Osas

A Step-by-Step Approach to Using SAS® for
Factor Analysis and

Structural Equation Modeling
Second Edition

Norm O’Rourke and Larry Hatcher




605

pwwmums"s""’

AStp Y-S

Analysis a0, .
T Equation Modeld
Structurd! e eaiton

From A Step-by-Step Approach to Using SAS® for Factor Analysis an
Equation Modeling, Second Edition. Full book available for purchase he

Contents

chapter 1: PriHCipaI component AnalysislIllllllllllllllllllllllllllllllllllllllllllllllllllllllllll1

Introduction: The Basics of Principal Component Analysis ......ccccciuiieiiiinmmmmsinnsssiseem s sessssssssmss s e 1
A Variable Reduction Procedure...........ssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnss 2
An lllustration of Variable RedundancCy ............cccciiimmmeiiiiininnccccsssssssmscsssssssssssmmssssssssssssnsmsssssssessnnes 2
What Is a Principal Component? ..........ccccemeneeennmenensnsnsssnsnsssssssssssssssssssssssssssssssssssssssssssssssssssssssnnnns 4
Principal Component Analysis Is Not Factor Analysis ..........cccrrrrrrsssssssssssssssssssssssssssssssssssssssssssssssses 6
Example: Analysis of the Prosocial Orientation INVentory.......cco i s 7
Preparing a Multiple-Item INSTrUMENt ... e s 8
Number of Items per COMPONENL.......cccccrrrrrrrrrrsrssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssns 9
Minimal Sample Size ReqQUIrEMENTS .....ccciviiriirrrrrrrrrrrrrrrrssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssss 9
SAS Program and OULPUL ...t mms s s s e ss s ssmms s s e s s e sssmms s s s e e s s ssmnmms s e nennssnnnnnnns 10
WFiting the SAS Programi....... i inssis s s s ssssss s s s s s s s s s s n e e a s smmmnn s s an e e e nnnnnnn 10
Results from the OUEPUL ...t e s s 13
Steps in Conducting Principal Component AnalysSis........cccccmmmmmmmiisssmsemmmmmsssssssssssssisssssssssssssssssssssssnsses 16
Step 1: Initial Extraction of the CoOmpPoNeNnts........ccccceeeieeeimemrersssssssssssssssssssssr s 16
Step 2: Determining the Number of “Meaningful” Components to Retain..........cccoeocmniniiiiiinnnes 16
Step 3: Rotation to a Final SoIUtioN ... e e 21
Step 4: Interpreting the Rotated Solution ... e e 21
Step 5: Creating Factor Scores or Factor-Based Scores.........cuinemmmmmmininssssssmssnmninsssssssssssssssssssssas 23
Step 6: Summarizing the Results in @ Table ......ccccoiiciiiieccemmiininssee s ss s snnnes 30
Step 7: Preparing a Formal Description of the Results for a Paper................cccccccaaaaaaaaa.......... 31
An Example with Three Retained Components .......cccoiiiiciiiiccmnin i 31
QL L= LT =TSy oY T T 31
WFriting the Program...........eeeeeeeeeeeeeeeeeeeeieeeeeeeeeeeeeeeeeeneeeneeeneanennsnnnnnnnnnnnnnnnsnsnnnnnnnnnnnsnnnnnnnnnnnnnnnnnnnnnnnnnns 32
Results of the Initial ANalysSis ... s s e s s s s mm s s s s s e s s nmmmmssssssnsennnn 33
Results of the Second ANalySis........ccuuiiiemiiiiiiiiienr s s s s s e 37
{070 5 T 11T o o 0 41
Appendix: Assumptions Underlying Principal Component Analysis .......cccccimimnsissmmmmnmmnmssssssssssssnnnnas 41
2L (= =T o= 41
Chapter 2: Exploratory Factor AnalySiS.....ccccamcmmmnmmnmmnnscmsmsassnsansansnnssnsnsnnsnnsnnsns 43
Introduction: When Is Exploratory Factor Analysis Appropriate? ........ccccccceermmrinniiicsssmmnnsinsssssneenenns 43
Introduction to the Common Factor Model ................ooeeoeeeeeeeeee e 44
Example: Investment Model QUestionnaire.........cccccciimiiisissmmssnnissssssssssssnnssssssssssssssnsssssssssssssssessas 44
The Common Factor Model: BasiC CONCEPLS ......cccmmmmmmmmmmmmnmmmnnnnnnnnnsssssssssssssssssssssssssssssssssssssssssssnss 45

Exploratory Factor Analysis versus Principal Component AnalySiS......ccccccuermrmrmrmmmmmmssssssssssssssssessenens 50


