlcf)ns. Ot[;eni?e-digit ores o 12456789 syt soc .

ot e b e g e u ff)fmaty Sbseljsl }[:il\e‘,rl]elfct?reolrllsl'll:g the PUT function, we can create a character variable
rity num ]

in the form 123-45-6789, like this:

NUM QTR = INTCE ( 'QTR', START, TODAY());

(Note: the TODAY function, which has no argument, returns today’s date.)
Since the algorithms used to comj

DATE3RD = INTNX (‘QTR', HIRE, 3);
FORMAT DATE3RD MMDDYYS . ;

I HIRE were 01/01/90,01/05/90, or 03130190, the value of DATE3RD would be

10/01/90.X a person were hired on April 1,1990, his/her third-quarter date would be
01/01/91.

8§ = POT (ID,8sN1l.);

i se the
ic variable to a character variable, we can u
eral, to convert a numeric var e e
PU’I!I;\gmecrzltion with the appropriate format. If we have afile wher;group is
meric variablé and we want a character variable instead, we can write:

GROUPCER = BUT (GROUP,1.);
E. The INPUT and PUT Functions: Converting Numerics

M 3 1y a
We use the INPUT function in a similar manner, except that we can “reread
to Character and, Character o Numeric Variables

i ommon use of the function is to

e taoluae;1 ?r‘lﬂt(inrf(l);rlmeﬁ.cr[\:ﬁug‘)'slt'llcer?are several exayllmples of suc.ﬁ
Conzzzizlirif:}eé ;/ast section of Chapter 12, Reading “Unstructured” Data. We wi
con
T e i examplelse h:/ree;:onvert a character representation of a social security

" th? e ?xam§2§-45-6789) into a nine-digit numeric, the reverse of .the PUT
T on I?' mi we have to remove the dashes from the character variable. We
fl)s(:?}fjelecg,l(\)}lfi{l;rsss, function to do this, COMPRESS takes the form:

While the INPUT and PUT functions (|
statements) have many uses, one comm
character valyes,

The PUT function uses the formatted value of a variable to create a new vari-

able. For example, Suppose we have recorded the AGE of each subject. We also have
a format that groups the ages into four groups:

not (o be mistaken for INPUT and PUT
on application is to convert numeric and

har var = COMPRESS (char_var,'list_of characters');
¢ " =

i is omitted, the COMPRESS func-
t, the list_of_characters is omitted,
i \ FEet:;C((i)élf(zinalllrtgl;::nnel[(;ve blanks from a character value. To remove the dashes
tion will, s 2
from a social security number (SS) we write:

1-60="3" 61-HIqHe'q",

char_var = COMPRESS(SS,'-'};

l() create a numeric var lab e, we can use the INPU[ fuﬂCthﬂ to perf() m the
character to numeric Conversion:

ID = INPUT (COMPRESS(SS,'-').9.};
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where ID is a SAS numeric variable.

, For EZ: sec‘orfd example, We want to read data values that may either represent
g}r1 ups (‘A" or ‘B’) or numeric scores, Since we don’t know if we will be reading a
character or a number, we read every value as a character, and test if it is an ‘A’ or 3

B.If no.t, we assume it.is ascore and use the INPUT function to convert the char-
acter variable to numeric. Here is the code:

DATA FRREFORN;

To help make this exampl ing thi
o bglow: ample clearer, the data set formed by running this program

OBS  Group  Score

1 A 45
2 A 55
3 B 87
4 A 4“4
5 A 23
6 B 88
7 B %9

As you can see, the INPUT function provides a flexible way of reading data.

E The LAG and DIF Functions

A“lagged” value is one from an earlier time. In SAS, we may want to compare a data
value from a current observation with a value from a previous observation. We ma
also want to lgok back several observations. Without the LAG function thi.s isa diz
ficult task—with it,it's simple. The value returned by the LAG function, is the value
of t.he argument the last time the function was invoked (see a more complete expla-
nation in Chapter 19, Section H). In more complicated DATA steps, this can be ve
tricky. If we invoke the LAG function for each observation, then the value of uz
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LAG function will be the value of the argument in the previous observation. The
value LAGn (X) where n s a number,is the value from the nth previous observation.
A common application of the LAG function is to take differences between observa-
tions. Suppose each subject was measured twice, and each measurement was entered
as a separate observation. We want to take the value of X at time 1 and subtract it
from the value of X at time 2. We proceed as follows:

Data set ORIG looks like this:

_SUBITME X
1 1 4
1 2 6 -
2 1 7
2 2 2

You could shorten this program even further by using the DIFn function, which
returns the difference between a value from the current observation and the nth pre-

vious observation. The calculation above would be:

DIFF = DIF(X);

Chapter 19, Section H, shows how to use the LAG function to compute moving
averages.

Problems

17-1. You have a SAS data set called HOSP, which contains a patient ID, gender, date of
Birth (DOB), date of service (DOS), length of stay (LOS), systolic blood pressure
(SBP), diastolic blood pressure (DBP), and heart rate (HR). Run the program below
to create this data set:
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17

(3

[Continned]

DATALINES;

1M 10/21/46 3/17/97 3 130 90 68
2 F 11/1/55 3/1/97 5 120 70 72

3 M 6/6/90 1/1/97 100 102 64 88

4 F 12/21/20 2/12/97 10 180 110 86

H

Create a new data set (NEW_HOSP) that contains all of the variables in HOSP, plus
the following:

(2) The base 10 log of LOS (call it LOG_LOS).

(b) The patient’s age as of hisher last birthday, on the date of service (call it
AGE_LAST).

{©) Anew variable (X) computed as the square root of the mean of the systolic and di-
astolic blood pressures, rounded to the nearest tenth.

- A data set (MANY) contains the varjables X1-X5, Y1-Y5. First, run the program

below to create this data set:

DATA MANY;

INPUT X1-X5 Y1-Y5;
DATALINES;
12345 678910
305,07 5., .15
$8... 44441

H

Write a program to include the following in data set MANY:

(a) The mean (average) of the X's (call it MEAN_X) and the mean of the Y’ (callit
MEAN_Y),

{b) The minimum value of the X’s (call it MIN_X) and the minimum value of the Y's
(call it MIN_Y).

(c) Anew variable (CRAZY) which is the maximum of the X's times the minimum of
the Y's times the sum of (the number of nonmissing X's plus the number of missing
Y’s). In other words:

CRAZY = (Maximum of X’S) X (Minimum of ¥'g) X
(Number of nonmissing X‘s + Number of missing
Y'g).

{d) Compute a variable MEAN_X_Y that is the mean of all the X'sand Y's (the mean
of all 10 numbers) with the provision that there be three or more nonmissing X
values and four or more nonmissing Y values.
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*17-3. Create a SAS data set (UNI) that contains 1000 random numbers in the range of 1

174

175

17+

)

to 3. Use the INT function to give you only integers, and be sure that there is an
equal likelihood of choosing each of the five integers. Be careful that the values of 1
and 5 have the same probability of being chosen as 2 and 4. Run PROC FREQ to
count the number of 1's, 2's, and so forth, and compute chi-square by hand to test if
the distribution differs from uniform. Note that this goodness-of-fit test has four de-
grees of freedom.

Use the data set HOSP from problem 17-1, and create two vertical bar charts; one for
the day of the week (formatted please) and one for the month of the year (no need to
format) of the date of service.

Run the program below to create a SAS data set called MIXED:

DATA MIXED;
INPUT X YA § B §;
DATALINES;
1234
5678

i

Create a new data set (NUMS) containing all four variables (you can use a new name
for A and B) with only numeric variables.

Using the data set NEW_HOSP created in problem 17-1, create a new character vari-
able called AGEGROUP, with the following groupings:

1=Ages less than 20 (but not missing)
2=20 to 40
3 =41 to highest

Do this with a user-defined format and a PUT function.
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Part I. Character Functions

A, Introduction
B, How Lengths of Character Variables are Set in a SASDATA Step
C. Working with Blanks
D. How to Remove Characters from a String
E. Character Data Verification
E. Substring Example
G. Using the SUBSTR Function on the Left-Hand Side of the Equals Sign
H. Doing the Previous Example Another Way
¥ Unpacking a String
J. Parsing a String
K. Locating the Position of One String Within Another String
L. Changing Lower Case to Upper Case and Vice Versa
M. Substituting One Character for Another
N. Substituting One Word for Another in a String
0. Concatenating (Joining) Strings
P. Soundex Conversion

A, Introduction

SAS software is rich in its assortment of functions that deal with character data, This
class of functions is sometimes called STRING functions In this chapter, we demon-
strate some of the more useful string functions.

Some of the functions we discuss are: VERIFY, TRANSLATE, TRANWRD,
COMPRESS, COMPBL, LENGTH, SUBSTR, INPUT, PUT, SCAN, TRIM,
UPCASE, LOWCASE, REPEAT, | | (concatenation), INDEX, INDEXC, AND
SOUNDEX. Did you realize there were so many string functions? Let's get started.

B. How Lengths of Character Variables Are Set
in a SAS DATA Step

Before we actually discuss these functions, we need to understand how SAS soft-

ware assigns storage lengths to character variables and what the LENGTH function
does for us. Look at the following program:

364
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DATA EXAMPLEL;
INPUT GROUP § @10 STRING §3.;
LEFT = 'X  '; *X AND 4 BLANKS;
RIGHT = '  X'; *4 BLANKS AND X;
C1 = SUBSTR(GROUP,1,2) 1
C2 = REPEAT(GROUP, 1) ;
LGROUP = LENGTH(GROUF) ;
LSTRING = LENGTH (STRING) ;
LLEFT = LENGTH(LEFT) ;
LRIGHT = LENGTH({RIGET);
LC1 = LENGTH(CL) ;
«:+142 = LENGTR(C2)
DATALINES;
ABCDEFGH- 123
XXX s
Y 5
;izoc CONTENTS DATA=EXAMPLE1 POSITION;
TITLE" 'Output £rom PROC CONTERTS';
RUN;

PHOC PRINT: DATASEXAMPLEL HOOBS;
* 7 oITLE PListing of mele 14
RUN; : ) (R

One purpose of this example is to clarify the term LENGTH. If you‘look at the
output from PROC CONTENTS, each of the variables is listed, along with a TYPE
and LENGTH. Take a moment and look at the output from PROC CONTENTS
below:

CONTENTS PROCEDURE

1 GROUP Char 8 0
2 STRING Char 3 8
3 LEPFT Char 5 11
4 RIGHT Char 5 16
5 ¢l Char 8 21
6 C2 Char 200 29
7 LGROUP Num 8 229
8  LSTRING Num 8 2y
9 LLEFT Num 8 245
10 LRIGHT Num 8 253
11 el Num 8 261
12 162 Num 8 269
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The column labeled LEN (length) is the number of bytes needed to store the
values for each of the variables listed. By default, all the numeric variables are stored
in eight bytes.

But, what about the storage lengths of the character variables? Look first at the
two variables listed in the INPUT statement; GROUP and STRING. Since this is
the first mention of these variables in this DATA step, their lengths are assigned by
the rules governing INPUT statements. Since no columns or informats were associ-
ated with the variable GROUP,its length is set to eight bytes, the default length for
character variables in this situation, The variable STRING usesa $3.INFORMAT 5o
its length will be set to three bytes. The length of LEFT and RIGHT are determined
by the assignment statement. The storage lengths of C1 and C2 are more difficult to
understand.

The variable C1 is defined to be a substring of the variable GROUP. The
SUBSTR function takes the form:

SUBSTR (char_var, start, length);

This function says to take a substring from char_var, starting at the position in-
dicated by the start argument, for a length indicated by the length argument. Why
then, is the length of C1 equal to 8 and not 29 The SAS compiler determines lengths
at compile time. Since the starting position and length arguments of the SUBSTR
function can be variable expressions, the compiler must set the length of C1 equal to
the largest possible value it can ever attain, the length of GROUP.

The same kind of logic controls the length of C2, defined by the REPEAT func-
tion. Since the number of addition replications is defined by the second argument of
the REPEAT function, and this argument can be a variable expression, the compiler
sets the length of C2 to the largest possible value, 200, Why 200? Because that is the
maximum length of a character variable in the SAS system.

There is a lesson here: Always use a LENGTH statement for any character vari-
ables that do not derive their length elsewhere, For example, to set the length of C2
t0 16, you would write:

LENGTH C2 § 16;

The LENGTH function does not, as you might guess, return the storage length
of a character variable. Instead, it returns the position of the right-most nonblank
character. Thus, trailing blanks are excluded in its computation,

The value of LLEFT and LRIGHT are 1 and 5, Tespectively, for every observa-
tion. This demonstrates that the trailing blanks in LEFT are not counted by the
LENGTH function, while the leading blanks in RIGHT are. The table below sum-
marizes the lengths for the remaining variables:

Obs GROUP LGROUP STRING LSTRING Cl 1LC1 C2 LC2
1 abedefgh 8 123 3 ab 2 abcdefghabedefgh 16
2 xxx 3 4 1 XX 2 xxx XxXx 11
3y 1 5 1 y 1 y ¥y 9
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The values of LGROUP and LSTRING are straightforward. The v_alue of LC1
is 1 for the third observation since C1 is only 1 byte in length in the. third observa-
tion. The values for LC2 are more complicated. The REPEAT funcnpn says to 'take
the original value and repeat it n times. So, for the first ob§er\1al10n, LC2is 16
(2 times 8). For observations 2 and 3, the trailing blanks come into play. In observa-
tion 2, the value of GROUP is ‘XXXbbbbb’ (where the b's stand for blanks). When
we repeat this string one additional time, we get: ‘XXXbbbbb'XXXbbbbb . Ngt
counting the trailing blanks, we have a length of § + 3 = 11. Using the same logic
for the third observation, we have a ‘Y’ followed by seven blanks, repeated once. Not
counting the last seven trailing blanks, we have a length of 8 + 1=9.

With these preliminaries out of the way, we can now begin our tour of some of
the very useful string functions available in SAS software.

C. Working with Blanks

This example demonstrates how to convert multiple blanks to a single blank. Sup-
pose you have some names and addresses in a file. Somg of the data-entry clerks
placed extra spaces between the first and last names and in the a(?dress fields. You
prefer to store all names and addresses with single blanks, Here is an example of
how this conversion is accomplished:

@35 7P
NAME = CONPBL (NAME);
ADDRESS = COMPBL (ADDRESS) ;
. CITY = COMPBL{CITY);:
DKTALINES;
RON CODY
89, LAZY BROOK.ROAD -
FLEMINGTON NT 08822
BILL  BROWN
28 CATHY ~STREET
NORTH :° CITY. Ny 11518

., VAR ADDREBS CITY STATE %IP;
RON; :

Thus, a seemingly difficult task is accomplished in a single line by using the
COMPBL (COMPress BLank) function, compressing multiple blanks to a single
blank. How useful!
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D. How to Remove Characters from q String

A more general problem is the removal (deletion) of selected characters from a
string. For example, suppose you want to remove blanks, parentheses, and dashes
from a phone number that has been stored as a character value. Here comes the
COMPRESS function to the rescue! The COMPRESS function can remove any
number of specified characters from a character variable. The program below uses the
COMPRESS function twice. The first time, to remove blanks from the string; the sec-
ond, to remove blanks plus the other characters mentioned above, Here is the code:

DATA EXAMPLE3;
INPOT PHONE § 1-15;
PRONEL e COMPRESS (PHONE) ;
PHONE2 = COMPRESS (PHONE, '{-) '),
DATALINES;
(908)235-4490
{201) 555-77 99

! N

PROC PRINT DATA«RXANPLE3;
TITLR 'Listing of Examp: €

RUN; T

The variable PHONE! has just blanks removed. Notice that the COMPRESS
function does not have a second argument here. When it is omitted, the COMPRESS
function removes only blanks. For the variable PHONE?, the second argument of the
COMPRESS function contains a list of the characters to remove: left parenthesis,
dash, right parenthesis, and blank. This string is Placed within single or double quotes.

E. Character Data Verification

A common task in data processing is to validate data. For example, you may want to
be sure that only certain values are present in a character variable. In the example
below, only the values ‘A, ‘B,‘C’,‘D’,and ‘E’ are valid data values, A very easy way
to test if there are any invalid characters present is as follows:

PROC PRINT DATA=EXAMPLE{ HOOBE
TITLE 'Listing of Bxample 4%;
RUN;
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The “workhorse” of this example is the VERIFY function, which is a bit com-
plicated. It inspects every character in the first argument and, if it .ﬁ‘nds any value
not in the verity string (the second argument), it will return the position of the first
offending value. If all the values of the string are located in the verify string, a value
of 0 is retuned. In the first observation, P will be 0 and OK will be 1; m the ;econd
observation, P will be a 3 (the position of the *X’) and OK will be 0; m the th;rd ob-
servation, P will be 1 and OK will be 0; finally, in the fourth observation, P will be a
4 and OK will be 0.

Another way to solve the same problem is the following: Suppose someone
gave you the data set EXAMPLES, created by running the short DATA step
below: :

To list any observation with values for STRING that are not the letters A-E or
blank, the following DATA step could be used:

E  Substring Example

We mentioned in the Introduction that a substring is a part of a longer string (a}-
though it can actually be the same length but this would not bfe too useful). In lhl'S
example, you have ID codes that contain a state abbreviation in the first two posi-
tions. Furthermore, in positions 7-9 is a numeric code. You want to create two new
variables; one containing the two-digit state codes, and the other, a numeric variable
constructed from the three numerals in positions 7,8, and 9. Here goes:
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[Continued]

DATALINES;
NYXXXX123
NJ1234567

PROC PRINT DATA=EXAMPLEG NOOBS;
TITLE ‘LISTING OF EXAMPLE 6';
RUN;

Creating the state code is easy. We use the SUBSTR function. The first argument
is the variable from which we want to extract the substring; the second argument is
the starting position of the substring; and the last argument is the length of the sub-
string (not the ending position as you might guess). Also note the use of the
LENGTH statement to st the length of STATE to 2 bytes.