http://www.sas.com/apps/sim/redirect.jsp?detail=TR19702

viii Contents

How Factor Analysis Differs from Principal Component Analysis .........ccccciiicemmmiinnsssscnmmmnnnnnnnnns 50
How Factor Analysis Is Similar to Principal Component Analysis .......ccccerrrrrrrmsrssssssssssssssssssssssssns 52
Preparing and Administering the Investment Model Questionnaire .........cccccmriimmrrnssmsnnssemssnssnnsns 53
Writing the QuUestionNNaire HEMS ......ouvceiiiiimiiii s s s s e 53
[\ [TT0 0T oT=T g T=Y 0 4 Eo o =Y gl o T o 53
Minimal Sample Size ReqUIreMENtS ........eeiiiiiiiiiimr i ss s s s e 54
SAS Program and Exploratory Factor Analysis ReSUIS .......cccciimiissssmmmmmmninnssssssssmsnnnissssssssssssssnsssssnsnas 54
WIiting the SAS Program......ciciseeceemiiiisssssssssnsissssssssssssssssssssssssssssssnssssssssmssss s sesssssssnmmsnsssnsssssan 54
Results from the OULPUL ......cccceiiiiirirrr s rrrr s sr s s s s s ssssrssssssssssssssesessssssessssssesssseeessseseseseeeeeeeeeeeeasssssssnnnssss 58
Steps in Conducting Exploratory Factor Analysis.........cccucmmmmimmiiiissmmmsnsissssssssssss s ssssmssssssnsssssssnes 58
Step 1: Initial Extraction of the Factors....... i 58
Step 2: Determining the Number of “Meaningful” Factors to Retain........cccccccciiiveecemnnnninsssssnneens 61
33 (=Y o JRC H 2 To] = 14 {0 a8 Co 3= T 1110 P= IS0 1111 T o T 64
Step 4: Interpreting the Rotated Solution ... s 66
Step 5: Creating Factor Scores or Factor-Based Scores........ o mimimssssssssssssssssssssssssssssssssssssnnn 72
Step 6: Summarizing the Results in @ Table..........o e 79
Step 7: Preparing a Formal Description of the Results for a Paper ........ccccciiviniinsceeemnnnnisssssssneens 80
A More Complex Example: The Job Search Skills Questionnaire ........ccccciviiisisecmemmnnnnssssssssssnnnsnne. 80
LTSRS NS o o T | T o 82
Determining the Number of Factors to Retain ... 83
A TWO-Factor SOIULION ... s s s s s s s s s s s R R R R R RS 87
A FOUr-Factor SOIULION.....ccccciiriiemrrrnsesrrnsssssrssssesssnsssss s ensssss s ansssms s e s ssms s ansssmn s ansssmsnansssmnnnnssannnnnssannnnns 91
L0 o T (1= o o 95
Appendix: Assumptions Underlying Exploratory Factor Analysis .......cccccccmmmrirniiissmmmmsnninsssssscmessssnnas 95
RefEreNCES....eeeeeeeeeeeeeeeeeeeeeeeeeeeeceeececcceccccecceeececeeecececenenananansneesessssasssssssssssssssssssssssssssssssssssssssssssssssssssssssses 96
Chapter 3: Assessing Scale Reliability with Coefficient Alpha.....c.ccccevcirnnrenn e s 97
Introduction: The Basics of Response Reliability......ccccucciiimmmmcccciirieec s 97
Example of a Summated Rating Scale.........ccccoremmmimniiiiinsccnninnsssssss s rsssssssssssssssessssssssssssss s 98
True Scores and Measurement Error............ooeoeoeeeeeeee e e s e 98
Underlying Constructs versus Observed Variables .......ccoooiiiiciiicsmmnincccsc s 98
L= E= 1 o111 4V 0 L=t 13 =Y o 98
Test-Retest Reliability ...........ccoiiiimmccr it r s s s s s e e s s e mmm s s s e e s s e mmmmmsn s nnns 99
L C= g F= TR 00T L=y =Y o T ) 929
Reliability as a Property of Responses t0 SCales .......cooomiiiiiiiiismmninnsssiemesss s sssmmms s 99
(020 T=1 3 107 1= 41 . o o - 100
o ¢ 3 1 - 100
When Will Coefficient Alpha Be High?........cccccmmiiiiiiiisscessmninnssssssssssssssnssssssssssssssssnssssssssmssssssnssss 100
Assessing Coefficient Alpha with PROC CORR .......cccoiiiiiiieeecmmnmnisssssssssessnnsssssssssssssssnssssssssssssssssssns 100
L€ 7Y =Y o 1IN o g o . 101
A 4-IReM SCal@.....cceeeeeeeeeeeeneneeneeennnsnsnsnnnsnsnsnsnsnsnsnsnsnsnsnsnsnsssnsnsnsnsnsnsnsnsnsnsnsnsnsnsnsnsnsnsnsnsnsnsnnnnnnnnnnnnnnnnnns 101
How Large Must a Reliability Coefficient Be to Be Considered Acceptable? ..........ccoecmmmrrrrns 103
N 1 (=Y 4 ST = 1 104
Summarizing the RESUILS ... s e s e 105

Summarizing the Results in @ Table ... s e 105



Contents ix

Preparing a Formal Description of the Results for a Paper ..., 105
L0070 T 1= o 105
o 106
L2 L= =T 1= VT 106
Chapter 4: Path AnalySis ..ccccimmcmmcmmammmmnsansansesmassssssssnsassssssssnssnsansanssnsnnsnnnnnnnnnns 107
Introduction: The Basics of Path Analysis..........cccoiiiiiiimmmcccsssirrssmc s sr s s s nmmmssssssesnnes 108

Some Simple Path Diagrams.......cuieeeeiiiiiisisssssemmmmmssssssssssssssesssssssssssssssssssssssssssssssssssssnnsnsssnsssssssnnns 108

Important Terms Used in Path Analysis.........ccouuiiiiiiii s 110

Why Perform Path Analysis with PROC CALIS versus PROC REG?.........cccoeoommmriniisssmmmmnsnnnsnanas 111

Necessary Conditions for Path ANalysSis.........cccurrrrrmmrssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnns 112

Overview Of the ANalySiS...ccuumemmmeeeeeeeceeececececeeceeceeeeeennnnneensnesensnssssssssssssssssssssssssnsnsssnssnnsnsnsssnnnnnsnnnnnnns 112
Sample Size Requirements for Path ANalysSis.........ccuurrrrrrrrsssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssss 113

Statistical Power and Sample Size ... 113

= o ST = 114

Estimating Sample Size ReqUIrements.........cccciiscmmmniinnissssssmssnsissssssssssssnsssssssssssssssssssssssssssssssss 114
Example 1: A Path-Analytic Investigation of the Investment Model.................................................. 115
Overview of the Rules for Performing Path Analysis .......ccooomiiniiiiicssmsi e 116
Preparing the Program FiQUIe .......ciiiiiciiiiimmessinniissssmmmsss s snssssssssmms s s es s smsmms s s s e e s s smsmmns s ansnsssnmmnnns 117

Step 1: Drawing the Basic Model.........ccoomiieiiciieesr s e nmmnnns 117

Step 2: Assigning Short Variable Names to Manifest Variables ..........cccccceimminiiiemcmmnnnnnnsssssnseen 117

Step 3: Identifying Covariances Among Exogenous Variables...........ccccecmmmmninnssssnssmsnmnisssssssnaen 118

Step 4: Identifying Residual Terms for Endogenous Variables ..........cccccniimmmniiemmmnissmmsmniannsns 119

Step 5: Identifying Variances to Be Estimated ... 119

Step 6: Identifying Covariances to Be Estimated.......cccooecicecmniicsciirrc e 120

Step 7: Identifying the Path Coefficients to Be Estimated.......ccccccccviiicemmninnnniisecccenninnsssssssseeens 120

Step 8: Verifying that the Model Is Overidentified........ccccciiiiinrmmmnminnissssmmernnsssssssssrsssase 121
Preparing the SAS Program.........ccciiiniiiiemmsssiinssssssssssssssssssssssssss s sssssssmsssss assssssssmmssss nesssssnnnmnnns 125

OV VIO W .....cieeeiiieiiicicicioiocccceoceeesoosssmsssssssssssssssssssssssssssssssssssssssSSSSSSSSSSSSSSRERESESERRRERERERER R R R RERR RS RR R R RR RRRRRR R 125

The DATA INPUL SEEP...uuueeeeeeeneennnnnnnnnnensnnnnnsnsnsnnnsnnnsnsnsnsnsssnsnsnsnsnsnsnssssssnssssssssssssssssmmsssssmmssssmnmnnmmnnnnnns 126

The PROC CALIS Statement .......coviimiiiimniiimsninessssssssssssssessssssssss s sssssssssssssssssssssssssamsssnssansnss 127

The LINEQS Statement .......cccuivemiiniimmmmnisessinssessnnssssssssssssssssssssssssssssssssssssssssssmsssssssmsssssssmnsesssnnnnss 129

The VARIANCE Statement..........eeeeeeeeececececececceeeeee e 134

The COV Statement......... s n e n s 135

The VAR Statement ... mnsemss s s ssss s s s s sssss s ssms s s smss s s smms e ssmn s s ssmmnnns 137
Interpreting the Results of the ANalySisS .....ccccccsesnnnnnnnnnnnnnnmnnnnmnnmneneeeeeeeneneeeeennn s n s nnn s s nnnnnnnns 137

Making Sure That the SAS Output File “Looks RIight”.......ccccciiiiisiiemmmmmninnssssssssnnnnssssssssssssnnsnas 138

Assessing the Fit between Model and Data...........ccociiimmmiiiciiisiens s 141

Characteristics of Ideal Fit ... s sssssssssss 149
1Y Lo 1 Y18 T T {3 T 1T U Yo = 150

Problems Associated with Model Modification..........cccouvrmmmmiimnnisieesn s 150

Recommendations for Modifying Models.......cccomiiiiiiiiimeir i 151

Modifying the Present Model .......... e s e e 152
Preparing a Formal Description of the Analysis and Results for a Paper.........cccccooeeommiieiiicccnnnnns 169

Preparing Figures and Tables ... ssss s sssssssssssssssssssssnsnsnsnsnnnss 169



x Contents

o =T 0T T 14T T =Y 171
Example 2: Path Analysis of a Model Predicting Victim Reactions to Sexual
g = T T = 173
Comparing Alternative Models ... s e e 174
The SAS PrOgIram ccicccceceessrimssssssassssssssissssssassssssssssssssssassssssnssssssssnssssssnssssssssnnssnsssesssssssnnmnnssnsssnsannnns 177
Results of the ANalysis.......cccoiiiiiiiiec s rrsns s e s s s s nmm s s s s s s s nnmmmsssssssesnnmmmmmnsnssnnens 178
Conclusion: How to Learn More about Path Analysis......ccccomiimiiiiinssrmmii i 181
o 182
2 L= =T 1= VT 182