Extracting the three-digit number code is more complicated. First, we use the
SUBSTR function to extract the three numerals (numerals are character represen-
tations of numbers). However, the result of a SUBSTR function is always a charac-
ter value. To convert the character value to a number, we use the INPUT function.
The INPUT function takes the first argument and “reads” it as if it were coming
from a file, according to the INFORMAT listed as the second argument. So, for the
first observation, the SUBSTR function would return the string 123’, and the
INPUT function would convert this to the number 123. As a point of interest, you
may use a longer INFORMAT as the second argument without any problems, For
example, the INPUT function could have been written as:

INPUT (SUBSTR(ID,7,3),8.);

and everything would have worked out fine. This fact is useful in situations where
you do not know the length of the string ahead of time.

G.  Using the SUBSTR Function on the Left-hand Side
of the Equals Sign

There is a particularly useful and somewhat obscure use of the SUBSTR function
that we would like to discuss next. You can use this function to place characters in
specific locations within a string by placing the SUBSTR function on the left-hand
side of the equals sign (in the older SAS manuals we believe this was called a
SUBSTR pseudo variable).

Suppose you have some systolic bload pressures (SBP) and diastolic blood pres-
sures (DBP) in a SAS data set. You want to print out these values and star high val-
ues with an asterisk. Here is a program that uses the SUBSTR function on the left of
the equals sign to do that:

P P
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DATA EXAMPLET;
INPUT SBP DBP @@;
LENGTH SBP_CHK DBP_CHK § 4;
8BP_CHK = PUT(SBP,3.);
DBP_CHK = PUT(DBP,3.);
IF SBP GT 160 THEN SUBSTR(SBP_CHK,4{,1)
IF DBP GT 90 THEN SUBSTR(DBP CHK,4,1)
DATALINES;
120 80 180 92 200 110

TR,

1,
I*l

i
PROC PRINT DATA=EXAMPLE7 NOOBS;

TITLE 'Listing of Example 7'; -
RUN;

We first need to set the lengths of SBP_CHK and DBP_CHK to four (th?ee
spaces for the value plus one for the possible asterisk). Next, we use a }’UT function
to perform a numeric to character conversion. The PUT function is, in some ways,
similar to the INPUT function. It “writes out” the value of the ﬁr§t argument, ac-
cording to the FORMAT specified in the second argument. By “w.rlte out” we actu-
ally mean assign the value to the variable on the left of the equals sign. The SUBSTR
function then places an asterisk in the fourth position when a value of SBP is greater
than 160 or a value of DBP is greater than 90.

H. Doing the Previous Example Another Way

It is both interesting and instructive to obtain the results above without usin'g Athe
SUBSTR function on the left-hand side of the equals sign. We are not doing lfhlS just
to show you a hard way to accomplish something we already did. Rather, this alter-
native solution uses a number of character functions that can be demonstrated. Here
is the program:

DATA EXAMPLES;
INPUT SBP DEP @8;
LENGTH SBP_CHK DBP_CHK § ;
SBP_CHK = PUT(SEE,3.);
DBP_CHK = PUT(DBP,3.};
IF SBP GT 160 THEN SBP_CHR = SUBSTR(SBP_CHR,1,3) || *+';
IF DBP GT 90 THEN DBP_CHK = TRIM(DBP_CHK) || '*';
DATALINES;
120 80 180 92 200 110
;noc PRINT DATA=EXAMPLES NOOBS;
TITLE 'Listing of Example 8%
RUN;
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This program is not really more complicated but maybe just not as elegant as the
first program. This program uses the concatenation aperator (] {) to join the three-
characer blood-pressure value with an asterisk. Since SBP_CHK and DBP_CHK
were both assigned a length of 4, we wanted to be sure to concatenate, at most, the
first 3 bytes with the asterisk. Just for didactic purposes, we did this two ways. For
the SBP_CHK variable, we used a SUBSTR function to extract the first 3 bytes.
For the DBP_CHK variable, the TRIM function was used. The TRIM function
removes trailing blanks from a character string.

1. Unpacking a String

To save disk storage, you may wish to store several single-digit numbers in a longer
character string, For example, storing five numbers as numeric variables with the de-
fault 8 bytes each would take up 40 bytes of disk storage per observation. Even
reducing this to 3 bytes each would result in 15 bytes of starage. If instead, you store
the five digits as a single character value, you need only 5 bytes.

That is fine, but at some point, you may need to get the numbers back out for
computation purposes. Here is a nice way to do this:

DATA EXAMPLES;
INPUT STRING § 1-5;
DATALINES;
12345
8 642
!
DATA UNPACK;
BET EXAMPLEY;
ARRAY X[5);
DOJT=1T05;
x[7] = INPUT(SUBSTR(STRING,J,1),1.);
END;
DROP J;
RUN;

PROC PRINT DATA=UNPACK NOOES;
TITLE 'Listing of UNPACK';
RUN;

We first created an array to hold the five numbers, X1 to X5. Don’t be alarmed
if you don’t see any variables listed on the ARRAY statement, ARRAY X[5]; is
equivalent to ARRAY X[5] X1-X5; We use a DO loop to cycle through each of the
five starting positions corresponding to the five numbers we want, As mentioned be-
fore, since the result of the SUBSTR function s  character value, we need to use the
INPUT function to perform the character to numeric conversion.
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J.  Parsing a String

“Parsing” a string means to take it apart based on some rule§ In the eanmple to fol-
low, five separate character values are placed together on a line, with either a space,
a comma, a semicolon, a period, or an explanation mark between th.em.You_would
like to extract the five values and assign them to five character variables. With the
SCAN function this difficult task is simplified:

DATA EX_10;
INPUT LONG_STR § 1-80;
ARRAY BIECES[5] § 10
PIECEL~PIECES;
POI =:1T05;
PIECES[I] = SCAN{LONG_STR,I,',;.! ');
END;
DROP LONG_STR I;
DATALINES4;
THIS LINE;CONTAINS!FIVE.WORDS
ABCDEPGHIJRL XXX;YYY
:

?
i1

PROC PRINT DATA=EX_10 NOOBS;
"~ PITLE 'Listing of Example 10':
RUN; :

Before we discuss the SCAN function, a brief word about DATALINES4 and
the four semicolons ending our data. If you have data values that ipclude semicplons,
you cannot use a simple DATALINES (or CARDS) statement since the semicolon
would signal the end of your data. Instead, the staterpent DATALINE$4 (or
CARDS4) is used, causing the program to continue reading data values until four
semicolons are read.

The function:

SCAN(char_var,n,'list-of-delimiters’);
returns the nth “word” from the char_var, where a “word” is defined as any‘thing be-
tween two delimiters. If there are fewer than n words in the character variable, the
SCAN function will return a blank.

By placing the SCAN function in a DO loop, we can pick out the nth word in
the string.

K. Locating the Position of One String within
Another String

Two somewhat similar functions, INDEX and INDEXC, can be used to locatte a
string or one of several strings within a larger string. For example, if you hE}ve astring
‘ABCDEFG’ and want the location of the letters DEF (starting position 4), the
following INDEX function could be used:
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INDEX (' ABCDEFG’, ' DEF”);
Thiswould return a value of 4, If youwant toknow the starting position of any one

of several strings, the INDEXC function can be used. Asan example,if you wanted the

starting position of either ‘BC ",or'FG'in the string'ABCDEFG’, you would code:

INDEXC( 'ABCDEFG’, 'BC*, 'FG');

The function would return a value of 2, the starting position of ‘BC”. Here isa
short program which demonstrates these two functions:

DATA BX_11;
INPUT STRING § 1-10;
FIRST = INDEZX (STRING, 'XYZ');
FIRST C = INDEXC(STRING, ‘%', 'Y, 'z,
DATALINES;
ABCXYZ1234
1234567890
ABCX1Y2739
ABCZZ2XYZ3

PROC PRINT DATA=EX_11 NOOBS;

TITLE 'Listing of Example 11';
RON;

FIRST and FIRST_C for each of the 4 observations are:

0BS  FIRST FIRST ¢

1 4 4
2 0 0
3 0 4
4 7 4

When the search fails, both functions return a zerq.

L. Changing Lower Case 1o Upper Case and Vice Versq

The two companion functions UPCASE and LOWCASE do just what you would
expect. These two functions are especially useful when data-entry clerks are careless
and a mixture of upper- and lower-case values are entered for the same variable, You

may want to place all of your character variables in an array and UPCASE

(or
LOWCASE) them all. Here js an example of such a program:

DATA EX_12;
. LENGTHABCDE § 1,
- INRUTABCDERZY,
DATALINES;
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[Continued]

DATA UPPER;
8ET EX _12;
ARRAY ALL_C[*] _CHARACTER_;
D0 I =1 TO DIM(ALL C);
ALL_c[1] = UPCASE(ALL_¢[1]);

This program uses the CHARACTER_ keyword to select all the charactgr
variables. The result of runming this program is to convert all v.alues f(}z ttl)le z:zld
ables A, B, C, D, and E to upper case. The LOWCASE function could be ‘
in placc; o,f tl’le UPCASE function if you wanted all your character values in
lower case.

M. Substituting One Character for Another

A very handy character function is TRANSLATE. It can be l(]iszd tzltci(;;l:zlr]to i(:;:
i i urecorded m
haracter to another in a string. For example, suppose y({ ‘ m (
f)naartst a5 1,2,3,4, or 5, which represented the letters ‘A’ through ‘E ,respecnvellly.
When you pr}nt out the character values, you want to see the. letters rather than t Ef
numerals. While formats would accomplish this very nicely, it also serves as an ex
ample for the TRANSLATE function. Here is the code:

The syntax for the TRANSLATE function is:

TRANSLATE (char_var, to_string, from string);

Each value in from_string is translated to the corresponding value in the
to_string.
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Another interesting application of th,

di . .
ichotomous numeric variables from e TRANSLATE function is the creatjon of

charactter I'ariables. For example, you may wish

o 1. Although this is ea" 5
‘ sily done wj

we can do it using the TRyANélI‘i/:i}tlé1

to set values of ‘N’
to 0 and val ¢
o alues of ‘Y’
ﬁl:THEN/ELSE statements, let’s see if
nction. Here goes: .

The UPCASE funct; ' -
. tion sets all
function convert, ‘ N values to upper case, N
verts the nllmerasl‘c,v‘?)lvu es olf ’N to‘0’and Y to ‘1’.Final[;. th:);klgle TRAN.SLATE
and ‘1 to the numbers 0 and 1 resp,ectiv | UT function con-
) ely.

N, I
Substituting One Word for Another in a String

A relatively new functi
ction (as of versi
(translate word version 6.07 on perso
, Cal nal com
For example yl . ;1] aperform a search and replace operaziOHP(;lItlers), TRANWRD
Y Wat to standardize addresses by conveitsimn%hvambla
ng the words

‘Street’, ‘Avenue’

’ ;and ‘Road’ to o

Look at the following program; the abbreviations ‘St”,'Ave.’ and ‘Ra. Tespectivel

s "y y

The syntax of the TRANWRD function is:
TRANWRD (char_var, .

find_string’, ‘replace gtring’);
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ce of find string with

That is, the function will replace every occurren
ace strings are reversed

replace_string. Notice that the order of the find and repl
compared to the TRANSLATE function where the to_string comes before the
from_string as arguments to the function. In this example, ‘Street’ will be converted
to°St’, ‘Avenue’ to ‘Ave’, and ‘Road’ to ‘Rd.’. The listing below confirms this fact:

Listing of Data Set CONVERT
OBS ADDRESS

1 89 Lazy Brook Rd.
2 123 River Rd.
3 12 Main St.

0. Concatenating (Joining) Strings

uld mention the concatenation operation. Al-
ful string operation and this seems as good as

anywhere to tell you about it! In computer jargon, “concatenate” means tojoin. S0, if
we concatenate the string ‘ABC’ with the string ‘XYZ', the result is ‘ABCXYZ'.
Pretty clever, eh? Things can get uq bit sticky” if we forget that SAS character vari-
ables may be padded on the right with blanks to fill out the predefined length of the
variable. If this is the case, we can use the TRIM function to remove trailing blanks
before we concatenate the strings. The concatenation operator is '] (two vertical
bars). Suppose We had social security numbers in a file and, instead of the usual—
separators, the digit groups were separated by colons, 123:45:6789, for example. One
way to read this string and convert it into the more commion format would be:

Since we are discussing Strings, we sho
though this is not function, it is a use

The output (just one observation) is:

visting of EX 15
0BS 88

1 123-45-6789

The compulsive programmer in one of us (Cody), will not let this program stand
without mentioning that the TRANSLATE function discussed previously would be

.4
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Problems 379

2 better way to solve this problem. {
lieve anyone is actually reading thi
problem above is;

Your humble second author, Smith, cannot be.

§ section.) The solution to the social security Problems

18-1. First, create a data set called CHAR1 by running the DATA step below:

INPUT 8§ § 1-11;
S8 = TRANSLATE (88, 1=, 111y,

P Soundex Conversion

SAS software provides a soundex functio
&name. Soundex equivalents of names al

of the soundex translations:

DATA EX_16;
LENGTH NAME1-NAME3 § 10,
INPUT NAME1-NAME3;
81 = HOUNDEX(NAME1);
82 = SOUNDEX (NAME2) ;
83 = 'SOUNDEX (NAME3) ;
DATALINES;
cody Kody cadi
cline klein clana

3 :
PROC BRINT DATA=EX 16 NOOBS;

TITLE 'Listing of Ex ,
- | ample 16';

This program will result in the following soundex matches;

Name Soundex Equivalent

18-2.

18-3.

18-4.

DATA CHAR1;
INPUT STRING1 $1.
STRING2 $5.
STRINGI $8.
(C1-C5) ($1.);
DATALINES;
XABCDE12345678YNYNY
YBBBBB12V56876yn YY
ZCCRCC123-/. WYNYN

i

Create a new data set ERROR containing any observations in CHAR{ that meet any
one of the following conditions:

1. Avalue other than an X’ or a ‘Y for the variable STRINGL.

2. A value other than an‘A’,'B’,*C’.'D", or ‘B’ in STRING2.

3. A value other than an upper or lower case ‘N’ or Y’ for the variables C1-C5.
(Nore: Blank values of C1-CS will place the observation in the ERROR data set.)

Using the data set CHAR! from the previous problem, create a new variable (NEW3)
from the variable STRING3, based on the following rules: First, remove embedded
blanks and the characters ~,*,*." and ‘. Next, substitute the letters A-H for the nu-
merals 1-8. Finally, set NEW3 equal to a missing value if there are any characters other
than A-H (trailing blanks are OK) in the string, The value of NEW3 for the three ob-
servations should be: ABCDEFGH’, missing, and ‘ABC".

For the variables C1-CS in data set CHARI (problem 18-1), change all lower-case val-
ues to Upper case, and set any remaining values other than °Y?,'N’,or blank to missing.
You may wish to use an ARRAY to solve this problem.

You are given a data set (PHONE) with phone numbers stored in a variety of formats.
Run the program below to create the PHONE data set and create a new variable,
NUMBER, that is, a numerical variable derived from the character variable
CHAR_NUM, with all extraneous symbols and blanks removed. Assume that the
longest phone number contains 10 digits.

CODY &
KoDY K
CADI o] DATA PHONE;
CLINE ot INPUT CHAR_NUM §20.;
KLEIN K45 DATALINES;
CLAN, (908)235-4490

; o (800) 555 - 1212
o o 203/222-4444
SMYTHE 553 ;
ADAMS A2
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185,

*18-6.

*187.
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The data set (EXPER) created by running the program helow, contains the variables
1D, GROUP, and DOSE. Create two new variables as follows: One is a 2-byte charac.
ter variable created from the second and third bytes of ID. The other is a variable cre-
ated by concatenating GROUP and DOSE. This variable should be 6 bytes long wity
a* between the GROUP and DOSE values, and it should not contain any embedded
blanks. Call the two variables SUB_ID and GRP_DOSE, respectively:

DATA EXPER;
INPUT ID $ 1-5

GROUP § 7
DOSE § 9-12;

DATALINES;

1NY23 A HIGH

3NJ99 B HIGH

2NY89 A LOW

SNJ23 B LOW

i

Using the data set EXPER from the previous problem, create a new variable (ID2)
from ID. Make this new variable 6 bytes in length and place an asterisk in the sixth byte
if the fourth byte of ID has a value of § or more. For this solution, create a numeric
variable based on the fourth byte of ID, and check if it is greater than or equal to 5. Do
tiot check this byte as a character value against the numerals 5-9,

Merge the two data sets created by Tunning the program below, using the GENDER,
date of birth (DOB), and the SOUNDEX equivalent of the NAME to determine
Matches. Keep only those observations where a match s successful, Call the new data
set COMBINED. There should be three observations in data set COMBINED.

DATA ONE;
INPUT @1 GENDER 41,
€2 DoB  MMDDYYS.
810 NME 11,
€21 STATUS 41.;
FORMAT DOB MMDDYYS.;
DATALINES;
H10/21/46CADY A
P11/11/50CLINE B
Ni1/11/528MITH A
RB
‘A

F10/10/800PPENHEINE,
M04/04/60708E
,
DATA TWO;
INPUT @1 GENDER 41,
€2 DB MMDDYYS.

@10 NAME  $11,
@21 WEIGHT 3.;

[Coutinued]

FORMAT DOB MMDDYYS.;
DATALINES;

M10/21/46C0DY 160
F11/11/50CLEIN 102
F11/11/528MITH 101
F10/10/800PPENHAIMER120
M02/07/60J08A 220

ﬁ,w‘___"

Problems
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Selected Programming Examples

A, Introduction

B. Expressing Data Values as a Percentage of the Grand Mean
C. Expressing a Value as a Percentage of a Group Mean

D. Plotting Means with Error Bars

E. Using a Macro Variable to Save Coding Time

F. Computing Relative Frequencies

G. Computing Combined Frequencies on Different Variables
H. Computing a Moving Average

L Sorting Within an Observation

J. Computing Coefficient Alpha (or KR-20) in a DATA Step

A, Introduction

This chapter contains a number of com
One s to allow you to use an

similar application; the othe

mon applications and serves two functions:
y of the programs here, with modification, if you have a
T is to demonstrate SAS programming techniques,

B.  Expressing Data Values as a Percentage
of the Grand Mean

A common problem is to express data values as percentages of the grand mean,
rather than in the original raw units. In this example, we record the heart rate
(HR), systolic blood pressure (SBP), and diastolic blood pressure (DBP) for each
subject. We want to express these values as percentages of the mean HR, SBP, and
DBP for all subjects. For example, in the data set below, the mean heart rate for
all subjects is 70 (mean of 80,70, and 60). The first subject’s score of 80, expressed
25 a percentage, would be 100% X §0/70 = 114.28% . The approach here will be
to use PROC MEANS to compute the means and to output them in a data set

which we then combine with the original data so that we can perform the required
computation.