Chapter 5: Developing Measurement Models with Confirmatory Factor

Yy T 7] 3 —————— | : 11

Introduction: A Two-Step Approach to Analyses with Latent Variables........cccooociiemniinniciccnnns 186
A Model of the Determinants of Work Performance ..........uuuumemmmemememmeesessssssssssssssssessssessssnsmsmssssnnnnnnes 186
The Manifest Variable Model........ s e e 187
The Latent Variable Model........eiiiiiiiieeessrrrsiisssssss s srssssssss s s s s ssssss s s e s sssssss s nssessssssmnses 187
Basic Concepts in Latent Variable Analyses.... ... 189
Latent Variables versus Manifest Variables............cccunnnnnnnnnnnnssssssssssssssssssssssssms 189
Choosing Indicator Variables ... s s e e 189
The Confirmatory Factor Analytic APProach.........eeeeeeeeeeeeeememeeememessnemsmsmenessnsssssssmsssssssmssssssssssnnnnnes 190
The Measurement Model versus the Structural Model ........ccccccmnimimnismmnnnsrnns e 190
Advantages of Covariance Structure ANalYSes ......ccccccuiiriiiiicemmmnininiiisme s s s ssmmms s e nas 190
Necessary Conditions for Confirmatory Factor Analysis .........cucecmiiiiiiiincmmn s 192
Sample Size Requirements for Confirmatory Factor Analysis and Structural Equation Modeling 193
Calculation of Statistical POWET .......ccccuusemmrnismmmmnssmsrmssssessrsssssssrsssssssnsssssss s ssssssssssssssssssasssssssansenas 194
Calculation of Sample Size ReqUIremMEeNts........ccuuvrerrrrrrrrrrrmrrmrersersssssesseeesesesesseesesesesesseeeeeeseseeeeeen 194
Example: The Investment Model ......... s s e mmmmnn e 196
The Theoretical Model ............oee e ececseee s s s s s n s s e nnnnnnnns 196
Research Method and Overview of the AnalySis ..o 196
Testing the Fit of the Measurement Model from the Investment Model Study..........cccoccmmrrniniinnnees 198
Preparing the Program Figure........cuummmmmsmsssssssmssssssmsssssssmsssssmsssssssssss s s 198
Preparing the SAS Program ..........ccmmiiiiiiiesessssinssssssssss s ssssssssssssss s sessssssmsssss nssssssnsmmsssssnsasas 204
Making Sure That the SAS Log and Output Files Look Right.......cccooiiiiiiiiiiernecccceeenn e 209
Assessing the Fit between Model and Data ..........ccccccmmmmmmmmnnmmaaas————ms 219
Modifying the Measurement Model.........cuuumsssssssssssasasssassssaasm—mm 225
Estimating the Revised Measurement Model..........cccccirininrnsnssssssssssssssssssssssssssssssssssssssssssssmmms 231
Assessing Reliability and Validity of Constructs and Indicators........c.cccnnnnnnnnnnnnnnnnsn. 238
Characteristics of an Ideal Fit for the Measurement Model ... 250
Conclusion: On to Structural Equation Modeling..........ccuimmmmmimnininsssmssnnimsissssssssnssssssssssssssssssssssssnas 251
2L =T =Y Lo = 251

Basic Concepts in Covariance Analyses with Latent Variables.........c.ccoooomiiiiniiiiccscnin s 253
Analysis with Manifest Variables versus Latent Variables...........ccooiiiiiiiccsmniiccicieenneenees 253
A Two-Step Approach to Structural Equation Modeling.........ccccuvmmmmmmimnnnssssssssssmnmssssssssssssssnnns 254

The Importance of Reading Chapters 4 and 5 First.......ccccccoiiiiniiecmmmmninnnssssssssnnnsssssssssssssssssssnes 254



Contents xi

Testing the Fit of the Theoretical Model from the Investment Model Study ..........ccccvimemmrrnnnsssnnees 255
The Rules for Structural Equation Modeling .........coceecmmmimmiisissssssmmmmmmssssssssssssnssssssssssssssssnsssssssanas 258
Preparing the Program Figure..........c i innncsssssmssss s ms s s s s ssms s s s s s s ssmmmmssnnaas 259
Preparing the SAS Program ..........ccmiiiiiiiiesessssnnsssssssss s snssssssssssss s sessssssmmsss s nssssssnsmmssss snsaas 264
Interpreting the Results of the ANalySiS .....cuuummmmmimmmsmsssssssssssssssssssssssssssssssssssssssssssssssssssssnsnsnsnsnsnsnsas 266
Characteristics of an “Ideal Fit” for the Theoretical Model .........ccccuirmmmmnismmrmnnsmsnmnsemssmnanssnns 281
Using Modification Indices to Modify the Present Model..........coccciiiirsnnnnnnssssssssssssssssssssssssssssanes 282

Preparing a Formal Description of Results for @ Paper ... sesssssmssssssnneas 290
Lo [T =X =3 T Lo IR = o = 290
Preparing Text for the Results Section of the Paper........ccccccmiimiiisisecmmmmninnssssssssssssinsssssssssssssns 293

Additional Example: A SEM Predicting Victim Reactions to Sexual Harassment..........cccccccirrinnnes 297

Conclusion: To Learn More about Latent Variable Models..........ccoooiiiiciiiic s 303

REfEIrENCES.....ooeeeeeeeeeeeeeceeeeeieieiecccceeceeccococccccscssssssssssssssssssssssssssssssSSESESESESEEESESESESESERERESSRRSSRSSESERESRRS 304

Appendix A.1: Introduction to SAS Programs, SAS Logs, and SAS Output.........305

L T L ST N 305

Three TYPES Of SAS FileS ..ccviririrrrrrrrrrrrrrrrrrrsrsssssssssrsssssssssssssssssssseseseeeeseseeeeeeeeeeeeeeeeeeeeeereeeeeeeeeesesssssasssass 305
The SAS PrOgram ...cccccccceeeesiiiiiiissmmssssirsssssssmmss s sasssassmnsssssssa e s s e s mmssssEEeaaa s asmmmsEsEeRaRassnnmmnsnsbnnssasannnns 306
THE SAS LOQ . ciiiisumerrrsssmenissssnnsissssansisssssssssssssnssnsssssssnsssanssssssanssssssansssessansssesssnnssssssnnsnesssnnsnnssannsnsssannnns 307
The SAS OULPUL File ...t e s m s e mmmmn s e s ee e nnnmnnns 309

£SO T 1o 39 T=Y g1 o Yo g 309

Lo 0 T 13 o o 310

2 L= =T 1= T 310

Introduction: Inputting Questionnaire Data versus Other Types of Data ......cccccceeiieeemriiciciccennnns 311
Entering Data: An lllustrative EXample ........eeeeeememmmmmmmmeieeeeeeesesssssssssssssssssssssssssssssssssssssssssssssssssssssnsnsnsnns 312
Inputting Data Using the DATALINES Statement .......cccccccmmiiniiinsccmmnnninsssssssssssnnnssssssssssssssnsssssssssssens 316
e [ T 4 F= T I 0T e (=] 3 =T 319
Inputting String Variables with the Same Prefix and Different Numeric Suffixes..........ceeisiunans 319
Inputting Character Variables ...t s 320
Using Multiple Lines of Data for Each Participant.........cccmmmssssssssssssssssmmms 321
Creating Decimal Places for Numeric Variables...........ccuuiremmmmmmiinisssssssmmsnnnisssssssssssssnsssssssssssssssnns 323
Inputting “Check All That Apply” Questions as Multiple Variables............ccceernnnnnnnnnnnsnnnnsssssnnnns 324
Inputting a Correlation or Covariance MatriX .........cccccmmiiniiiiinsmemn s nnmmnnes 325
Inputting a Correlation MatriX ... s mnmn s 325
Inputting @ Covariance MatriX........cccciiemmeninininissssssnrrrrsss s sssmss s e e s sssmms s s s e e s s mnmns ennanas 329
Inputting Data Using the INFILE Statement Rather Than the DATALINES Statement.................... 329
L0 4 o7 L] ' o 330
2 L= (=T =T o7 330
Appendix A.3: Working with Variables and Observations in SAS Datasets........ 331
Introduction: Manipulating, Subsetting, Concatenating, and Merging Data..........ccccccinririisssnnccnnnns 331
Placement of Data-Manipulation and Data-Subsetting Statements .......cccccciiiiviisiemmnnncsssesceennn 332
Immediately Following the INPUT Statement....... i 334
Immediately after Creating a New Dataset......ccociiiiiciicmmn s 334

The INFILE Statement versus the DATALINES Statement...........ccciimmmmmniiininnisssemsssssnsessssssnes 335



xii Contents

[ F 1 T = 11T 0T = o o 336
Creating Duplicate Variables with New Variable Names........ccccciuiiiiinsemmmmmnnnnssssssssssssnissssssssssssnn 336
Duplicating Variables versus Renaming Variables ... 337
Creating New Variables from Existing Variables........cccccccciiniemmmmmininniissssssmnnnnsssssssssssssnmsssssssssssnns 337
Priority of Operators in Compound EXPreSSIiONS .......ccccucremmmmmmirmisissanmmmsssssssssssnsmmssssssssssssnnsmssssss 338
Recoding Reversed Variables ...........cciiiiciiiieesir i sms s s mms s s ssmmn s s 340
Using IF-THEN Control Statements.......ccccciiiciiieecmmmininsnissssssninsssssssssssssnssssssssssssssssssssssssssssssnsnas 341
Using ELSE Statements ......ccicceccemiiiiiiisssssmssnnissssssssssssssssssssssssssssssnssssssssnssssssnssssssssmmsns s snssssssnmmnnnsss 342
Using the Conditional Statements AND and OR.........cccccvnemmmmimnnssssmsssnnisssssssssssssssssssssssssssssessas 343
Working with Character Variables ...t e s s s 343
Using the IN OPerator ...t s mm s e s s nn s s e e mmmmnn e e 343

[ F= 1 ST U o X=T=Y 1] T 344
Using a Simple Subsetting Statement...........cccvvriniciiie s ———— 344
Using Comparison OPErators ..........ccccmiiiiiiiiissmmsmssinsssssssssmsss s ssssssssmss s sesssssssssssssssesssassmssnsssnasas 345
Eliminating Observations with Missing Data for Some Variables...........cccooreoiiiiccicccsennnnnne 345

A More Comprehensive EXampPle ......cccccccmmmiieiiiiisnmmmssnsessissssssmss s ssssssssssssss s s ssssssssmssmsssssesssassmnsns snsssas 349

Concatenating and Merging Datasets.........ccccuiemmmmmiiniiinsssmmsmnninnssssssssssnisssssssssssssssssssssssssssssssssssssnnas 350
Concatenating Datasets .......cciiccmmmiiiiiniismmmsnniisisssssss s s s s sssmmss s s s e s s s s s smmm s n s s e e s s s mnmnnnnes 350
Merging DataSets ... s s s e mmnan e nnnnnnr s 353

L0 4 o L= o o 356

2 L= (=Y =T 3T 356

Appendix A.4: Exploring Data with PROC MEANS, PROC FREQ, PROC PRINT, and

PROC UNIVARIATE .....cocciciiimmamnmmmsmsmssnasssssssssssssssssssssssssssssssssssssssnssnssnssnssnsnns 357

Introduction: Why Perform Simple Descriptive AnalySes? ......ccucccmiiiiiiiissmmmmnsinsssssssemsss s snsssssssssnsens 357

Example: An Abridged VolunteeriSm SUIVeY..........ccciccmmiiiniiiissmmmsnssnsssssssmmssss e sssssssmss s sessssssmssnssnes 358

Computing Descriptive Statistics with PROC MEANS.........cccciiiiiiiismemsnnirsssssssssssssssnsssssssssssssssssssssnns 360
The PROC MEANS Statement........ccccciiimmiiiimnmnnssnnsssss s snssssss s sssssssssssssssssnsssssssnssasssnas 360
The VAR Statement ... ssnsssssss s s ssss s s sssss s ssssssssnsssassssnssmns s samnns 361
Reviewing the OUIPUL..........cc st e mmn e e mmmmnnn e 362

Creating Frequency Tables with PROC FREQ ...........ccciiiimiiiciiisieemme s issssssssmss s e ssmssms s s e 362
The PROC FREQ and TABLES Statements.......ccccucccmmmiiemmmmiemsmmnsmssmmssssmmsssssmsssssssssssssssssssasssnas 363
Reviewing the OUIPUL..........ccciiimiiiiiisiss s ssssm s s n s ssssmss s s s e s s s s ssmmms s s s ee s s s smnmmns s e nenssnnmmnnnnnes 363