382
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DATA TEST;
INPUT HR SBP DBP;
DATALINES;
80 160 100
70 150 90
60 140 80

PROC NEANS NOPRINT DATA=TEST;
VAR HR SBP DBP;
QUTBUT QUT=MOUT (DROP=_TYPE_ _FREQ )
MEAN=MHR MSBP MDBP; .
RUN;

DATA NEW (DROP=MER HSBP MDBE);
SET TEST;
IP _N_ = 1 THEN SET MOUT;
HRPER=100*HR/MER;
SBPPER=100*GBP/MSBP;
DBPPER=100*DBP/MDBP;

RUN;

=] BS-
PROC PRINT DATA=NEW NOOBS; .
TITLE *Listing of Data Set NEW!;
RUN;

Description, We use the NOPRINT option with PROC MEAtI;ISE1 l:jzctzu::tw(/;

do not want the procedure to print anything but, rathcr,AtI(jI scrviei)“ il

means, In this case, the output data set from PROC‘ ME. o e

ai The variables_TYPE_and FREQ_, which are normally "
ObSCTVﬂEOH t, are dropped (using a DROP= data set optlon.) since they are n

Ompu:i a"ll"aYsl"‘%E, is useful when a CLASS statement is used with PROC MEA;‘IS

I\lfi’e:ds‘lilo'v; examp_les of this later. The single observation in the data set MOUT is

shown below;

OBS MHR MSBP  MDBP
1 70 150 90

We want to add the three variables MH.R., MSBP, and M[?B;E t(I)n Z;Z:;;?:Y;.
tion in the original data set so that we can divide each valuev y ae e
le by 100%. Since our original data set has t.hree observations Sn. e
: tains only one observation, we use a trick: We use the SAS inte e
S?X C(ig conditionally execute the SET statement. The Program Data Ye;ltorcom_
;on_tains the variables HR, SBP, DBP, MHR,. MSBP, an.d MDBP. Any Ys:saofe;i HR
ing in from a SET statement are automatically re'tamed so the values fthé
}3{83)131}) asd MDBP will not change and will be available for every 1ter;1t;0n N(IJD by
DAL s e e e .
i ing i er observ:

S;it: I(I)I;eMWlf;l;),nlcigS]l;P,E1 :1(1):1 MDBP will remain in the Program Data Vector (they
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are automatically RETAINED because of the SET statement)

created by this program (NEW) i shown negt - The final data s

114.286

100.000

C. Expressing a Value o5 a Percentage of Group Mean

Thisexample is an extension of thy

e previ
B),and we want to express ach Previous problem. Here wehave two groups (A and

measurement as a Percentage of the GROUP meay

Description. Since the output data set from PROC MEANS contains GROUP,

we can MERGE it with the original da i
t .
Data set MOUT will sont, o gl(l)lbs A set, using GROUP as the BY variabje

contents of MOUT are shown below:e“’atwﬂ& one for each value of GROUP, The
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150.000 90.000
173.333 133,333

Data set NEW, which contains both the original values and the percentage
values is shown next:

GROUP HR SBP DBP HRPER =~  SBPPER DBPPER

A

A 70 150 90 100.000 100.000 100.000
A 60 140 80 85.714 93.333 88.889
B 90 200 180 112,500 115.385 135.000
B 80 180 140 100.000 103.846 105.000
B

70 140 80 87.500 80.769 60.000

D. Plotting Means with Error Bars

When we plot a set of means, we may want to include error bars, which represent one
standard error above and below the mean. The program below shows how we can
use PROC MEANS to output the standard errors and then use PROCPLOT to plot
the means and the error bars.

T fee e TSRS & D
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[Coutinued]

PROC PLOT DATA=TMP;
PLOT SBR*TIME='q" SBPHI*TIME='-' SBPLO*TIME='-' / OVERLAY BOX;
PLOT DBP*TIME=10o" DBPHI*TIME="-1 DBPLO*TIME='-' / OVERLAY BOX;
TITLE ‘Plot of Mean Blood Pressures at Each Time';

TITLE2 'Error bars represent +- 1 gtandard error';
RUN; )

Below is the first of the two plots (SBP by TIME) produced by this program;

Plot of Mean Blood Pressures at Each Time
Error bars represent +- 1 standard error

Plot of SBP*TINE. Symbol uged is 'o'
Plot of SBPHI*TIME, Symbol uged ig '-',
Plot of SBPLO*TIME, Symbol uged ig '-',

Description, The original date set contained the variable TIME as well as the
two blood pressures (SBP and DBP). The data set produced by PROC MEANS
(with the CLASS statement) will have as many observations as there are values of
TIME (note the NWAY option). We are seeking a plot of mean SBP (and DBP)

E.  Using a Macro Variable 10 Saye Coding Time

Programmers are always looking for a way to make their programs more compact
(and to avoid typing). While there is an extensive macro language as part of the SAS
system, we will use only a macro variable in this example. Macro statements begin
with % signs. A macro variable is defined with a %LET function. The expression to
the right of the = sign will be assigned to the macro variable. We precede the macro
variable name with an ampersand (&) in the program so that the system knows we
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are referring to a macro variable. In this example, we arefusirtmg fhmizrr?a;;;);ag; ][50
i i i to refer to the .
the place of a variable list. Any time we want :
?\lifoh;ng TP;REE we can use the macro variable LIST instead. (See Chapter 11,
Secﬁ(;n C for another example of a macro variable.)

DATA TRST;
%LET LIST=ONE TWO THREE;
INPUT &LIST FOUR;

DATALINES;

1234

4566

i’aoc PREQ DATA=TEST;
TABLES &LIST;

RUN;

FE Computing Relative Frequencies

In this example, we have an ICD (International Classification of Disl:ases) cl:):tepi(;r
j : i is was made. We want to know w -

each subject as well as the year that dmgnqsm w e per

i i ticular code for each year. That is,
centage of the observations contain a par e o vt
h ICD code as a percentage of all co
to express the frequency of eac oo 1350 e
le, in the data below, there were threg recorde '
:fer 1{3? rilrlleEAR order). Code 450 occurred twice, giving us a relative frequengly ;):
2/3, or 66,6%. We will use an output data set from PROC FREQ to compute the

relative frequencies, as follows:

DATA ICD;
INPUT ID YEAR ICD;

DATALINES;

001 1950. 450

002 1950::440

003 1951 460

004 1950 450

005 1951 300

i . g

PROC FREQ DATA=ICD; i
TABLES YEARVICD / OUT=ICDFREQ
*##Data set ICDFREQ con
for eath CODE in each YEAR) ;

RUN; oo . ;

PROC PREQ DATA=ICD;

" TABLES YEAR / OUT=TOTAL NOI
*#*Data set ICD containg t
of obs for each YEAR;

RUN;

HOPRINT
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[Coutinued)

DATA RELATIVE;
MERGE ICDFREQ TOTAL (RBNAI(E=COUNT=TOT_CNT));
**¥e need to repame CODNT in one of the two data sets

80 that we can have both values in data get RELATIVE;
BY YEAR;

RELA‘I‘IVE=100*COUNT/TOT_CM;
DROP PERCENT;
RUN;

PROC PRINT DATA=RELATIVE;

TITIE 'Relative Prequencies of ICD Codes by Year';
RUN;

Description. The first PROC FREQ creates an output data set (ICDFREQ)
that looks like the following:

ICDFREQ data set

YERR ICD COUNT  PRRCENT

1950 440 1 20

1950 450 2 40

1951 300 1 20
460 1

Notice that the data set created by PROCFREQ contains all the TABLES vari-
ables as well as the two variables COUNT and PERCENT. The COUNT variable in
this data set tells us how many times a given ICD code appeared in each year,

Next, we need the total number of ICD codes for each year to be used in the de-
nominator to create a relative incidence of each ICD code for each year. Running
PROCFREQ with only YEAR as a TABLE variable will give usthe number of ICD
codes there were for each year. Data set TOTAL is shown next:

YEAR COONT  PERCENT

1950 3 60
1951 2 0

All we have to do now is to merge the two data sets so that we can divide the
COUNT variable in the ICDFREQ data set by the COUNT variable in the TOTAL
data set. When we do the merging, we will rename COUNT in the TOTAL data set
to TOT_CNT since we can’t have two values for a single variable in one observation,
Finally, we can divide COUNT by TOT_CNT to obtain our desired result,
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Relative Frequencies of ICD Codes by Year

YEAR ICD COUNT TOTAL RELATIVE

1950 440 1 3 33,3333
1950 450 2 3 66.6667
1951 300 1 2 50.0000
1951 460 1 2 50.0000

G. Computing Combined Frequencies on Different Variables

In this example questionnaires are issued to people to determine Lo \zh;}ch [Che[:;:z;l:
they are sensitive. Each subject replies yes or no (Lor 0). to each o ft e e}:. e,
icals in the list. We want to list the chemicals in decreasxgg order (t]) 1 sins(; v ly. '
i 10 variables, we will be unable to display
we compute frequencies for each of thfa .
list shoxging the chemicals in decreasing order of frquency. Ourbf‘i(risctt sé?é hlsogo
i i to 10 observations per subject. -
restructure the data set into one with up ons per : '
servation will include a chemical number (from 1 to 10) indicating which chemical

was selected. Here is the program:

'rmv;mmmu';; 2O e = ' 4='IRON' 5='IN'
VALU INK' 3='SULPHUR
,',‘VALUE m:::cqp?ggl" 3='DDT' 3=|cm| 9=1802" 10="NO2';

SENST;- RE
DAT:NPSTNSI;) 1-4 v(Cmﬂ-CHEKIOJ 1.);
ARRAY CHEM[*] CHEM1-CHEM10;

Do 1=1 70 10; )
IF CHEM[I]=1 THEN DO;
SYMPTON=1;
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. Description. For a more detailed descr tion {
using arrays, see the relevant section of Chagter l(é).f I};(:l?; ts(;trgsEtrNugtlu;/eilld;iese;S
many observations per person as the number of 1's on the list of chemicals (CHEMIS
:oll(ZHEMIQ).The variable SYMPTOM is set equal to the DO loop counter, I, which
ells us which of the ten chemicals was selected. The observations from data
SENSI are shown here to help clarify this point: *

D Symptom
—_—

1 ALCOHOL
1 SULPHUR
1 TIN

1 DDT

1 soz

2 ALCOHOL
2 COPPER

3 ALCOHOL
3 INK

4 ALCOHOL
4 IRON

4  DDT

4 CARBON
4 502

4  NO2

5 ALCOHOL
5 COPPER
5sm

Notice that the formatted values for SYMPTOM i i
. : are displayed since we as-
s!gned aformat to the variable, A simple PROC FREQ will now tell us the frequen-
cies for each of the 10 chemicals. The ORDER=FREQ option of PROC FREQ will

produce a frequency fist in decreasing order of fr I
PR b e g equencies. The output from PROC

Cumulative i
SYMPTOM Frequency Percent Frequency c“-::i:::ze
ALCOHOL 5 27.8 5 27.8
802 3 16.7 8 4.4
COPPER 2 11.1 10 55.6
DDT 2 11.1 12 §6.7
INK 1 5.6 13 72.2
SULPHUR 1 5.6 u 77.8
IRON 1 5.6 15 83.3
TIN 1 5.6 16 88.9
CARBON 1 5.6 17 9.4
No2 1 5.6 18 100.0
-— ]
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H. Computing a Moving Average

Suppose we record the COST of an item each day. For this example, we want to com-
pute a moving average of the variable COST for a three-day interval. On day 3, we
will average the COST for days 1,2, and 3; on day 4, we will average the COST on
days 2,3,and 4, etc.

| S - O ——

[ Program to compute a moving average
Facmmen ST
DATA MOVING;

INPUT COST @@;

DAY+1;

COSTL=LAG(COST) ;

COST2=LAG2(COST) ;

IF _N_ GE 3 THEN MOV_AVESMEAN (OF COST COST1 COST2);

,BROP COSTL COST2;

4.68128

i
PROC. PRINT DATA=MOVING. NOOBS;
TITLE ‘Listing of Data Set-MOVING';

ROUN;

The data set MOVING is:

OBS COST DAY MOV_AVE
1 1 1
2 2 2 .
3 3 3 2.,00000
4 4 4 3.00000
5 5 3.50000
6 [ 6 5.00000
7 8 7 7.00000
8 12 8 8.66667
9 8 9 9.33333

Description. The LAG function returns the value of the argument the last time
the function was executed. If you place the LAG function in a DATA step where it will
be executed for every iteration of the DATA step, it will give you the value of the
argument from the previous observation. There are also a family of LAG functions,
LAG1,LAG2, LAG3, etc., which will return the value of the argument from the nth
previous execution of the function. Thus, LAG (which is equivalent to LAGI) will
return the value from a previous observation; LAG2 will return the value from the next
earlier observation, and so forth. Notice how the use of a moving average “smooths
out” the abrupt change on day 8. A note of caution here: it is usually inadvisable to
execute the LAG function conditionally. Consider the following example:
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DATA NEVER;

INPUT X @g; .

IF X GT 3 THEN X_LAG = Lag
DATALINES; - =
57214
i

_ What are the values of X_LAG in the five observations? Answer: Missing, §
missing, missing, and 7! Read the definition of the LAG function carefull andsee if
you can understand what is happening here. pendueet

L Sorting Within an Observation

We use PROC SORT tosort observationsin a SAS data set. However, we may have
Egc)a:;(e)rlr :c)o S(;rtdwflthm &I}ll observation, In the example that follows, five values (L1
rded for each subject. We want to arrange the five valu ighest
. es from high
to lowest. The method used here is known as a “bubble sort,” because the higheft (eosrt

IOW S ) ues bubb]e Or move closer, to the t eacht p
est Va] s 0! 105 I,10 h
Op ime the r()graﬂl returns to
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Description. Statement @ contains a SAS label. A statement in a SAS program
can be labeled by a one- to eight-character label, followed by a colon. We can then use
2 GOTO statement @ to control the logical fiow of the program. The DO loop @ runs
through the data values pairwise, reversing the order of a pair if two values are not in
descending order. A flag then gets set, so that the program knows to repeat the process
until no more pair reversals are made. Notice that we have five variables to be sorted,
and the DO loop runs from 1 t0 4 since we have I+1 as a subscript inside the loop. To
reverse the sorting order, substitute a LT operator for the GT operator in line @.

For those of you who don't like GO TO statements, the program below also
sorts values within an observation but doesn’t use any GO TO statements:

J. Computing Coefficient Alpha (or KR-20)
in a DATA Step

‘This program computes a test statistic called coefficient alpha, which, for a test item
that is dichotomous, is equivalent to the Kuder-Richardson formula 20. This statis-
tic is available in PROC CORR with option ALPHA (Cronbach’s alpha—see
Chapter 11, Section F). You may still want to use the code below to compute your
KR-20. At the very least, it serves as a good programming example. The formula for
Cronbach’s alpha is:

2 ltem varianoes

Test variance

Alpha (or KR-20 if dichotomous) = k—f—l (1 -

where k is the number of items in the test.
The key here is to output a data set that contains the item and test variances.

Here is the program:
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_______________________________________________________ *
Assume that data get SCORE (see Chapter 11) contains
varlables S1i-g5 which are the scored responses for
each of the 5 items on a test. S=1 for a correct
answer, $=0 for an incorrect responsge
....................................................... *;
PROC MEANS NOPRINT DATA=SCORE;

VAR §1-85 RAW;

OUTPUT OUT=VAROUT VAR=VS1-VS5 VRaw;
RUN;

DATA _NULL ; (@)
FILE PRINT; (O
SET VAROUT; )
SUMVAR = SUN (OF VS1-V85); @
_KR20 = (5/4)%(1-SUMVAR/VRAW); @)
PV'I':,{KR20=; @ ¢
RON;

We use PROC MEANS to Output a data set containing the item variances, The
keyword VAR= computes variances for the variables listed in the VAR statement,
This data set contains only one observation. In order to sum the item variances, we
need to use another DATA step. You may not be familiar with the special SAS data
set name _NULL_ . This reserved data set name instructs the SAS system to
process the observations as they are encountered but ot to write them to a tempo-
Tary or permanent SAS data set. This saves time and, perhaps, money. Line ) com-
putes the sum of the item variances, and line @ is the formula for coefficient alpha,

We get the program to print the results for us by using a PUT statement ). The

tesults of this PUT are sent to the same place that normal SAS output goes, because
of the FILE PRINT statement @.

Problems

Asa special treat to you, this chapter does not contain any SAS programming problems (since

they are not really appropriate). So your assignment, should you decide to accept it, is to go
outand have a good time (on us of course)!

CHAPTER

Syntax Examples

A. Introduction

B. PROC ANOVA

C. PROCAPPEND
D. PROC CHART

E. PROC CONTENTS
E. PROC CORR
G. PROC DATASETS
H. PROCFACTOR

I. PROC FORMAT

J. PROCFREQ
K.PROC GLM

L. PROCLOGISTIC
M. PROC MEANS

N. PROC NPARIWAY
0. PROCPLOT

P. PROCPRINT
Q.PROCRANK
R.PROCREG

S. PROC SORT

T. PROCTTEST

U, PROC UNIVARIATE

A. Introduction

This chapter presents examples of each of the procedures listed above. Instead of a
generalized, hard-to-understand syntax reference, we present several concrete ex-
amples that cover the majority of options and statements that you may want for ea_ch
procedure. Simply replace our highlighted variable names and data set names with
your own, and you are ready to go.