Printing Raw Data with PROC PRINT ...t rssssss s s ssssmm s s s s sssmmms s s smmmmnnnns 364

Testing for Normality with PROC UNIVARIATE ..........o oot sssmmss s s ssmsmms s s e nnsnas 365
Why Test for NOrmality? ...t s s e s n s e e 366
Departures from Normality.........cccmmiiiiiiiirecc s s e s ns s s s s e s s s s mmmmmsssssse s e nnnmmmnsssssnnnnn 366
General Form for PROC UNIVARIATE ......ccccucmmmmissesmmmssssssmmsssssssmsssssssssssssssmsssssssmsssssssssssanssasssannsnss 369
Results for an Approximately Normal Distribution ... 370
Results for a Distribution with an OUlier ... 373
Understanding the Stem-Leaf PlOt ... s 377
Results for Distributions Demonstrating SKeWNess........ccccccmmmmiiniisssmmmssmnmnsssssssssssnnssssssssssssssssns 380

L0 0 T (1= o o 384

2 L= =T =Y Vo 384

Appendix A.5: Preparing Scattergrams and Computing Correlations................385



Contents xiii

Introduction: When Are Pearson Correlations Appropriate? ........eeeeeeeeeememememememeeememeemmememeemmmemnmnennenes 385
Interpreting the Coefficient..........cciccmiiiiiiiini s s s s s s e s mmmmnnnns 386
Linear versus Nonlinear Relationships ........cccoiiiniiiiie i 388
Producing Scattergrams with PROC SGPLOT ........ccccuimmiiniiiiisnmmsmssnnssssssssmmsss s snsssssssmmmssssessssssssmsssnns 390
Computing Pearson Correlations with PROC CORR ........cccccmiiiiiissmmmmmmmnissssssssssssssssssssssssssssssssssssnsses 393

Computing a Single Correlation Coefficient.........cccccccmiriniiissmmninisssss s s sssssssen 393

Determining SAmPple SIzZe......cccccuiiiiiiiissmmmnniiiisissssssssrrrsssssssssssss s e ssssssssmmsss s sessssssnssnssnssenssssnnnsssnnsnas 395

Computing All Possible Correlations for a Set of Variables .........ccccccccmmiiimmnnsssnnnsssnnniecnnnns 395

Computing Correlations between Subsets of Variables ..........ccccirimiminininininnnnssssssssssssssssssssssssens 397

Options Used with PROC CORR...........ccooimimimimrmrrrsssssssssssssssssssssssssssssssssssssssssssssesssssssssssssessssssesseeee 398
Appendix: Assumptions Underlying the Pearson Correlation Coefficient..........ccccccmrrrrissnneccennnnnnans 399
2 L= =T 1= VT 399
Appendix A.6: Simplifying PROC CALIS Programs ....cccevcssssssnnssnssnnssnssnnssnssnnssnns 401
INErOAUCTION ... ceeeieecioecsesesssssssssssssssssssssssssssssssSsssssssssssssssssssssssssssssssssssssssssns 401
Reviewing the Rules for Performing Path AnalySisS.....ccccccmemmmmmmmmmimmmimmeeeeeeeeeeesesssss s 401
Simplifying the SAS Program........cccciciieeeeemmiimmsssssssssssiismsssssssssssiesssssssssssssssessssssssnssssssessssssnssns nsssssan 402
Appendix B: Datasets ..ccccciimmnnnmmmnnnnmmsnnnnnssnnnsnnnsnnnsnnnsnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnas $05
Dataset from Chapter 1: Principal Component Analysis .......cccecmiimiiniissmmmmsinnsisiemmssss s ssssmsssn s 405
Datasets from Chapter 2: Exploratory Factor Analysis..........ccccaoommmiimniiiismmmmsnninsssssssemss s sssmsenssens 406
Dataset from Chapter 3: Assessing Scale Reliability with Coefficient Alpha........cccccccmmiiniisisncennnns 409
Appendix C: Critical Values for the Chi-Square Distribution........ccccccmmiicciiennnnas 411

Indexlllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll413

From A Step-by-Step Approach to Using SAS® for Factor Analysis and Structural Equation Modeling, Second Edition
by Norm O'Rourke, Ph.D., and Larry Hatcher, Ph.D. Copyright © 2014, SAS Institute Inc., Cary, North Carolina, USA.
ALL RIGHTS RESERVED.



http://www.sas.com/apps/sim/redirect.jsp?detail=TR19702

From A Step-by-Step Approach to Using SAS® for Factor Analysis and
Equation Modeling, Second Edition. Full book available for purchase hert

Chapter 1: Principal Component Analysis

Introduction: The Basics of Principal Component Analysis ....ccccveemcmsmmmmsssansnsassssnsnnss 1
A Variable Reduction Procedure ..........cccuuimmmmmmmiimmiissessssmmmmmsssssssssssnnmsssssssssssssnsssssssssssssssns 2
An lllustration of Variable RedundancCy.........cccccimmmmmmimmmmmnnmnmsmsmmssssssssssssssssssssssssssssssssssssssssssssnnns 2
What Is a Principal Component?..........cccciiimiiiiinsssssscccmssnissssssssssssssssssssssssssssmsssssssssssssssnmmnnnns 4
Principal Component Analysis Is Not Factor Analysis.......ccccccceeiiscccmmminicsssssssccmsssrsnsssssssssanen 6
Example: Analysis of the Prosocial Orientation Inventory ....ccccccicmrmnmsnmsssnsansssnsansnnss 7
Preparing a Multiple-ltem Instrument.........cccccmmiiiiiiinsesmnnisss s sssssse 8
Number of ltems per ComponeNnt.........ccccciiiememmmmnimsee s ———————e 9
Minimal Sample Size Requirements..........ccccccmmiiiciiiisccmmmrrrressssssssessssseesssssssssmsssssssssssssssmmnnnnes 9
SAS Program and Output.....cccceecmsmssssmsssssssssssssssssssssnssssssssnnnsnsssnnsnsssnnnnnnsnsnsnnnnnsnnnnnnn 10
Writing the SAS Program........ccccciieeemmiissssnmmsssssnmssssssissssssssssssssss sssssssssssssssssssssssnsssssssnsssssssnnes 10
Results from the Output ...t s s e m e s s s e 13
Steps in Conducting Principal Component AnalySisS ..ccueamrammnsnnsassssnsnsssssnsnssnnsnsnnnnnss 16
Step 1: Initial Extraction of the Components .......cccccciiiiniiiseeeesmss s ————— 16
Step 2: Determining the Number of “Meaningful” Components to Retain.........occceemmrrinnnns 16
Step 3: Rotation to a Final Solution.......ccccciiiiiiiisecsemsninmnssss s sssnnsssssssssssssssnsssssssssssssssnees 21
Step 4: Interpreting the Rotated Solution..........cccmrriccccis e 21
Step 5: Creating Factor Scores or Factor-Based SCOresS.......cccciieerrisssmcmcemmnnnssssssssssmsssssnnns 23
Step 6: Summarizing the Results in @ Table.......c i s 30
Step 7: Preparing a Formal Description of the Results for a Paper ......cccccccininnineceemennnnn, 31
An Example with Three Retained Components.....cccccirmamsmmmmasssnsnsssssasssssssssssnsnsnnnnnns 31
LI T LT 1= o 3 T 31
Writing the Program........ccieisiinnisissss s nnssssssssssss s s sssssssmssss s ssssssssssssmssss s nnssssssssnnnnnes 32
Results of the Initial ANAlYSIS e 33
Results of the Second ANAlYSiS ...cccceerrrmirmisissssmmmmnmrimmssssssssssssnsnrssssssssssssssneeesssssssssssseessssssnns 37
L0 T e L= T 41
Appendix: Assumptions Underlying Principal Component Analysis ....ccccuememmnmnnnnnanans 41
REfEreNCES uuiruirimrnnsn s n s s n s n s n S E R SR A RS AR A AR AN EREEEEAEEREERAREREEEEEEEEEAREEREEEE 41

Introduction: The Basics of Principal Component Analysis

Principal component analysis is used when you have obtained measures for a number of observed variables and
wish to arrive at a smaller number of variables (called “principal components”) that will account for, or capture,
most of the variance in the observed variables. The principal components may then be used as predictors or
criterion variables in subsequent analyses.
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A Variable Reduction Procedure

Principal component analysis is a variable reduction procedure. It is useful when you have obtained data for a
number of variables (possibly a large number of variables) and believe that there is redundancy among those
variables. In this case, redundancy means that some of the variables are correlated with each other, often
because they are measuring the same construct. Because of this redundancy, you believe that it should be
possible to reduce the observed variables into a smaller number of principal components that will account for
most of the variance in the observed variables.

Because it is a variable reduction procedure, principal component analysis is similar in many respects to
exploratory factor analysis. In fact, the steps followed when conducting a principal component analysis are
virtually identical to those followed when conducting an exploratory factor analysis. There are significant
conceptual differences between the two, however, so it is important that you do not mistakenly claim that you
are performing factor analysis when you are actually performing principal component analysis. The differences
between these two procedures are described in greater detail in a later subsection titled “Principal Component
Analysis Is Not Factor Analysis.”

An lllustration of Variable Redundancy

We now present a fictitious example to illustrate the concept of variable redundancy. Imagine that you have
developed a seven-item measure to gauge job satisfaction. The fictitious instrument is reproduced here:

Please respond to the following statements by placing your response to the left of each statement. In
making your ratings, use a number from 1 to 7 in which 1 = “Strongly Disagree” and 7 = “Strongly
Agree.”

1. My supervisor(s) treats me with consideration.

2. My supervisor(s) consults me concerning important decisions that affect my work.
3. My supervisor(s) gives me recognition when I do a good job.

4. My supervisor(s) gives me the support I need to do my job well.

5. My pay is fair.

6. My pay is appropriate, given the amount of responsibility that comes with my job.
7. My pay is comparable to that of other employees whose jobs are similar to mine.

Perhaps you began your investigation with the intention of administering this questionnaire to 200 employees
using their responses to the seven items as seven separate variables in subsequent analyses.

There are a number of problems with conducting the study in this manner, however. One of the more important
problems involves the concept of redundancy as previously mentioned. Examine the content of the seven items
in the questionnaire. Notice that items 1 to 4 each deal with employees’ satisfaction with their supervisors. In
this way, items 1 to 4 are somewhat redundant or overlapping in terms of what they are measuring. Similarly,
notice that items 5 to 7 each seem to deal with the same topic: employees’ satisfaction with their pay.

Statistical findings may further support the likelihood of item redundancy. Assume that you administer the
questionnaire to 200 employees and compute all possible correlations between responses to the seven items.
Fictitious correlation coefficients are presented in Table 1.1:
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Table 1.1: Correlations among Seven Job Satisfaction Items

Correlations

Variable 1 2 3 4 5 6 7

1 1.00

2 75 1.00

3 .83 .82 1.00

4 .68 92 .88 1.00

5 .03 .01 .04 .01 1.00

6 .05 .02 .05 .07 .89 1.00

7 .02 .06 .00 .03 .92 .76 1.00
NOTE: N =200.