395
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B. PROC ANOVA

One-way Design:

PROC ANOVA DATA=MYDATA;
CLASS RACE;
MODEL SCORE FINAL = RACE;

MEANS RACE / SNK; *++gNg 18 Student Newman Reuls;
RUN;

Two-way Factorial Design (balanced only):

PROC ANOVA DATA=MYDATA;
CLASS GROUP DOSE;
MODEL HR SEP DBP = GROUP | DOSE;

MEANS GROUP|DOSE / DUNCAN; ***DUNCAN multiple range test;
RUN;

One-way Repeated Measures Design (using the REPEATED statement);

PROC ANOVA DATA=MYDATA;
MODEL SCORE1-SCORE4 = / NOUNT ;
REPEATED TIME;

RUN;

One-way Repeated Measures Design (without using the REPEATED statement):

FROC ANOVA DATA=MYDATA;
CLASS SUBJ TIME;
MODEL SCORE = SUBJ TIg;
MEANS TIME / SKK;

RUN;

For more advanced factorial and repeated measures designs, refer to Chapters 7
and 8,

C. PROC APPEND

PROC APPEND BASE=RIG DATA=NEWDATA;
RUN;

D. PROC CHART

Vertical Bar Chart (Frequencies):

PROC CHART DATA=MYDATA;
VEAR GENDER;

RUN;

PROC CHART DATA=MYDATA;
VBAR DAY / DISCRETE;
RUN;

Section G / PROC DATASETS

Horizontal Bar Chart:

PROC CHART DATA=MYDATA;
HBAR GRCUP;
RUN;

Bar Chart Where Bars Represent Sums or Means of a Variable:

PROC CHART DATA=MYDATA;
VBAR REGION / SUMVAR=SALES TYPE=SUM;

RUN;

For more details on PROC CHART see Chapter 2.

PROC CONTENTS

tm

PROC CONTENTS DATA=MYDATA POSITION;
RUN;

LIBNAME XXX 'C:\SASDATA';
PROC CONTENTS DATA=XXX. ALL_ POSITION;
RUN;

E PROCCORR

Correlation Matrix:

PROC CORR DATA=MYDATA NOSIMPLE;
VARABCXYZ;
RUN;

Correlate One Variable with Several Others:

PROC CORR DATA=MYDATA NOSIMPLE;
WITH QUES1-QUES50;
VAR GRADE;

RUN;

For additional examples, see Chapter 5.

G. PROC DATASETS

LIBNAME XXX 'C:\SASDATA';
PROC DATASETS LIBRARY=XXX;
MODIFY MYDATA;
LABEL CANDID = 'CANDIDATE';
RENAME OLDWT = WEIGHT;
FORMAT COST DOLLAR7.;
RUN;

397
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H. PROC FACTOR

Principal Components Analysis (with Totation):

I

PROC FACTOR DATA=FACTOR PREPLOT PLOT ROTATE=VARIMAX
NFACTORS=2 OUT=FACT SCREE;
VAR JERL-QUESE;
RUN;

Factor Analysis with Squared Multiple Correlations and Oblique Rotation:

PROC FACTOR DATA=FACTOR PREFLOT PLOT ROTATE=PROMAX
NFACTORS=2 QUT=FACT SCREE;
VAR QUESL-QUESE;
PRIORS SMC;
RUN;

See Chapter 10 for more examples and explanations.

PROC FORMAT

Temporary Character and Numeric Formats:

PROC FORMAT;

VALUE $GENDER 'M' = 'Male'
'F' = 'Female';

VALUE LIRERT 1 = 'Strongly Disagree’
2 = 'Disagree'
3 = 'No Opinion'
4 = 'Agree’
5 = 'Strongly Agree';

VALUE WTGRP LOW-<20 = 'Zero to 20'
20-<40 = '20 TO 40'
40-HIGH = '40 and Above';

VALUE $CODES 'A','C','E' = 'Group 1'
‘X', 'Y, "2 = 'Group 27;

VALUE NUMS 1,4-8 = 'Range One'
2,3,9-11 = 'Range Two';

RUN;

Permanent Formats:

LIBNAME XXX 'C:\SASDATA';
OPTIONS FMTSEARCH=(XXX);
PROC FORMAT LIBRARY=XXX;
VALUE $YESNO 'l' = 'Yes'
'0' = 'No';
RUN;

i

Section K / PROC GLM

J. PROC FREQ

One-way Frequencies:

PROC FREQ DATA = MYDATA ORDER=FREQ;
TABLES GENDER RACE GROUP / NOCUM;
RUN;

Two-way Frequencies (with request for chi-square):

PROC FREQ DATA=MYDATA;
TABLES TREAT*OUTCOME / CHISQ;
ROUN;

Three-way Frequencies (with a request for all statistics):

PROC FREQ DATA=MYDATA;
TABLES STRATA*GROUP*QUTCOME / ALL;
RUN;

See Chapter 3 for more examples.

K. PROC GLM

One-way Design:

PROC GLM DATA=MYDATA;
CLASS TREAT;
MODEL Y = TREAT;
CONTRAST ‘A VS. B AND C' TREAT 2 -1 -1;
CONTRAST 'B VS. C!' TREAT 0 1 -1;
MEANS TREAT / SNK;

RUN;

Two-way Factorial Design (balanced or unbalanced):

PROC GLM DATA=MYDATA;

CLASS TREAT GENDER;

MODEL Z = TREAT | GENDER;

LSMEANS TREAT | GERDER / SCHEFFE ALPHA=,1;
RUN;

399

For more examples of factorial designs, contrast statements, and repeated mea-

sures designs, see Chapters 7 and 8.
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L. PROC LOGISTIC

PROC LOGISTIC DATA=LOGISTIC DESCENDING;
MODEL ACCIDENT = AGE VISION DRIVE_ED /
SELECTION = FORWARD
CTABLE PPROB=(0 to 1 by .1)
LACRFIT

RISKLIMITS;
RON;

For other examples of PROC LOGISTIC, see Chapter 9, Section F.

M. PROC MEANS

Descriptive Statistics on All Subjects Together:

PROC MEANS DATA=MYDATA N MEAN STD STDERR MAXDEC=2;
VAR HR SBP DBP;
RUN;

Descriptive Statistics Broken Down by Ore Variable:

PROC MEANS DATA=MYDATA N MEAN STD STDERR MIN MAX MAXDEC=2;
CLASS GROUP;

VAR X Y 2;
RUN;

Creating an Output Data Set Containing Means and Variances:

PROC MEANS DATA=MYDATA NOPRINT NWAY;
CLASS GENDER GROUP;
ID SUBJ;
VAR X Y 2;
OUTPUT OUT=SUMMARY
MEAN=M X M Y Mz
VAR =V.X VYV 3,
RON;

Using PROC MEANS to Run a Paired t-Test:
PROC MEANS DATA=MYDATA N MEAN STD STDERR T PRY;

VAR DIFF;
RUN;

Section P/ PROC PRINT

N. PROC NPARIWAY

PROC NPARIWAY DATA=MYDATA WILCOXON;
CLASS GROUP;
VAR WEIGHT;
EXACT WILCOXON;

RUN;

See Chapter 6, Section D, for more details.

0. PROCPLOT

Simple X-Y Plot:

PROC PLOT DATA=MYDATA;
PLOT Y*X;
RON;

Choosing o’s as Plotting Symbols:
PROC PLOT DATA=MYDATA;
PLOT Y*X = 'o';
RUN;
Using the Value of Gender ("M’ or ‘F’} as the Plotting Symbol:

PROC PLOT DATA=MYDATA;
PLOT Y*X = GENDER;
RUN;

For more details, see Chapter 2, Section G.

P PROC PRINT

Simple Listing with Variable Names as Column Headings:

PROC PRINT DATA=MYDATA;
TITLE 'This is the Title of My Report';
ID SUBJ_ID;
VAR DATE HR SBP DBP;

ROUN;

Simple Listing with Variable Labels as Column Headings:

401

(Nore:In this example, the LABEL statement is included in the procedure. In other
situations, the labels may be assigned in the DATA step and you would not need an
additional LABEL statement in the PROC. The formats may have also been as-
signed previously.)

For more examples of PROC MEANS with and without creating an OUTPUT
data set, see Chapter 2.
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PROC PRINT DATA=MYDATA LABEL;
TITLE]1 'Pancier Report';
TITLE2 'Compiled by J. Smith and R. Cody';

S. PROCSORT

TITLED fomomomomoeo o R CodY . Sorting a Data Set “In Place™
FOOTNOTE 'Printed on recycled paper’; PROC SORT DATA=MYDATA;
ID SUBJ. ID; BY ID DATE;
VAR DATE COST SBP DBp; RUN:
FORMAT DATE MMDDYYS. COST DOLLARS. SEP DBP 4.; ! . — data set
LABEL SUBJ ID = 'Subject ID' Example Creating an Output Data Set (Using KEEP and WHERE= data se
DATE = 'Date of Vigit! H
ons):
CosT = 'Cost of Treatment'; opt )
RUN; PROC SORT DATA=MYDATA (REEP=ID KR SBP DEP GENDER
WHERE= (SBP GT 140)) OUT=OUTDATA;
BY ID DATE;
RUN;
0. PROC RANK

Create a New Data Set with R_X Representing the Rank of X: T PROC ITEST;

PROC RANK DATA=MYDATA OUT=RANKDATA;

VRARANKX; PROC TTEST DATA=MYDATA;
§ R CLASS GENDER;
RUN;

VAR HR SBP DBP;
i : ; . RUN;
Using PROC RANK to Split the Group in Two (median split):
PROC RANK DATA=MYDATA OUT=NEWDATA GROUPS=2;
w U. PROC UNIVARIATE
RUN;
PROC UNIVARIATE DATA=MYDATA NORMAL PLOT;
VAR X Y Z;
RUN;

R. PROCREG

Simple Linear Regression:

PROC REG DATA=MYDATA;
MODEL Y = X;
RUN;

Two Variable Regression;

PROC REG DATA=MYDATA;
MODEL LOSS = DOSAGE EXERCISE / PR;
RUN;

Stepwise Multiple Regression;

PROC REG DATA=MYDATA;
MODEL OUTCOME = INCOME SES AGE 0 /

SELECTION = STEPWISE;
ROUN;

See Chapter 9 for more examples of PROC REG,

E™ T L e
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- PROC SORT DATA=TAXPROB;

BY 8s;
RUN;
PROC PRINT DATA=TAXPROB;
TITLE ‘Listing of Salary and Taxes’;
ID §§;
VAR SALARY TAX;
RUN;

\ : 1-:3 1 DATA MISTARE;
3 2 INPUT ID 1-3 TOWN 4-6 REGION 7-9 YEAR 11-12 BUDGET 13-14

- 3 VOTER TURNOUT 16-20
CHAPTER 1 E (data lines go hers)

Solutions to Problems

H (@) oama cotgc; : 4 PROC MEANS DATA=MISTAKE;
INBUT ID AGE GENDER §$ GPA CSCORE; : S VAR ID REGION VOTER TURNOUT;
DATALINES; : 6 N,STD,MEAN;
118 ¥ 3.7 650 E 7 RUN;
3187 2.0430 ‘ Line 3 Variabl t contain a blank, Variable name too
319 F 3.3 580 1 ine 3: Var. e name cannot contain a .
4234 2.8 599 3 long. (Actually, if we had two variables, VOTER and TURNOUT, the INPUT
521 M 3.5 640 . statement above would work since we can combine LIST input with column

H specifications, However, for this problem, we intended VOTER TURNOUT to
represent a single variable.) Semicolon missing after TURNOUT 16-20.

(b) PROC MEANS DATA=COLLEGE;

VAR GPA CSCORE; Line §: We probably don't want the mean ID. Also, would be more meaningful

RON; to use PROC FREQ for a Categorical variable such as REGION.
(c) Between the “INPUT" and « A
— UT" and “DATALINES lines inert: DATALINES; missing.
= GPA + 3*CSCORE/500;
Addto th RE/500; ] Line 6: Options for PROC MEANS go on the PROC line between the word MEANS
o the end of the program: 3 and the semicolon. The options must have a space between them, not a
PROC SORT DATA=COLLEGE; comma.
BY INDEX; 3
RUN; 3 PROC MEANS DATA=MISTAKE N MEAN STD;
A VAR -~
PROC PRINT DATA = COLLEGE; ; RUN;
TITLE 'St i , 3
ID Ip; udents in Index Order'; /+ (optional) +/ 1-4 We have a SAS data set with the variables AGE, GENDER, RACE, INCOME,
N VAR GPA CSCORE INDEX; MARITAL, and HOME (homeowner versus renter).
UN;
Code Book
1-2 (a) DATA TAX : :
@ mam "S5 AIARY AGE Tac Varisble Name _ Cal(s) Description and Formats
E §; -
PORMAT SS S5N11.; /* (See ch & AGE 1 Age group of subject
DATALINES; apter 3 about FORMATS) #/ 4 1=10t019 2=20-29 3=30-39
123874414 28000 35 W | 4 = 4049 5=50-59 6=60+
S48239162 29500 37 3 GENDER 2 Gender, 1=male 2= female
Ols::ﬁ:: 35100 40 w RACE 3 Race, 1= white 2= African Am. 3 = hispanic
] 26500 31 W 4 = other
p MEAN: INCOME 4 Income group, 1 = 0 to $9,999
PR NEAS DATA = TAXZROB N MEAN MAKDEC:(); 1= 10,0%0 01999
VAR Sacant pogr T SCRCLECCS for Selary and age'; 3= 200001039,000
RON; ' 4 = 40,000 10 59,000
(b) Add a line after th : 5 = 6000010 79,000
T the INPUT statement: 6 = 80,000 and over
TAE= .30 * shLARY; MARITAL 5 Maritalstatus1 = single 2 = maried
Add to the end of the program: 3 = separated 4 = divorced 5 = widowed
HOME 6 Homeowner or renter, 1= homeowner
0 = renter
404
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DATA CEo;
INPUT AGE 1 GENDER 2
DATALINES;
31411
122319
411221
(more data lines)
RUN;

RACE 3 INCOME 4 MARITAL 5 HOME 6;

PROC FREQ DATA=CEQ ORDER=FREQ;
*Note, tll1e ORDER=FREQ option will list
decreasing frequency order, i.e. the most frequent first;
TITLE 'Frequencies and Contingency Tables for CEO Repo é'-
TABLES AGE GENDER RACE INCOME MARITAL HOME por
AGE*GENDER*RACE INCOME*AGE*GENDER MARITAL*HOME;

*or whatever oth inati i
s er combinations you are interested in;

the frequencies in

PROC CHART DATA=CEO;
TITLE 'Histograms';
VEAR AGE GENDER RACE INCOME MAR

o ITAL HOME / DISCRETE;

15 paTa PROBL_5;

INPUT ID RACE § SEP DBP HR;

DATALINES;

001w 130 B0 60
002 B 140 90 70
003 120 70 64
004 W 150 90 76
005 B 124 86 72

i

PROC SORT DATA<PROB1_S;
BY sBp;

RUN;

PROC PRINT DATA=PROB1_5 NOOBS;

TITLE ‘Race and Hemodynamic Variables';
VAR ID RACE SBP DBP;
RUN;

1-6 Add the following line after the INPUT statement;
ABP = 2*DBP/3 + §BP/3;
or
ABP = DBP + (SBP-DBP)/3;

CHAPTER 2

21 PROC FREQ DATA=COLLEGE;
TABLES GENDER;
RUN;

22 PROC FREQ DATA=TAXPROB;
TABLES RACE / NOCUM;
Ruw;

23 (a) PROC CHART DATA=PROB2_3;
VBAR GROUP;
ROUN;

Solutions to Problems

(b) PROC PLOT DATA=PROB2_3;
PLOT Y*X;
RUN;

(c) PROC SORT DATA=PROB2_3;
BY GROUP;
RUN;

PROC BLOT DATA=PROB2_3;
BY GROUP;
PLOT Y*X;

RUN;

407

Don’t forget that you must have your data set sorted by the BY variables before you can use a BY

statement in a PROC,

2-4 Program to read liver data and produce statistics:

DATA LIVER;
INPUT SUBJ DOSE REACT LIVER_WT SPLEEN;
DATALINES;
115.410.28.9
215.99.87.3
{more data lines)
H
PROC SORT DATA=LIVER;
BY DOSE; *Note, optiomal since already in dose order;
RUN;

PROC UNIVARIATE DATA=LIVER NORMAL PLOT;
TITLE 'Distributions for Liver Data';
VAR REACT -- SPLEEN;

RON;

PROC UNIVARIATE DATA=LIVER NORMAL PLOT;
BY DOSE;
TITLE 'Distributions for Liver Data by Dose';
VAR REACT -- SPLEEN;

1 DATA 123;

2 INPUT AGE STATUS PROGNOSIS DOCTOR GENDER STATUS2
3 STATUS3;

4 (data lines)

i

5 PROC CHART DATA=123 BY GENDER;
6 VBAR STATUS

7 VBAR PROGNOSIS;

8 RuUN;

9 PROC PLOT DATA=123;
10 DOCTOR BY PROGNOSIS;
11 RUN;

Line 1: Invalid data set name, cannot start with a number.
Line 22 PROGNOSIS has nine letters.

Line 2: Not really an error, but it would be better to list GENDER with the other demographic

variables.

Line 2: Again, not an error, but an ID variable is desirable.

Lines2and 3:  Boy, we're picky. If you have STATUS? and STATUS3, STATUS should be
STATUSL
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DATALINES; or CARDS; statement missing between lines 3 and 4.
Line 5: Two things wrong here: One, If You use a BY variable, the data set must be sorted in

order of the BY variable; two, a semicolon is missing between PROC CHART and BY
GENDER.

Line 6: Missing a semicolon at the end of the line.

Line 7: Tn case you thought this was an error, it isn’t. You can have two (or more) VBAR
statements with one PROC CHART.

Line 8 Missing the keyword PLOT before the plot request. Also, the plot request s of the form
Y*Xnot YBY X,

246 (x) DATA SALES;
INPUT PERSON § TARGET $ VISITS CALLS UNITS;

DATALINES;

Brown American 3 12 28000
Johnson VRW § 14 33000
Rivera Texam 2 § 8000
Brown Standard 0 22 0
Brown Knowles 2 13 12000
Rivera Metro 4 L] 13000
Rivera Uniman 8 7 27000
Johnson Oldham 3 16 8000
Johnson Rondo 2 4 2000

i

PROC MEANS DATA=SALES N SUM MEAN STD MAXDEC=(;
CLASS PERSON;
TITLE 'Sales Figures for Each Salesperson';
VAR VISITS CALLS UNITS;

RUN;

(b) PROC PLOT DATA=SALES;
TIPLE 'Sales Plots';

PLOT VISITS*CALLS=PERSON;
RUN;

(c) PROC CHART DATA=SALES;
TITIE ‘Distribution of Units Sold by Salesperson';
VBAR PERSON /SUMVAR=UNITS TYPE=SUM;
RUN;
or

PROC CHART DATA=SALES;
TITLE 'Distribution of Units Sold by Salesperson';
VBAR UNITS / GROUP=PERSON;

RUN;

The first PROC CHART in part (c) above will produce a single bar for each salesperson, the height
representing the total (sum) of the units sold. The altemate statements will produce an actual frequency
distribution ofthe number of units sold, for each salesperson, in a side-by-side fashion.

L7 A program to read these data and compute means would be:

DATA PROB2_7;
INPUT ID TYPE § SCORS;

DATALINES;
1 A 4
1 B 9
1 < 203
2 A 50
2 B 7
2 ¢ 188
3 A 39
3 B 5
3 c 234

e RS-
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PROC MEANS DATA=PROB2_7;
CLASS TYPE;
VAR SCORE;
RUN;
t first.
1f you use a BY statement instead of a CLASS statement, remember to sort your data sef

CHAPTER 3

3.1 PROC FORMAT;
VALUE FGROUP 1='CONTROL' 2='DRUG A'
3="DRUG B't

RUN;

3.2 PROC PORMAT; .
VALUE $GENDER 'M'='Male

'P'='Pemale’;
VALUE $PARTY 'l'='Republican’
'2'='Democrat’

13'='Not Registered';
VALUE YESNO 0='No' 1='Yes';
RUN;

DATA SURVEY;
INPUT ID 1-3 GENDER § 4 PARTY $5
VOTE 6 FOREIGN 7 SPEND 8;
ty!
LABEL PARTY = 'Political Par
VOTE = 'Vote in Last Election?' Lier?
t Policy?’
FOREIGN = 'Agree with Governmen! N
SPEND = 'Should we Increase Domestic Spending?'; B+
PORMAT GENDER $GENDER. PARTY $PARTY, VOTE FOREBIGN SPEND ¥

DATALINES;
00711110
013F2101
137F1001
117 1111
428M3110
017F3101
03742101

PROC FREQ DATA=SURVEY;
PITLE 'Political Survey Results';
TABLES GENDER PARTY VOTE FOREIGN SPEND;
TABLES VOTE*(SPEND FOREIGN) / CHISQ;

RUN;

3-3 Method 1

DATA DEMOG;
INPUT WEIGHT HEIGHT GENDER §;
*Create welght groups;
Ig eO LE WEIGHT LT 101 THEN WIGRP=1;
ELSE IF 101 LE WEIGHT LT 151 THEN WIGRP=2;
ELSE IF 151 LE WEIGHT LE 200 THEN WIGRP=3;
ELSE IF WRIGHT GT 200 THEN WTGRP=4;
*create height groups;
IF 0 LE HEIGHT LE 70 THEN HTGRP=1;
ELSE IF HEIGHT GT 70 THEN HTGRP=2;

DATALINES;

155 68 M

98 60 F

R
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202 72 M
280 75 K
130 63 p

i

PROC FREQ DATA=DEMOG;
TABLES WIGRP*HTGRP;
RON;

(NoTE: You mayuse <= instead of LE, < instead of LT, and > instead of GT)
Method 2:

PROC FORMAT;

VALUE WTFMT 0-100='1' 101-150="2" 151-200='3" 201-HIGH="4";

VALUE HTFMT 0-70='1' 71-HIGH='2';

DATA DEMOG;
INPUT WEIGHT HEIGHT GENDER §;
DATALINES;
155 68 u
98 60 F
202 72 &
280 75 M
130 63 F
PROC FREQ DATA=DEMOG;
TABLES WEIGHT*HEIGHT;
FORMAT WEIGHT WTFMT. HEIGHT HTFMT.;
RUN;

3-4 DATA ASTHMA;

INPUT ASTHMA ¢ SES $ COUNT;

DATALINES;

YES LOW 40

NO LOW 100

YES HIGE 30

NO HIGH 130

H

PROC FREQ DATA=ASTHMA;
TITLE ‘Relationship between Asthma and SES';
TABLES SES*ASTHMA / CHISQ;
WEIGHT COUNT;

RUN;

Chi-square = 4.026, p = (045,

3-5 paTa VITAMIM;

INPUT V_CASE § V_CONT $ COUNT;
LABEL V_CASE = 'Cage Uge Vitaming'

" V_CONT = 'Control Use Vitaming';
*Note: Values of V_CASE and V_CONT chosen so that 1-YES
will come before 2-NO in the table;

DATALINES;

1-YES 1-YES 100

1-YES 2-NO 50

2-NO 1-YES 90

2-NO 2-NO 200

H

PROC FREQ DATA=VITAMIN;
TITLE 'Matched Case-control Study';
TABLES V_CASE * V_CONT / AGREE;
WEIGHT COUNT;

RUN;
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Chi-square (McNemar) = 11.429, p = .001 More likely to develop disease X if you do not use
vitamins. (Remember, it is only the discordant pairs (ves/no or no/yes) that contribute to the

McNemar Chi-square.)

3-6 DATA VDT_USE;

INPUT GROUP § VDT § COUNT;
DATALINES;
CASE 1-YES 30
CASE 2-NO 50
CONTROL 1-YES 90
CONTROL 2-NO 200

i

PROC FPREQ DATA=VDT USE;
TITLE 'Case-control study of VDT Use';
TABLES VDT * GROUP / CHISQ CMH;
WEIGHT COUNT;

RON;

Chi-square = 24, p> 05 OR = 1333, 95% CI (796,2.234).

3-7 DATA CLASS;

INPUT TYPE : $10. PROBLEM § COUNT;
DATALINES;
1-STANDARD 1-YES 30
1-STANDARD 2-NO 220
2-PROOFED 1-YES 20
2-PROOFED 2-NO 280

i

PROC FREQ DATA=CLASS;
TITLE 'Sound Proofing Study';
TABLES TYPE * PROBLEM / CHISQ CMH;
WEIGHT COUNT;

RON;

RR = 1.800 {room noise increases the incidence of problems), 95% CI (1.057,3.065).
3-8 PROC FORMAT;

VALUE SIZE 1= 'Small' 2= 'Medium' 3 ='Large' 4= 'Gigantic‘;

RUN;

DATA CLASS;
INPUT SIZE PROBLEM § COUNT @@;
FORMAT SIZE SIZE.;

DATALINES;
11-¥YBS 3 12-N0 12 2 1-YES 6 2 2-NO 22
3 1-YES 17 3 2-NO 38 4 1-YES 80 4 2-NO 120

i

PROC FREQ DATA=CLASS;
TITLE 'Relationship Between Class Size and Behavior';
TABLES PROBLEM * SIZE / CHISQ;
WEIGHT COUNT;

RON;

Chi-square test for trend = 6.038, p = 014
Nore: The chi-square for the 2 by 4 table is 6.264, with p = .09,

39 DATA TEMP;
INPOT T_CONTRL § GROUP : $10. COLD § COUNT;
DATALINES;
1-POOR SMOKERS 1-YES 130
1 -POOR SMOKERS 2-NO 50
1-POOR NONSMOKERS 1-YES 0
1-POOR NONSMOKERS 2-NO 100

41
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2 -GOOD SMOKERS 1-YES 20

PROC FREQ DATA=IGOOFED;
2 -G00D SMOKERS 2-NO 55

TABLES GENDER*RACE / CHISQ:
2 -GOOD NONSMORERS 1-YES 35 RUN;
2 -GOOD NONSMOKERS 2-NO 150
7 Line 14: You cannot use a BY statement unless the data set has been sorted first by the same
PROC FREQ DATA«TEMP; variable.
TITLE ‘Relationship Between Temperature Control and Colds';
TABLES GROUP * T_CONTRL * COLD / ALL;
WEIGHT COUNT;
- CHAPTER 4
The overall RR for the combined tables = 1468, 41 DATA PROBA_1;
The 95% Cl is (1.086, 1.985). INPUT @1 ID 3.
The p-value is 013, @5 (DOB ST_DATE END_DATE) (MMDDYY6.)
823 SALES 4.;
3-10 PROC FORMAT; AGE = {ST_DATE - DOB) / 365.25;
VALUE PROB 1= ‘Cold* 2= ‘Flu' 3= 'Trouble Sleep' *For section E, substitute the line below for AGE;
4= ‘Chest Pain' 5= 'Muscle Paln' 6 = 'Headache' AGE = INT({ST_DATE - DOB) / 365.25);
7 = ‘Overveight' g= 'High BP' 9= ‘Hearing Loss’'; LEBNGTH = {END_DATE - ST_DATE) / 365.25;
RUN; *or LENGTH = (END_DATE - ST_DATE + 1) / 365.25;
SALES_YR = SALES / LENGTH;
DATA PATIENT; *For section, E substitute the line below for SALES YR;
INPUT SUBJ 1-2 PROBL 3 PROB2 4 PROB3 5 HR 6-8 SBP 9-11 DBP 12-14; SALES_YR = ROUND {{SALBS/LENGTR), 10);
DATALINES; FORMAT DOB MMDDYY8. SALES_YR DOLLARS.;
11127 78130 80 DATALINES;
1787 92180110 001 10214611128012288887343
031 62120 78 002 09135502028002049088123
4261 68130 80 005 0606400312810312855000¢
89 58120 76 003 07054411158011139089544
9948 82178100 ;
H PROC PRINT DATA=PROB4_1;
PROC MEANS DATA=PATIENT N MEAN STD MAXDEC « 1; TITLE 'Report for Homework Problem 4-1';
TITLE 'Statistics from Patient Data Base'; ID ID;
VAR HR SBP DBP; VAR DOB AGE LENGTH SALES_YR;
RUN; RON;
For part (b) add: 42 DATA RATS;
{Solution without arrays) (Solution with arrays) INPUT @1 RAT NO 1.
@3 DoB DATE?7.
DATA PROBLEN; DATA PROBLEM;
@11 DISEASE DATE7.
SET PATIENT; SET PATIENT;
@19 DEATH  DATR7.
PROB = PROB1; ARRAY XPROB[3] PROB1-PROB3; @27 groUP  $1.;
IF PROB NE . THEN OUTPUT; DOI=11%03;
BIR_TO_D = DISEASE - DOB;
PROB = PROB2; PROB = XPROB[I]; = - i
THEN DIS_T0_D = DEATE - DISEASE;
IF PROB NE 3 OUTPUT; IF PROB NE . THEN OUTPUT; AGE = DEATH - DOB;
PROB = PROB3; BND; R
THEN FORMAT DOB DISEASE DEATH MMDDYYS.
IF PROB ME , OUTPUT; FORMAT PROB PROB.; )
FORMAT PROB PROB. ; KEEP PROB DATALINES;
KEEP PROB ' ! 1 23MAY90 23JUNSO 28JUN9O A
RN ’ RoH 2 21MAY90 27UNS0 0SJUL9D A
PROC DATA=PRO! 3 23MAY90 25JUNSC 01JULSO A
FREQ =PROBLEN; 15JUL90 A
PROC FREQ DATA=PROBLEN; TABLES PROB; 4 27MAY90 07JULIO
TABLRS PROB 5 22MAY9( 29JUNSO 22JULS0 B
RN ! R 6 26MAYS0 03JULI0 03AUGID B
7 24MAY90 01JULSO 29JUL90 B
3-11 Lime 3: The formats cannot be assigned to variables before they have been defined. Therefore, § 25MAY90 150UL30 18AUGS0 B
move lines 5 through 8 1o the beginning of the program (before line 1), :
. DATA=RATS MAXDECs1 N MEAN STD STDERR;
Line 11: PROC FREQ uses the keyword TABLES, not VAR, to specify a list of variables. Pkogx‘:i:ﬂgmw?- )
Lige 11: You cannot use the CHISQ option unless a two-way table (or higher order) is specified. --
. ) pe VAR BIR_TO_D -- AGE;
That is, we could have written: RUN;
i
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: H
E |
43 DATA pATIENTS; g
IveUT @1 10 3,
@4 DATE  MMDDYYVE.

@10 HR 3

813 gBp 3.

@16 pBp 3.

@19 px 3.

@22 DOCFEE (.

826 LABFEE 4.;
FORMAT DATE MMDDYYS.;

DATALINES;

00710218307012008001&00400150
00712018307213009002000500200
00909038306611007013700300000
0050705830741¢008201300900000
00501158208018009601402001500
00506188207017008401400800400
00507038306414008401‘00800200

PROC SORT DATA=PATIENTS;
BY ID DATE;
RUN;
DATA PROB4_3;
SET PATIENTS;
BY ID;
*Omit the first VISIT for each patient;
IF NOT FIRST.ID;
RON;

PROC MEANS DATA=PROBA_3 NOPRINT NWAY;
CLASS ID;
VAR HR SBP DBP;
OUTPUT OUT=PAT MEAN MEAN=;

RUN;

44 PROC SORT DATA=PATIENTS; ***From problem 4-3;

BY ID;

RUN;

DATA PROB4_4;
SET PATIENTS;
BY ID;
*Omit patients with only one visit;

IF FIRST.ID AND LAST.ID THEN DELETE;

RUN;

PROC MEANS DATA=PROB4_4 NOPRINT NWAY;
CLASS ID;
VAR HR SBP DRP;
OUTPUT QUT=PAT MEAN MEAN=;

RUN;

45 ***program to create data set BLOOD;
DATA BLOOD;
LENGTE GROUP § 1;
INPUT ID GROUP § TIME WBC RBC @@;

DATALINES;

L1A18000 .5 1a2 8200 4.8 138400 5.2
1a483005.3 145 8400 5.5

2 A178004.9 2432 7900 5.0

3B 18620054 3B 28300 5.4 3B 383005.2
3B 48200 ¢.9 3B 58300 5.0

Solutions to Problems

4 B186005.5
SA179005.2 542800052 5A382005.4

5 A d 8400 5.5

PROC MEANS DATA=BLOOD NWAY NOPRINT;
CLASS ID;
ID GROUF;
VAR WBC RBC; -
OUTPUT OUT=TEMP{WHERE=(_FREQ_ GT 2) DROP=_TYPE ) MEAN:
RUN;

PROC PRINT DATA=TEMP NOOBS;
TITLE 'Listing of data set TEMP';

RUN;
46 Replace the OUTPUT statement of PROC MEANS with:

OUTPUT OUT=TENP (WHERE={_FREQ GT 2) DROP= _TYPE_)
MEAN= STD=SD_WBC SD_RBC;

CHAPTER 5

5.1 (a) DATA PROBS_1;
INPUT X Y 2;
DATALINES;

PROC CORR DATA=PROB5_1; /* xvs. y r= 996755 1:‘%0074?/ 1//
/* xve, zr=-, =
VAR X;
WITH Y Z;
RUN;

=- =.0084 */
(b) PROC CORR DATA=PROBS_L; /% y ve. z r=-.963 p=.0
VAR X Y Z;
RUN;

5.2 DATA PRESSURE;
INPUT AGE SBP;
DATALINES;
15 116
20 120
25 130
30 132
40 150
50 148
PROC CORR DATA=PRESSURE;
VAR AGE SBP;
RUN;
53 (a) PROC REG DATA=PROBS_1;
MODEL Y=X;
RUN;

Intercept = 781, prob >
Slope = 1524, prob >

T| =573,
T| = 0078.

415
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5.4 DATA PROBS_(;
INPUT X ¥ 3;
LX = 10G(X} ;
LY = 10G(Y);
12 = 10G(Z) ;
DATALINES;
1315
7137
128
4 1L
710

-~ w @

PROC CORR DATA=PROBS_¢;
VAR IX LY LZ;
RON;

55 (2) PROC PLOT DATA=PROBS5_1;
PLOT Y*X;
RUN;
(b) PROC REG DATA=PROBS_1;
MODEL Y = X;
PLOT PREDICTED.*X='P' Y*X='o'/ OVERLAY;
RUN;
You may use any plotting symbol you wish for the two plots; we used P’s and o’s.
56 Sections (a=c):
DATA PROBS_6;
INPUT COUNTY POP HOSPITAL FIRE CO RURAL $:

DATALINES;

1 35 1 2 yEs
2 88 58 W
3 501 vYES
4 55 3 3 yES
5 75 4 5 W
125 5 8 N
225 7 3 YES

6
7
8500 10 11 o
P

'ROC UNIVARIATE DATA=PROBS_6 NORMAL PLOT;
TITLE 'Checking the Distributions;
VAR POP HOSPITAL FIRE_CO;

RUN;

PROC CORR DATA=PROBS_6 NOSIMPLE PEARSON SPEARMAN;
TITLE ‘Correlation Matrix';
VAR POP HOSPITAL FIRE_(0;

RUN;

Because of the outliers in the population variable, we prefer the Spearman correlation for this
problem.

(d) We can use the output from UNIVARIATE to find the medians and do the recoding. In
Chapter 6 we will sec that PROC RANK can be used to produce a median cut automatically
by using the GROUPS =2 option. For now, we will recode the variables using formats. You can
also create new variables in the data step with IF statements.

PROC FORMAT;
VALUE POP LOW-81='Below median' 82-HIGH='Above Median';
VALUE HOSPITAL LOW-4='Below Nedlan' 5-HIGH:='Above Median';
VALUE PIRE CO LOW-6='Below Median' 7-HIGH='Above Median';
RON;
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PROC FREQ DATA=PROBS_6; ***Data set from above;
TITLE 'Cross Tabulations'; ‘
FORMAT POP POP. HOSPITAL HOSPITAL. FIRE_CO FIRE_CO.;
TABLES RURAL*{POP HOSPITAL FIRE_CO)} / CHISQ;

RUN;
: t contain a dash.
# gnnisli-g?c'?;zll‘ij:;: :fi;ln:cnoeti;ﬁ?s:ing values to 1, which we probably do not want to do. the
correct form of these statements is:
IF X LE 0 AND X NE . THEN X=1;
Line 16: The options PEARSON and SPEARMAN do not follow a slash. The line should read:
PROC CORR DATA=MANY_ERR PEARSON SPEARMAN;
Line 11: The correct form for a list of variables where the “rodt” is not the same is:

VAR X -- LOGZ;
Remember, the single dash s used for a list of variables such as ABC1 - ABC2S.

CHAPTER 6

6-1 DATA HEADACHE;
INPUT TREAT § TIME @@;
DATALINES;
Ad40 A 42 A48 A35A62A35
T35 T37T42T22T38T29

;ROC TTEST DATA=HEADACHE;
CLASS TREAT;
VAR TINE;

RUN;

Not significant at the .05 level (1 = 1.93,p = 083).

62 PROC NPARLWAY DATA=HEADACHE WILCOXON;
TITLR 'Nonparametric Comparison';
CLASS TREAT;

VAR TIME;
EXACT WILCOXON;
RUN;

Sum of ranks for A = 48.5;for B,29.5.

Exact two-sided p = 1385 ' N o )
Approximation using a normal approximation with a continuity correction z = 145,p = .146.

6-3 Use a paired t-test. We have

DATA PAIR;
INPUT SUBJ A_TINE B_TINE;
DIFF = A_TIME - B_TIME;

DATALINES;

120 18

2 40 36

33030

4 45 46

519 15

627 22

7 32 29

8 26 25

?

4——’
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PROC MEANS DATA=PAIR N MEAN §
VAR DIFF;
RUN;

TD STDERR T PRT MAXDEC=3;

t =+ 3.00,p = 0199;drug B works faster.
6-4 PROC FORMAT;

VALUE GROUP 0='A' 1='B" ='CY;
RON;

DATA RANDOM;
INPUT SUBJ ee;
GROUP = RANUNI (0} ;
DATALINES;

001 137 454 343 257 876 233 165 002
H

PROC RANK DATA=RANDOM OUT=RANKED GROUP<3;
VAR GROUP;
RUN;

*NOTE: CAN ALSO USE UNIFORM FUNCTION;

PROC SORT DATA=RANKED;
BY SUBJ;
RUN;

PROC PRINT DATA=RANKED;

H
TITLE ‘Listing of Subject Numby
FORMAT GROUP GROUP, ;

ID SUBJ;
VAR GROUP;
RUN;

exs and Group Asgignments’;

6-5 Line 2 Variable name HEARTRATE too long,
Line 12: Correct procedure name i TTEST.

CHAPTER 7

7-1 DATA BRANDTST;
DO BRAND='a',‘§','q;
DO SUBJ=1 To 8;
INPUT TIME @;
OUTPUT;
END;
END;
DATALINES;
810 911 10 16 8 12
4755676¢
12810101199 12
H
PROC ANOVA DATA=BRANDTST;
CLASSES BRAND;
MODEL TIME=BRAND;
MEANS BRAND / DUNCAN;
RUN;

F=288,p = 000L:Nis significantly lower than either T or A (p < .05).Tand A are not
significantly ditferent {p > 05).
7-2 DATA BOUNCE;
DO AGE = 'NEW’, ‘OLD';
DO BRAND = 'W*, 'B';
DO I=1705;
INPUT BOUNCES @;
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OUTPUT;
END;
END;
END;
DROP I;
DATALINES;
67 72 74 B2 81 75 76 80 72 73
46 ¢d 45 51 43 63 62 66 62 60
i
=BOUNCE; .
PRO;IAngv?T::T:a: ANOVA (AGE by BRAND) for Temnis Balls';
CLASSES AGE BRAND;
MODEL BOUNCES = AGE | BRAND;
MEANS AGE i BRAND;
RUN;

NotE: A simpler INPUT statement could have been used:
INPUT BRAND § AGE § BOUNCES;
With the data listed one number per line such as:

W NEW 67
P NEW 75
etc.

Both main effects (AGE and BRAND) are significant (p = 0001 and .0002, respectively).
‘The interaction is also significant, p = .0002.

7-3 (a) DATA SODA;
INPUT BRAND § AGEGRP RATING;
DATALINES;
17

oo
MUY MO0 QYTYY YUY OO0

-

L N S N R N R R N N S e
-

NN TND®D-JIW0D®DWEWO W W®EW AN

ny .

ROC GLM DATAxSODA;
TITLE 'Two-way Unbalanced ANOVA';
CLASSES BRAND AGEGRP;
MODEL RATING = BRAND | AGEGRP;
MEANS BRAND | AGEGRP;

RUN;

419
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(b) PROC MRANS DATA=SODA NWAY NOPRINT;
CLASS BRAND AGEGRP;
VAR RATING;
OUTPUT QUT=MEANS MEAN=;
RUN;

PROC PLOT DATA=MEANS;
PLOT RATING*AGEGRP=BRAND;
RUN;

(c) PROC SORT DATA=SODA;
BY AGEGRP;
RUN;

PROC TTEST DATA=S0DA;
BY AGEGRP;
CLASS BRAND;
VAR RATING;

RUN;

74 PROC TTEST DATA-BRANM‘ST;

WHERE BRAND='A' OR BRAND='T';

/* Alternative: WHERE BRAND IN ("ar, vy, +/

/* WHERE BRAND NE 'N'; 18 not as desirable, since
in a more gemeral data set, there may be misging
or miscoded values */

CLASS BRAND;

VAR TIME;

RUN;

75 k’;eot:ince this is a two-way unbalanced design, PROC GLM should be used instead of PROC

76 ***part a,
DATA PROB7_6;

DO GROUP = ‘AL B, 0
INPUT M_SCORE AGE @;
OUTEUT;

END;

DATALINES;

90 16 92 18 97 18

88 15 88 13 92 17

72 12 76 12 88 16

82 14 78 14 92 17

65 12 90 17 99 17

74 13 68 12 82 14

7

PROC ANOVA DATA=PROB7_6;

CLASS GROUP;

MODEL M_SCORE AGE = GROUP;

MEANS GROUP /SNK;

RUN;

***part B,
PROC GLM DATA=PRORT_6;
TITLE 'Testing Assumption of Homogeneity of Slope’
H
CLASS GROUP; *
MODEL M_SCORE = AGE GROUP AGE*GROUP;
RUN;

/* Interaction term not significant. OK to do analysis of
covariance */
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#*4part C;
PROC GLM DATA=PROB7_6;

TITLE ‘Analysis of Covariance';

CLASS GROUP;

MODEL M_SCORE = AGE GROUP;

LSMEANS GROUP /PDIFE;
RUN:
In the unadjusted analysis, the groups are significantly different (p = .0479) and the ages are xfearly
significant (p = .0559). The null hypothesis that the slopes are equal among lhe}thxee groups is not
rejected (AGE*GROUP interaction p = .1790). Adjusting for age, the group differences on math

scores disappears completely (p = .7606).

CHAPTER 8

8-1 DATA SHIRT;
INPUT (JUDGE BRAND COLOR WORK OVERALL)(1.);
INDEX = (3*OVERALL + 2*WORK + COLOR) /6.0;
DATALINES;
{data lines)

i
PROC ANOVA DATA=SHIRT;
CLASSES JUDGE BRAND;
MODEL COLOR WORK OVERALL INDEX = JUDGE BRAND;
MEANS BRAND / DUNCAN;
RUN;

§-2 DATA WATER;
INPOT ID 1-3 CITY § 4 RATING 5;
DATALINES;
(data lines)
i
PROC ANOVA DATA=WATER;
CLASSES ID CITY;
MODEL: RATING = ID CITY;
MEANS CITY /SNK;
RUN;

8-3 PROC PORMAT;
VALUE CITY l='New York' 2='New Orleansg'
3='Chicago’ 4='Danver';
RUN;

DATA PROB8_3;
INPUT JUDGE 1-3 @;
DO CITY=1l TO 4;
INPUT TASTE 1. &;
OUTPUT;
END;
FORMAT CITY CITY.;
DATALINES;
0018685
0025654
0037464
0047573

*+#game PROC ANOVA statements as prcblem 7-2 except for the
Data Set Name;
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***Solution using the REPEATED statement of PROC ANOVA;

oUTRUT;
DATA REPEAT; END;
INPUT ID 1-3 @4 (RATINGL-RATINGG)(1.); END;
DATALINES; END;
0018685 DROP 1;
0025654 DATALINES;
27 29
0037464 129 8 13 15 14 16 1¢ 12 20 16 16 16 25 20 25 27

0047573

H
PROC REG DATA=TOMATO;

MODEL YIELD = LIGHT WATER;
ROUN;

9-2 DATA LIBRARY;

PROC ANOVA DATA=REPEAT;
MODEL RATING1-RATING4 = /NOUNI;
REPEATED CITY;

INPUT BOOKS ENROLL DEGREE AREA:
RO DATALINES;
The unadjusted comparison shows that the cities are not all equal (p = .0067). Using the ¢ 53 20
Greenhouse-Geisser correction, the p-value is 0375 and, using the Huynh-Feldt correction, the S 8 3 40
p-value is 0108 Therefore, you should feel comfortable in rejecting the null hypothesis at the 05 12 "2 g 123
level, regardless of which correction (if any) you use. 5 2 11300
8-4 DATA RATS; 2 8 1400

INPUT GROUP $ RATNO DISTAL PROXIMAL; 730 3 40
DATALINES; 420 2200
N13¢38 116 2 5
N 22838 112 1100
N 33848 ;

432 DATA=LIBRARY;
g 5 id :g Pmﬁol;:z BOOKS = ENROLL DEGREE AREA / SELECTION = FORWARD;
D652 48 RUN:
D 7 46 46

9.3 DATA PROB9_3;
INPUT GPA HS_GPA BOARD IQ;

D 8 5¢ 50

i
PROC ANOVA DATA=RATS,

DATALINES;
CLASSES GROUP; 3.3 3.8 660 130
MODEL DISTAL PROKIMAL = GROUP / NOUNT; 3.3 3.5 7m0 10
REPEATED LOCATION 2; 3.8 3.8 650 120
RUN; 3.1 3.5 620 125
2.9 2.7 480 110
Although the main effects are significant (GROUPp = 01, LOCATION p = (0308) the 2.7 2.5 440 100
interaction term is highly significant (GROUP*LOCATION interaction F = 31.58,p = 0014). 2.2 2.5 500 115
We should look carefully at the interaction graph to see exactly what is going on. 2.1 1.9 ggg igg
8-5 The DO loops are in the wrong order, and the OUTPUT statement is missing, Lines 2 through 8 i i g i 400 110

should read: ;

DO SUBJ=1 70 3;
DO GROUP='CONTROL*, 'DRUG" ;
DO TIME='BEFORE', 'AFTER';

PROC REG DATA=PROBI_3;
MODEL GPA = HS_GPA BOARD IQ / SELECTION=MAXR;

RUN;
o SCORE @ 9.4 DATA PEOPLE;
i INPUT MEIGHT WAIST LEG ARM WEIGHT;
EN'DFND; DATALINES;
i
END; :data lines)
There are no other errors. PROC CORR DATA=PEOPLE NOSIMPLE;
VAR HRIGHT--WEIGHT;
RUN;
CHAPTER 9 PROC REG DATA=PEOPLE; -
MODEL WEIGHT = HEIGHT WAIST LE
9-1 DATA TOMATO, SELECTION = STEPWISE;
DO LIGHT=1 70 3;
DO WATER=1 70 2; RUN;
DO I=1 70 3;

(You may also use FORWARD, BACKWARD, or MAXR inatead of STEPWISE)
INPUT YIELD @;
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9-5 Ha! No errors here, As a matter of fact, you can use this program for problem 9-4,

9-6 DATA CATEGOR;
SET LIBRARY; **+From Problem 9-2;
MASTERS = §;
PHD=(;
IF DEGREE = 2 THEN MASTERS = 1;
ELSE IF DEGREE = 3 THEN PHD=1;
RON;

PROC REG DATA=CATEGOR;
MODEL BOOKS = ENROLL AREA MASTERS PH D/
SELECTION = PORWARD;
RON;

Program Name: PROBY_7.8AS in C:\APPLIED
Purpose: Solution to homework problem 9-7
Date: June 29, 1936

*

........................................... *.
i

PROC PORMAT;
VALUE YES NO 0= 'No'
1= 'Yes';
RON;
DATA LOGISTIC;

INPUT ACCIDENT DRINK PREVIQUS;

LABEL ACCIDENT = 'Accident in Last Year?'
DRINK = 'Drinking Problem?'
PREVIOUS = 'Accident in Previous Year?;

FORMAT ACCIDENT DRINK PREVIOUS YES NO.;
DATALINES;
(data lines)

i

PROC LOGISTIC DATA=LOGISTIC DESCENDING;
TITLE 'Predicting Accidents Using Logistic Regression';
MODEL ACCIDENT = DRINK PREVIOUS /
SELECTION = FORWARD
RISKLIMITS;
RUN;
QUIT;
The logistic regression equation is;
LOG{odde of accident) = -1.9207 + 1.9559 {DRINK)
+ 1.7770 (PREVIOUS).

The odds and probability of an accident for person 1 (o drinking history, no previous accidents)
are 1465 and 1278 respectively. For person 2 (history of a drinking problem but no previous
accident history), they are 1.0358 and 5088 respectively. The odds ratio is 103581465 = 707,
which agrees with the PROC LOGISTIC output,

CHAPTER 10

10-1 pATA QUEBST;

INPUT ID 1-3 AGE 4-5 GENDER $ 6 RACE § 7 MARITAL § 8§
EDUC § 9 PRES 10 ARMS 11 CITIES 12;
DATALINES;
001091113232
002452222422
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003351324442
004271111121
005682132333
006651243425

;’ROC FACTOR DATA=QUEST ROTATE=VARIMAX
NFACTORS=2 OUT=FACT;
TITLE 'Example of Factor Analysis';
VAR PRES ARMS CITIES;
PRIORS SMC;
RUN;

10-2 DATA SCORE;
ARRAY ANS[S] § 1 ANS1-ANSS:
ARRAY KEY[S] § 1 KEY1-KEYS;
ARRAY S[SY][ 3] §1-85; ***Score array l=right,0=wrong;

RETAIN KEY1-KEYS;

IF _N_=1 THEN INPUT (KEY1-KEY5)($1.};

INPOT @1 ID 1-9
@11 (ANS1-ANSS)($1.);

DOI=1%S5;
g[1] = ReY{1} BQ ANS[1];

END;

DATALINES;
ABCDE

123456783 ABCDE
035469871 BBBBB
111222333 ABCBE
212121212 CCCDE
867564733 ABCDA
876543211 DADDE
987876765 ABEEE

;ROC FACTOR DATA=SCORE QUT=FACTDATA NFACTORS=1;
TITLE 'Factor Analysis of Test Data';
VAR 81-85;
PRIORS SMC;

RUN;

PROC PRINT DATA=FACTDATA; )
TITLE ‘'Listing of Data Set FACTDATA®;

RUN;

CHAPTER 11

iple choice exam.

am to score a five item mult

;:::f The first line is the answer key, remaining lines
contain the student responses

RE;
DAT:nnsig ANS[5] § 1 ANS1-ANSS; ***Student answers;
ARRAY KEY[S] § 1 KEY1-KEYS; ***Answer key;
ARRAY §[5] 3 S1-85; ***Score array leright,0=wrong;

RETAIN KEY1-KEYS;
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***Read the answer key;
IF N_=1 THEN INPUT (KEY1-REYS) (41,);

***Read gtudent responses;
INPUT @1 8§ 1-9

@11 (ANS1-ANSS) (§1.);
**¥Score the test;

I=1105;
S[1] = rev(1] mQ ANS[I];
END;

***Compute Raw and Percentage gcores;
RAW = SUM (OF 81-85);
PERCENT = 100*RAW / 5;

REEP SS RAW PERCENT 81-85; *¥*51-55 needed for 11-2;

LABEL SS = 'Social Security Number'®

RAW = 'Raw Score'
PERCENT = 'Percent Score';

DATALINES;

BCDAA

123456789 BCDAA

001445559 ABCDR

012121234 BCCAB

135632837 CBDAA

005009999 ECECE

7837878768 BCDAA

i

PROC SORT DATA=SCORE;
BY 88;

RON;

PROC PRINT DATA=SCORE LABEL;
TITLE ‘Listing of Student Scores in 88 Order';
ID 88;
VAR RAW PERCENT;
FORMAT g8 §8N11.;
RUN; '

PROC SORT DATA=SCORE;
BY DESCENDING RAW;
ROUN;

PROC PRINT DATA=SCORE LABEL;
TITLE 'Listing of Student Scores in Decreasing Order';
ID ss;
VAR RAW PERCENT;
FORMAT S5 S8N11.;
RON;

11-2 PROC CORR DATA=SCORE ALPHA NOSIMPLE H
TITLE 'Computing KR-20';
VAR §1-85;
RUN;

PROC CORR DATA=SCORE NOSIMPLE;
TITLE 'Point-biserial Correlations: i
VAR S51-85;

WITE RAW; *¥*Same results if Yyou use PERCENT;
RUN;
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11-3 DATA KAPPA;

LENGTH RATER_1 RATER 2 § 1;
INPUT RATER 1 RATER_2 @@;

DATALINES;

CC XX XX ¢CX XC XX XX

cx ¢C¢ xx cCc cC xx c¢C

PROC FREQ DATA=KAPPA; y
TITLE 'Inter-rater Rellability: Coefficient Kapﬁ:r .
TABLES RATER_1 * RATER_2 / AGREE NOCUM NOPERCENT;

RUN;

CHAPTER 12

12-1 (a) DATA PROB12_1;
INPUT GROUP § SCORE;
DATALINES;
7

RN A
«
=3

i
(b) DATA PROB10_1;

INPUT GROUP § SCORE @@;
DATALINES;
P77PT76P 74P T72P 78
D80 D8 DB8BDSTDAI0
H

(c) DATA PROB10_1:
DO GROUP= 'P*,'D';
DOI=11T05;
INPUT SCORE @@;
OUTBUT;

DATALIMES;

77 76 74 72 78
80 84 88 87 30
H

{d) DATA PROB10_1;
DO GROUP= ‘P, 'D';
D0I=17T05;
SUBJ+1;
INPUT SCORE @@;
0UTPUT;

DATALINES;
7776 74 72 78
80 84 88 87 90
i
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12-2 paTA PROB12_2;
INFILE DATALINES DLM=',';
INPUT X1-X4;
DATALINES;

12-3 DATA PROB12_3;

INFILE DATALINES DSD;
INPUT X Y C § 2;

DATALINES;

1,,"HELLO",7

2,4,TEXT,8

944,86

H

124 DATA OFFICE;

INFORMAT VISIT MMDDYYS, DX $10. COST DOLLARS.;
INFILE DATALINES MISSOVER;
INPUT ID VISIT DX COST;

DATALINES;
1 10/01/96 V075 $102.45
2 02/05/97 X123456789 43,123

3 07/07/96 V4568
¢ 11/11/96  a123 $717.
H
12-5 DATA PROB12_S;
INPUT SUBJECT § 1-3

Al $5
X 7-8
Y 9-10
4 11-12;
DATALINES;
Al2 X 111213

Al3 W 102030
H
126 DATA PROB12_§;
INFUT €1 SUBJECT 43.

@5 a1l 81,
@7 {XYZ2) {2.); /*OK to specify X, ¥, and 2 */
DATALINES;

/* separately */
Al2 X 111213

Al3 W 102030
i

127 DATA PROB12_7;
INPUT @1 ID 3.
@4 GENDER §1.
@10 (DOB VISIT DISCHRG) {MMDDYY6, }
@30 (SBP1-SBR3) (3. + 5)
@33 (DBPL-DBP3) (3, + 5)
@36 (HR1-HR3) (2. + 6);
FORMAT DOB VISIT DISCHRG MMDDYYS. ;
DATALINES;
123x 102146111196111396 130 8668134 8872136 8870

456F 010150122596020597 220110822101028424012084
H
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12-8 DATA PROB12_8;

& x 2
@ Y 2
$#2 @3 Al §3.

@ A2 $1.;

DATALINES;

01 2345

AAAX

02 9876

BBRY

H

129 DATA PROB12_9;

INPUT X Y 8@;
DATALINES;
12345678
1112 13 14
2122 23 24 25 26 27 28
H

12-10 DATA SURVEY;

INPUT @12 TEST 1. @;

IF TEST = 1 THEN

INPUT @1 ID 43,
@84 HEIGHT 2.
86 WEBIGHT 3.;

ELSE IF TEST = 2 THEN

INPUT @1 ID  §3.
@ AGE 2.
@ HEIGHT 2.
@8 WEIGHT 3.;

0034570170
0045562 90
H

1
00272201 1
2
2

CHAPTER 13

13-1 LIBNAME A ‘A:\';
A.BILBO;
DM?NFILB 'A:FRODO' PAD; *{Don't forget the PAD};
INPUT ID 1-3 AGE 5-6 HR 8-10 SBP 12-14 DBP 16-13;
AVEBP = 2*DBP/3 + SBP/3;
RUN;

DATA A.HIBP;

SET A.BILBO;

IF AVEBP GE 100;
RUN;

Alternative solutions using a WHERE statement or WHERE data set option:

DATA A.HIBP;

SET A.BILEO;

WHERE AVEBP GE 100;
RUN;
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or

DATA A.HIBP;
SET A.BILBO(WHERE= (AVEBP GE 100));
RUN;
13-2 LIBNAME INDATA ‘C:\SASDATA';
OPTIONS FMTSEARCH= (INDATA);
***Alternative is to use the default library name LIBRARY;
PROC FREQ DATA=INDATA, SURVEY ORDER=FREQ;
TITLE 'Frequencies for ICD_9 codes from the 1990 Survey*;
TABLES ICD_9;
RUN:

PROC MEANS DATA=INDATA.SURVRY N MEAN
STD STDERR MIN MAX MAXDRC=2;

TITLE 'Descriptive Statistics for the Survey';
VAR AGE;
RUN;

13-3 LIBNAME ¢ 'C:\MYDATA;
DATA C.DEM_9697;
IF END96 NE 1 THEN INFILE ‘A:DEM_1996' END = END96;
ELSE INFILE ‘A:DEM_1997;
INPUT @1 1Ip $3.
@4 AGE 2.
@6 JOB_CODE §1.
@7 SALARY 6.;
RUN;

13-4 paTA PROB13_4;

INFILE 'B:SAMPLE.DTA' LRECL=320 MISSOVER;
INPUT X1-X100;

RUN;
135 *++DATA gtep to create MILTON;
DATA MILTON;
INFUT X YA B C 2;
DATALINES;
123455

11 22 33 44 55 66

H

DATA _NULL_; ***No peed to create a SAS data set;
SET MILTON;
FILE 'C:\MYDATA\OUTDATA' H
PUT @1 (A B ) (3.);

RUN;

CHAPTER 14

141 (a) DATA GYM;
LENGTH GENDER § 1,
INPUT ID GENDER AGR VAULT FLOOR P_BAR;
*¢*GENDER s already declared a character variable by

the LENGTH otatement so a $ 19 1ot needed in the INpUT

statement;

DATALINES;

3 M 8 7.5 7.2 6.5

5 F 14 7.9 8.2 6.8

2 F 10 5.6 5.7 5.8

7 M 9 5.4 5.9 6.1

[ F 15 8.2 8.2 7.9
T —
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(b) DATA MALE_GYM;
SET GYM;
IF GENDER = 'M';
RUN;

or

DATA MALE_GYM;
SET GYN(WHERE= (GENDER= 'M'));

RUN;
(c) DATA OLDER_F;

T GYM; ;
il]; GEN'D;R= 'F' AND AGE GB 10; ***WHERE statement OK

RUN;
or
DATA OLDER_F;

SBT GYM(WHERE= (GENDER = 'F' AND AGE GE 10));
RUN;

14-2 DATA YEAR1996;

INPUT ID HEIGHT WEIGHT;
DATALINBS;
2 68 155
163 102
461111

H

DATA YEAR1997;
INPUT ID HEIGHT WEIGHT;
DATALINES;
7 72 202
5 78 220
3 66 105

DATA BOTH;
SET YEAR1996 YEAR1997;
RUN;

14-3 DATA MONEY;

INPUT ID INCOME : $1. L NAME : $10.;

DATALINES;

3 A Klein

7 B Cesar

8 A Solanchick

1 B Warlock

5 A Cassidy

2 B Volick

i

PROC SORT DATA=GYM;
BY Ip;

RUN;

PROC SORT DATA=MONEY;
BY ID;
RUN;

DATA GYMMONEY:
MERGE GYM{IN=IN_GYM) MONEY;
BY ID;
IF IN_GYM;

RUN;
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PRO? PRINT DATA=GYMMONEY;
L L)
Note: GYMMONEY already in ID order;

TITLE 'Listing of Gym and Financial Data‘;

ID Ip;

VAR L_NAME GENDER AGE;
RON;

144 prOC SORT DATA=BOTH;
BY ID;
RUN;

DATA FREDDY;
MERGE GYMMONRY (IN=ONE)
BOTH (IN=TWO);
BY ID;
IF ONE AND TWO;
RUN;

PROC PRINT DATA=FREDDY NOOBS;

TITLE 'Listing of f
AN g of Data Set FREDDY';

145 DATA PINANCE;
LENGTH INCOME GENDER PLAN § 1,
INPUT INCOME GENDER P ;
DATALINES, LAN @e;
ANW AFX BHY BFz

?
PROC SORT DATA=FINANCE;
BY GENDER INCOME;

RUN;

PROC S0RT DATA=GYMMONEY;
BY GENDER INCOME;
ROUN;

DATA PINAL;
MERGE PINANCE GYHMONEY;
BY GENDER INCOME;

RUN;

PROC PRINT DATA=FINAL NOOBS;

TITIE 'Listing of Da
RUN; g ta Set FINAL';

14-6 pama NBW:
fl'l!:Ihl DATALINRS MISSOVER;
mpg;sggv:;";;;ded bacause of ghort limes;
1,

DATALINGS. $1. AGE VAULT P_BAR;

3. .., 6.7

5.158,11.2

TF

i

PROC SORT DATA«NEW;
BY ID;

RUN;

PROC SORT DATA«GYM;
BY ID;
RUN;

4
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DATA GYM_2;
UPDATE GYM NEW;
BY ID;

RUN;

PROC PRINT DATA=GYM_2 NOOBS;
TITLE ‘Listing of Data Set GYM_2';

RUN;
An alternative way to create the update (NEW) data set is:

DATA NEW;
LENGTH GENDER § 1;
INPUT ID= GENDER = § AGE= VAULT= P_BAR=;
DATALINES;
ID=3 P_BAR=6.7
IDe5 AGE=15 VAULT=8.1 P_BAR=7.2
ID=7 GENDER=F
H

This is called NAMED input and is discussed in the SAS Language Reference, version 6,

First Edition.

CHAPTER 15

15-1 DATA PROB15_1;

INPUT (HT1-HTS)(2.) (WT1-WT5)(3.);
ARRAY HT{*] HT1-HTS;
ARRAY WI(*] WT1-WTS;
ARRAY DBNS['] DENS1-DENS5;
DO I=1T05
DERS{I] = w-r[I]/ B{I]**2;
END;
DROP I;
DATALINES;
6862727074150090208230240
64 68 70140 150 170

}

15.2 DATA OLDMISS;

INPUT A B C X1-X3 ¥1-Y3;
ARRAY NINE{*] A B C X1-X3;
ARRAY smu['] ¥1-Y3;
DOI=1T06
IP NINB[I] « 999 THEN NINE(I]= .;
END;
DO I=1T0 3;
Ir SEVEN[I]= 777 THEN SEVEN(I]=
END;
DROP I;
DATALINES;
123456789
999 4 999 999 5 993 777 7 7

i

Alternative:

DATA OLDMISS:
INPUT A B C X1-X3 Y1-Y3;
ARRAY NINE[*] A B C X1-X3;
ARRAY sxvau[ ] ¥1-¥3;
DOI=1T06
IF me[z] = 999 THEN NINE(I]= .;

433

——4



434 Solutions 1o Problems

.IF T LE 3 AND SEVEN[1] = 777 THEN SEVEN[I]= ,;

DROP I;
DATALINES;
12345673 9
999 4 999 999 5999 777 797
j

153 pATA gpERED;

INPUT X1-X5 v1-v3;
DATALINES;
1234567¢
11 22 33 44 55 66 77 gg
DATA SPEED2;

SET SPEED;

ARRAY X(5] x1-x5;

ARRAY ¥[3] y1-y3;

ARRAY 1X[5] Lx1-1xs;

ARRAY 5¥(3] gv1-8y3,

WI=11s5;

LX(1] = Log(x[1));
m-IF I LE 3 THEN §¥[1) = SQRT(Y[1));

i
DROP I;
RUN;

154 pama PROB15_4;
LENGTH C1-C5 § 2;
INPUT C1-C5 § X1-x5 ¥1-Y5;
ARRAY C[5] § c1-c5;
ARRAY X[5] x1-x5,
ARRAY ¥[5] y1-ys;
DO I=11os5;
IF C[I) = 'NA" THEN C[T]x 1 -
IF X[1)= 999 o) Y[I]c-[ 9]99 THéN D0;
X[I]=.:Y[I]=.; ’
END;
DROP I;
DATALINES;
AA BB CC DD R
NA XX NA YY Na
H

123
939 2

CHAPTER 16

16-1 paTA PROG,
INPUT ID X1-X5 y1-ys;
DATALINES;

01 4 5 ¢

8
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OUTPUT;
END;
DROP X1-X5 Y1-Y5;
RUN;

16-2 DATA STATE;
INFORMAT STATE1-STATES $2.;
INPUT ID STATE1-STATES:

H
DATA NEWSTATE;

SET STATE;

ARRAY XSTATE[*] § STATE1-STATES;

DO I=1T05;
IF XSTATE[I])= 'XX' THEN XSTATE(I}= ' ';
STATE = XSTATE[I];
OUTPUT;

END;

DROP I;

RON;

PROC FREQ DATA=NEWSTATE ORDER=FREQ;
TABLES STATE;
RUN;

16-3 DATA NEW;
SET BLAH;
ARRAY JUNK[*] X1-X5 Y1-Y5 21-25;
DO J=1 T0 DIM(JUNK);
IF JUNK[J] = 999 THEN JUNK[J]=.;
END;
DROP J;
RUN;

CHAPTER 17

17-1 DATA HOSE;

INFORMAT ID $3. GENDER $1. DOB DOS MMDDYYS.;
INPUT ID GENDER DOB DOS LOS SBP DBP HP;
FORMAT DOB DOS MMDDYY1(.;

DATALINES;

1M 10/21/46 3/17/97 3 130 90 68

2 F 11/1/55 3/1/97 5 120 70 72

3 N 6/6/90 1/1/97 100 102 64 88

4 F 12/21/20 2/12/97 10 180 110 86

DATA NEW_HOSP;

SET HOSP;

LOG_LOS = LOG10(LOS) ; ***Part A;

AGE_LAST = INT((DOS - DOB) /365.25); ***Part B;

X = ROUND{SQRT (MEAN(OF SBP DBP)),.l); “**Part C;
RUN;

17-2 DATA MANY;
INPUT X1-X5 Y1-Y5;
**epart A;
MEAN_X = MEAN(OF X1-X5);
MEAN_Y = NEAN(OF Y1-Y5);
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t4*part B;

MIN.X = HIN(OF X1-X5);

NIN_Y « MIN(OF ¥1-v5);

**¥part C;

CRAZY = MAX(OF x1-x

***Part p;

IF N{oF X1-X5) GE 3 AND N(OF Y1
MEAN X ¥ - MEAN(OF X1-x5 ¥1-v5),

DATALINRS;
12345 674991
3.5.7 5., 15
98... 44444
i

17-3 paTa oNg;

DO I=1 T0 1000;

N = INT(RANUNT (0)+
P (0)#5 4 1y,

i
DROP I;
RUN;

PROC FREQ DATA=UNI;
TABLES N / NOCOM;
RON;

174 2Roc FomMaT,
VALUE DAYPMT 1=1goN?

6='FRI* ' ',
- RI' Te'SAT:,

DATA DATZS;
SBT HOSPp; **From 17-1,
DAY = WREKDAY (pos) ;
MONTH » MONTH (DOS) ;
FORMAT DAY DAYFMY.,
RUN;

PROC CHART DATA=DATES;
VBAR DAY MONTH / pr ,
RON; SCRETE;
17-5 para NIXED;
INUT X Yagpg;
DATALINES;
1234
56748
)
DATA NUMS,
SBT MIXED,
A_NUM = INPUT(A, 8. );
B_NUM = INPUT (8, 8, );

DROP A B; *44Don e
RN, n't forget this;

176 PrOC PORMAT,
VALUE AGEGRP LOW-< 20 « i1

20-40  « 120 Jegg SINCE INTEGERS+/

RN, 41-HIGH « '3 "

DATA NEKWER;
S8BT NEW_HOSP, **eProm 17-1;

AGEGROUP = pyT(a
AN (AGE_LAST, AGRGRP. );

*
5) * MIN y + (N(OF X1-X5) 4 NMISS (OF Y1-¥5)),
i

~Y5) GE 4 THEN

2='MON' 3x'TUR: 4= 'WED"

Solutions to Problems

CHAPTER 18

18-1 DATA CHAR1;
INPUT STRING1 $1.
STRING2 $5.
STRING3 $8.

(C1-C5) ($1.);

DATALINES;
XABCDE1234567BYNYNY
YBBBBB12V56876yn YY
ZCCKCC123-/, ,WYNYN

i

DATA BRROR;

57
pery = c1 | c2 || €3 |f ¢4 || €5s
IF VERIFY(STRING1,'XYZ') NE 0 OR
VERIFY(STRING2, 'ABCDE') NE 0 OR
VERIFY (UBCASE (DUMMY) , 'NY') NE 0 THEN OUTPUT;
DROP DUMMY;
RUN;

18-2 DATA PROB18_2;
SET CHAR1; ***From 18-1;
NEW3 = TRANSLATE {
COMPRESS (STRING3, ' -/.,'), 'ABCDEPGH', '12345678');
IP VERIFY(NEW3, 'ABCDEFGH ') NE 0 THEN NEW3 = ' *;
RUN;

18-3 DATA PROB18_3;
SET CHAR1; ***Prom 1B8-1;
ARRAY €[5] § 1 C1-C5; ***Create a character array;
DO Ix1TO5;
¢[1] = UPCASE(C{I]};
IF VERIFY(C{I],'NY ') NE 0 THEN C[I]= ' *;
END;
DROP I;
RUN;

18-4 DATA PHONE;
INPUT CHAR_NUM $20.;
NUMBER = INPUT{ COMPRESS(CHAR_NUM,' (}-/'),10.);
DATALINES;
{908)235-4430
{800) 555 - 1212
203/222-4444
H

18-5 DATA EXPER;
IRPUT ID  § 1-5
GROUP § 7
DOSB § §-12;

LENGTH SUB_ID $ 2 GRP_DOSE § 6;
SUB_ID = SUBSTR(ID,2,2);
GRP_DOSE =GROUP | | '-' | | DOSE;

DATALINES;

1NY23 A HIGH
3NJ99 B HIGH
2NYB9 A LOW
5NJ23 B 1OW

i
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18-6 paTA PROB18_6;
SET EXPER; ***From the previous problem;
LENGTH ID2 § 6;
ID2 = 1ID;

IF INPUT(SUBSTR(ID,4,1),1.) GE 5 THEN SUBSTR(ID2,6,1) = '+¢;

RUN;

18-7 pATA ONE;
INPUT @1 GENDER $1.
@2 poB MMDDYYS.
@10 NAME $11.
@21 STATUS $1.;
FORMAT DOB MMDDYYS.;

DATALINES;
M10/21/46CADY A
F11/11/50CLINE B
M11/11/528MITH a
F10/10/800PPENHEIMERE
M04/04/60J08E A
DATA TWO;

INPUT @1 GENDER $1.
@2 DoB MMDDYY8.
210 NAME $11.

@21 WEIGHT 3.;

FORMAT DOE MMDDYYS.;
DATALINES;
M10/21/46CODY 160
F11/11/50CLRIN 102
F11/11/529MITH 101
F10/10/800PPENHAIMER120
M02/07/60J08A 220
i
DATA ONE_TMP;

SET ONE;

S_NAME = SOUNDEX (NAME) ;
RUN;
DATA 'TWO_TME;

SBT 'TWO;

S_NAME = SOUNDEX (NAME) ;
RUN;

PROC SORT DATA=ONE_TNP;
BY GENDER DOB S_NAME;
RUN;

PROC SORT DATA=TWO_TMP;
BY GENDER DOB S_NAME;
RUN;

DATA COMBINED;
MERGE ONE_TMP (IN=INONE) TWO_TMP ( IN=INTWO) ;
BY GENDER DOB S_NAME;
IF INONE AND INTWO;

RON;

NoTE: There are no problems for chapters 19 and 20,

INDEX

_ALL_, with Libname, 309,397
_CHARACTER _, 331,375
_FREQ_,47,51-52
_N_,266-267, 337, 369,383,391
_NULL_, 316,338,369,394
_NUMERIC_ 331
_TEMPORARY_,338
_TYPE_, 47,50-52

A

Adding new observations,
see SET
see also PROC APPEND
Adjusted r-square, 225
Age calculation, 103-105, 356
Alpha, coefficient, 276-277,393-39%4
Alphanumeric, 476
Alternative hypothesis, 138-139,
145-146,151
Ampersand (&), format modifier, 283
Analysis of covariance,
see Covariance
Analysis of variance,
assumptions for, 151-159
contrasts, 158-159,169-170
n-way factorial design, 170-171
one-way, 150-159
repeated measures designs,
see Repeated measures ANOVA
two-way, 159-170
unbalanced designs, 171-174
ANOVA procedure,
see PROCANOVA
see also Analysis of variance
APPEND procedure,
see PROC APPEND
Arrays, 329-351
ASCII, 300-302, 304-305, 338
“At” sign (@), single trailing, 144, 199,
287-288

“At” sign (@@), double trailing, 153-154,
287-288
Average, moving, 391-392

Balanced designs, 151

Bar graph, 3541

Batch,2, 18,300

Block chart, 41

Boxplot, 27-32

BY variables, 32-34,43, 110, 166, 322-326

c

CARDS statement, 4, 299-300, 373
Character arrays, 332-333
Character functions,

COMPBL, 367

COMPRESS, 368

Concatenation (1l), 168, 371-372,377

INDEX, 373-374

INDEXC, 373-374

INPUT, 358-360

LENGTH, 366-367

LOWCASE, 375

PUT, 358-360

REPEAT, 365-367

SCAN, 373

SOUNDEX, 378

SUBSTR, 369-371

TRANSLATE, 375-376

TRANWRD, 376-377

TRIM, 371-372

UPCASE, 374-375

VERIFY, 368-369
Character informats, 102
Character-to-numeric conversion, 358-360
Chart procedure,

see PROCCHART
“Check All That Apply” questions, 92-96
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Chi-square, 76-78
from cell frequencies, 79-80
CLASS statement, with PROC MEAN S,
33-34,45-53
CLASS, with ANOVA, 154-155
Coefficient alpha, 276-277,393-34
Coefficient of variation, 25, 27,225
Colon (:), format modifier. 282
Comma delimited data, 281-282
Comment statement, 15-18
Communality, 256-262
COMPBL function, 367
COMPRESS function, 368
Concatenation operation, 168, 331,31
Confidence interval,
about the mean, 25-26
about the odds ratio, 83-86
about the slope, 126-128
CONTENTS procedure,
see PROC CONTENTS
CONTRAST statement, 158-159, 169-170
CORR procedure,
see PROC CORR
Correction for continuity, 78
Correlation, 115-137
Covariance,
analysis of, 174-178
homogeneity of slope assumption,
176-177
Cronbach’s coefficient alpha, 276-277,
393-394
Crossed designs, 159-174
Crosstabulations, 75-79
Cumulative frequencies, 13, 35

D

Dash (-),62
Data set, 23-26,305-307, 309-310
DATA step, 13,23-24
Data vector,

see Program Data Vector
DATALINES, 4,299-300, 373
DATALINES4, 4,299-300, 373
DATASETS procedure,

see PROC DATASETS
Date functions, 356-358

DAY, 358

INTCK, 358

INTNX, 358

MONTH, 356-358

WEEKDAY, 357

YEAR, 356-358
Dates, working with, 356-358
DAY function, 358

DDNAME, 300-302
Default options, 26
Degrees of freedom,

with ANOVA, 155

with Chi-square, 78

with regression, 224-225
DELETE statement, 293-360
Descending option,

with PROC LOGISTIC, 238

with PROC SORT, 426
Descriptive statistics, 22-57
Designed regression, 222-226
DIF function, 360-361
DIM function, 331-362
DISCRETE, option with PROC CHART,

35-39

Display Manager, 2
Distribution-free tests,

see Nonparametric tests
Division, §
DLM=, INFILE option, 281-282
DO loop, 163-164, 183-184, 214-215
Dollar sign (83),4
Double dash (- -),62
DROP, data set option, 311-312
DROP statement, 311-312
DSD, INFILE option, 281-282
Dummy variables, 234-235
Duncan multiple range test, 155-158

Efficiency techniques, 311-317
Eigenvalues, 256-258
ELSE statement, 7-9,72-73
END-=, INFILE option 302-303
EOF-=, INFILE option, 302
Error,in ANOVA, 152
Error messages, 5

suppressing, 288-289
Exponentiation, 9

F

F ratio, with ANOVA, 152-153
Factor analysis, 250-264
FACTOR procedure,

see PROC FACTOR
Factorial designs, 170-174
FILE, statement, 394
FILEDEE, 300-302
FILENAME, 300-302 -
Files, reading and writing, 208-318
FIRST, 110-111
Fisher's exact test, 78

FMTSEARCH, system option, 310
Format library, 309-310
Format hist, 286-287
FORMAT procedure,

see PROC FORMAT
FORMAT statement, 67
FREQ procedure,

see PROC FREQ
Frequency bar chart, 35-41
Frequency distributions, 34-35
Functions,

see Character functions

see Date functions

see Numeric functions

see Trigonometric functions

G

GLM procedure,

see PROC GLM
GO TO statement, 393
Grand mean, 151
Greenhouse-Geisser-Epsilon, 188
GROUP=, option with PROC CHART,

39-41

GROUP=, option with PROC RANK, 142

H

H,, 138-141

H,,138-141

HBAR, 36-40

“Hidden” observations, 44

HIGH, with PROC FORMAT, 73
“Holding the line,” 287-288

Homogeneity or variance assumption, 151
Hosmer and Lemeshow goodness-of-fit, 238
Hotelling-Lawley Trace, 191-193
Huynh-Feldt Epsilon, 188

1D statement,

with PROC MEANS, 4748

with PROCPRINT, 11-12

with PROC UNIVARIATE, 31
IF statement, 9
Implicitly subscripted arrays, 339-340
IN=, option with merge, 322-324
IN statement, 420
INDEX function, 373-374
INDEXC function, 373-374
INFILE options, 281-282, 302-304
INFILE statement, 300-302
INFORMAT, 282-285

Index 441

INPUT function, 358-360
INPUT statement, 34
INPUT, column form, 383-384
INPUT, list, 280-282
INT function, 354
INTCK function, 358
Interaction, 162
Intercept, 123
Interquartile range, 27,32
Interrater reliability, 82, 277-279
INTNX function, 358
Invalid data,
checking for, 368-369
overriding LOG messages, 288-289
[tem analysis, 273-276

J

JCL,301-302
JOB statement, 301
Tustification, 4

K

Kappa, coefficient, 82, 277-279
KEEP, data set option, 403
KEEP statement, 95
Kuder-Richardson, 276-277,393

L

1.95,126-128
L95M, 126-128
LABEL statement, 63-65
Labels, for SAS statements, 393
LAG function, 391-392, 360-361
Large data sets, working with, 311-317
LAST, ,109-111
Least significant difference, 156
Least squares, 122
Left justified, 4
LENGTH function, 366
LENGTH statement, 366
LEVELS=,37-38
LIBNAME, 306-307
Likert scale, 66-70
Linear regression, 121-124
LINESIZE (LS), system option, 271
List-directed input, 280-281
Lists of variables, 62
Log transformation, 353-354
Logical operators,
LOGISTIC procedure,

see PROC LOGISTIC
Logistic regression, 235-247

oy et +mvurprguasies =
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Longitudinal data, 101-114
LOW, with PROC FORMAT, 73
LOWCASE function, 375
LRECL, INFILE option, 304
LSD, 156

Macro variable, 269, 386-387
Mann-Whitney U-test, 143
Mantel-Haenszel Chi-square for stratified
tables, 90-92
MAXDEC=n, 6, 24-25
McNemar’s test, 81~83
MDY function, 356
MEAN function, 354-355
MEANS procedure,
see PROCMEANS
Median, 27, 54
MERGE statement, 321-324
Meta analysis,
see Mantel-Haenszel . ..
MIDPOINTS=, option with PROC
CHART, 37-38
Missing value, 8
Missing values,
changing 999 to missing, 329-332
changing N/A to missing, 332-333
MISSOVER, option with INFILE, 303
Moments, 30-31
Month format, 356-358
MONTH function, 356-358
Month/day/year, 356-358
Morse code, conversion to, 338-339
Multidimensional arrays, 347-348
Multilevel sort, 10-11
Multiple comparisons, 155-158
Multiple lines per subject, 106-109,
285-286
Multiple regression, 221-249
Multiplication, 8

N function, 355
Named input, 433
Nested DO loops, 214-215
Nesting, in ANOVA, 194
NMISS function, 355
Nonexperimental regression, 226-228
Nonparametric tests,
two-sample, paired (Wilcoxon signed
Tank test), 28,31
two-sample, unparied (Wilcoxon rank-
sum test), 143-145

NOPRINT option,

with PROC CORR, 274

with PROCFREQ, 387

with PROC MEANS, 4647

with PROCREG, 134
Normal probability plot, 32
NOUNI, 187
NPARIWAY procedure,

see PROCNPARIWAY
Null hypothesis, 138-141
Numeric functions,

INT, 354

LOG,353-354

LOGI0, 354

MEAN, 354-355

N, 355

NMISS, 355

MAX, 355

MIN, 355

ROUND, 354

SQRT, 354
NWAY, option with PROC MEANS, 4648

]

Oblique rotations, 258-259
OBS=, system option, 316
Observation, 3
Observation counter, 266-267, 337,369,
383,391

Odds ratio, 83-86
One-tailed test, 138,145-146
One-way analysis of variance,

see Analysis of variance
Options,

SAS syntax for, 24

system, 105,217, 310,316

with PROC MEANS, 25-26

with PROC UNIVARIATE, 26-27
OR,

see Odds ratio
ORDER=, with PROC FREQ, 84
Ordinal scales, 88, 143
Orthogonal designs, 160
OTHER, with PROC FORMAT, 74
OUTEST=, options with PROC REG,

133-135

QUTPUT statement,

with PROC MEANS, 45-54
OVERLAY option, 125

P

PAGESIZE (PS), system option, 271
Paired t-test, 146-148

R 7

Parsing a string, 373
Partial correlation, 120-121
Partitioning the total SS,
with analysis of variance, 151-153
with regression, 124
PDY,
see Program Data Vector
Pearson correlation, 115-118
Pedhazur, Elazar J,,18
Period, a5 a missing value, 8
Permanent SAS data set, 305-308
Pillai’s trace, 192
PLOT procedure,
se¢e PROCPLOT
PLOT statement,
with PROC PLOT, 42-44
with PROC REG, 125-128
Plotting symbol, 43-44
Pointer,
# (see “Pound” sign)
@, (see “At” sign, @)
@@, (see “At” sign, @@)
Post hoc tests, 155-156
“Pound” sign, 106-107,285
Pre/post designs, 189-197
PREDICTED., with PROC REG, 125-127
Principal components, 251-258
PRINT procedure,
see PROCPRINT
PRIORS, with PROC FACTOR, 257
PROC,
ANOVA, 153-156,160-164, 168,
170-171,39
APPEND, 316-317,39
CHART, 35-41, 396-397
CONTENTS, 308-309, 397
CORR, 116-118,120-121,397
DATASETS, 316,398
FACTOR, 250-264, 398
FORMAT, 66-70,73-75,398
FREQ, 34-35,75-92,398
GLM, 158-159, 168-174,177-178,399
LOGISTIC, 235-247,400
MEANS, 23-26, 3234, 45-54, 400
with paired t-test, 146-148, 400
NPARIWAY, 144-145,401
PLOT, 42-44,401
PRINT, 7,11, 142,401-402
RANK, 141-142, 402
REG, 121-124, 127-135,223-233,403
RSQUARE (obsolete; use PROC REG)
SORT, 33, 54,312,403
STEPWISE (obsolete; use PROC REG)
SUMMARY (obsolete; use PROC
MEANS)
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PROC, (Cont.):

TABULATE, 270-272, 275

TTEST, 140-141,403

UNIVARIATE, 27-32, 54,403
Procedure options, 13-15
Program Data Vector (PDV),13, 95,312,383
Promax rotation, 258-259
PUT function, 358-360
PUT statement, 369-394

¢

Quantiles, 28,31

?, with INPUT, 288-289

27, with INPUT, 288-289
Questionnaire design, 59-63

R

R-squared, 119-120
Random assignment of subjects, 141-143
Random number functions, 141-142, 355-356
RANK procedure,
see PROC RANK
RANNOR function, 356
RANUNI function, 141-142, 355-356
Receiver operator characterestic (ROC)
curve, 244-246
Recoding data,
using IF statements, 7073
using formats, 73-75
REG procedure,
see PROCREG
Relative risk, 86-88
Reliability, 276-277, 393-3%4
RENAME, data st option, 324, 388
Regression,
line, plotting, 125-128
linear, 121-124
multiple, 221-247
Reliability of test, 276-277
REPEAT function, 365-367
Repeated measures ANOVA,
one-factor, 181-189
three-factor, repeated measure on the
last factor, 202-209
three-factor, repeated measures on two
factors, 209-217
two-way, one repeated factor, 189-197
two-way, repeated measures on both
factors, 197-202
REPEATED statement,
with PROC ANOVA, 186-188,190-193,
202-203,211-213
Residual, 121
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RETAIN statement, 266-267, 201-292,

349-350,360
Reversing item scores, 72-73
Right justified, 4
Risk Ratio,

see Relative risk
RISKLIMITS, 238-240
ROC curve, 244-246
Roy'’s greatest root, 192
ROUND function, 354
RR,

see Relative risk

S

SASlog,5
SAS output,6
SCAN function, 373
Scatterplots,

see PROC PLOT
Scheffe multiple comparison, 156
Scree plot, 252-253
Semicolon (;), 4
Sensitivity, 246
SET statement, 319-321
Significance of correlation, 118-119
Skewness, 26-28
Slash (/), 14
Slope, 123
Social Security format, 267,359
SORT procedure,

see PROC SORT
SOUNDEX function, 378
Spearman correlation coefficient, 117
Specificity, 246
Square root function, 354
SSN11. format, 267,359
Standard deviation, 23-24
Standard error, 25-26
Stem and leaf plot, 27-28
Stepwise regression, 227-231
String, 364
String functions,

see Character functions
Student-Newman-Keuls test, 156
Subsetting, 110,313, 319-320
SUBGRQUP=, option with PROC

CHART, 4041

SUBSTR function, 369-371
Subtraction, 9
SUM function, 365
Sum of squares, 124,152

SUMVAR-=, option with PROC CHART, 40

Suppressing error messages, 288-289
Survey data, 59-63

T

T-test,
assumptions for, 139
independent samples, 138-141
Tegression coefficients, 123
related samples, 146-148
Table look up, 324-326
TABLES statement, 62
TABULATE procedure,
sce PROCTABULATE
Temporary arrays, 334-339
Test of normality, 27-32
Test scoring, 265-270
TEST statement, with ANOVA, 194
TITLE statement, 11
TITLEn, 174
Trailing @, 144,199, 287-288
Trailing @@, 153-154, 287-288
Transforming data, 129-133
TRANSLATE function, 375-376
TRANWORD function, 376-377
Trend, Chi-square test, 88-90
Trigonometric functions,
ARCOS, 354
ARSIN, 354
ARTAN, 354
COS, 354
SIN, 354
TAN, 354
TRIM function, 371-372
Truncatation functions, 354
TTEST procedure,
see PROCTTEST
Tukey’s honestly significant
difference, 156
Two-level data set name, 305-308
Two-tailed test, 145-146
Two-way frequency table, 75-78
Type LIL 1L, IV 5,174
TYPE=, option with PROC CHART, 40

]

U95,126-127

U95M, 126-127

Unbalanced designs, 171-174

UNIVARIATE procedure,
see PROC UNIVARIATE

UPCASE function, 374-375

UPDATE statement, 326-327

v

Value labels,
see Format

PR L

VAR statement

with PROC MEANS, 11
Variable, 3
Variable labels, 63-65
Variable names, 3
Variance, 25
Varimax rotation, 253
VBAR, 35-40
VERIFY function, 368-369

W

WEEKDAY function, 357
WEIGHT statement,

with PROC FREQ, 79-80
WHERE data set option, 313-314, 403
WHERE statement, 313-314,320
Wilcoxon rank-sum test, 143-145
Wilcoxon signed rank test, 28, 31
Wilk’s lambda, 193
Winer, B, J,, 18,181
Within-subject siopes, 133-135
Writing external files,

see Files

Y

Yates’ correction, 78
Year 2000 probiem,
see YEARCUTOFF

Index

YEARCUTOFF, system option, 105
YEAR function, 357

Speciai Characters

,(comma) data delimiter, 281-282

(slash), 14

{* (slash asterisk), begin comment
indicator, 16-18

.{period),8

Il (concatenation operator), 168,
337,371

& (ampersand), format modifier, 283

$ (dollar sign), 4

- (dash), specifiying a like group of
variables, 62

-~ (double dash}, specifying a list of
variables, 62

¥/ (asterisk slash), end of comment
indicator, 16-18

* (asterisk), comment indicator, 15-18

;(semicolon), 4

? (question mark), 288-289

77 (double question mark), 288-289

:(colon), format modifier, 282

# (“pound” sign), 106-107, 285

@ (“at”sign), 144, 199, 287-288
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@@ (double “at” sign), 153154, 287-288