When correlations among several variables are computed, they are typically summarized in the form of a
correlation matrix such as the one presented in Table 1.1; this provides an opportunity to review how a
correlation matrix is interpreted. (See Appendix A.5 for more information about correlation coefficients.)

The rows and columns of Table 1.1 correspond to the seven variables included in the analysis. Row 1 (and
column 1) represents variable 1, row 2 (and column 2) represents variable 2, and so forth. Where a given row
and column intersect, you will find the correlation coefficient between the two corresponding variables. For
example, where the row for variable 2 intersects with the column for variable 1, you find a coefficient of .75;
this means that the correlation between variables 1 and 2 is .75.

The correlation coefficients presented in Table 1.1 show that the seven items seem to hang together in two
distinct groups. First, notice that items 1 to 4 show relatively strong correlations with each another. This could
be because items 1 to 4 are measuring the same construct. In the same way, items 5 to 7 correlate strongly with
one another, a possible indication that they also measure a single construct. Even more interesting, notice that
items 1 to 4 are very weakly correlated with items 5 to 7. This is what you would expect to see if items 1 to 4
and items 5 to 7 were measuring two different constructs.

Given this apparent redundancys, it is possible that the seven questionnaire items are not really measuring seven
different constructs. More likely, items 1 to 4 are measuring a single construct that could reasonably be labeled
“satisfaction with supervision,” whereas items 5 to 7 are measuring a different construct that could be labeled
“satisfaction with pay.”

If responses to the seven items actually display redundancy as suggested by the pattern of correlations in Table
1.1, it would be advantageous to reduce the number of variables in this dataset, so that (in a sense) items 1 to 4
are collapsed into a single new variable that reflects employees’ satisfaction with supervision and items 5 to 7
are collapsed into a single new variable that reflects satisfaction with pay. You could then use these two new
variables (rather than the seven original variables) as predictor variables in multiple regression, for instance, or
another type of statistical analysis.

In essence, this is what is accomplished by principal component analysis: it allows you to reduce a set of
observed variables into a smaller set of variables called principal components. The resulting principal
components may then be used in subsequent analyses.



4 A Step-by-Step Approach to Using SAS for Factor Analysis and Structural Equation Modeling, Second Edition

What Is a Principal Component?

How Principal Components Are Computed

A principal component can be defined as a linear combination of optimally weighted observed variables. In
order to understand the meaning of this definition, it is necessary to first describe how participants’ scores on a
principal component are computed.

In the course of performing a principal component analysis, it is possible to calculate a score for each
participant for each principal component. In the preceding study, for example, each participant would have
scores on two components: one score on the “satisfaction with supervision” component; and one score on the
“satisfaction with pay” component. Participants’ actual scores on the seven questionnaire items would be
optimally weighted and then summed to compute their scores for a given component.

Below is the general formula to compute scores on the first component extracted (created) in a principal
component analysis:

Ci=b11(X1) + bia(X2) + ... bip(Xp)
where

C; = the participant’s score on principal component 1 (the first component extracted)
bip = the coefficient (or weight) for observed variable p, as used in creating principal component 1
X, = the participant’s score on observed variable p

For example, assume that component 1 in the present study was “satisfaction with supervision.” You could
determine each participant’s score on principal component 1 by using the following fictitious formula:

C1 =44 (X)) + .40 (X2) + 47 (X3) + .32 (Xa)

+.02 (Xs) + .01 (Xo) + .03 (X7)

In this case, the observed variables (the “X” variables) are participant responses to the seven job satisfaction
questions: X; represents question 1; X5 represents question 2; and so forth. Notice that different coefficients or
weights were assigned to each of the questions when computing scores on component 1: questions 1 to 4 were
assigned relatively large weights that range from .32 to .47, whereas questions 5 to 7 were assigned very small
weights ranging from .01 to .03. This makes sense, because component 1 is the satisfaction with supervision
component and satisfaction with supervision was measured by questions 1 to 4. It is therefore appropriate that
items 1 to 4 would be given a good deal of weight in computing participant scores on this component, while
items 5 to 7 would be given comparatively little weight.

Because component 2 measures a different construct, a different equation with different weights would be used
to compute scores for this component (i.e., “satisfaction with pay”). Below is a fictitious illustration of this
formula:

C2 =01 (X1) + .04 (X2) + .02 (X3) + .02 (Xa)

+ .48 (Xs) + 31 (Xe) + .39 (X7)

The preceding example shows that, when computing scores for the second component, considerable weight
would be given to items 5 to 7, whereas comparatively little would be given to items 1 to 4. As a result,
component 2 should account for much of the variability in the three satisfaction with pay items (i.e., it should be
strongly correlated with those three items).
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But how are these weights for the preceding equations determined? PROC FACTOR in SAS generates these
weights by using what is called an eigenequation. The weights produced by these eigenequations are optimal
weights in the sense that, for a given set of data, no other set of weights could produce a set of components that
are more effective in accounting for variance among observed variables. These weights are created to satisfy
what is known as the principle of least squares. Later in this chapter we will show how PROC FACTOR can be
used to extract (create) principal components.

It is now possible to understand the definition provided at the beginning of this section more fully. A principal
component was defined as a linear combination of optimally weighted observed variables. The words “linear
combination” mean that scores on a component are created by adding together scores for the observed variables
being analyzed. “Optimally weighted” means that the observed variables are weighted in such a way that the
resulting components account for a maximal amount of observed variance in the dataset.

Number of Components Extracted

The preceding section may have created the impression that, if a principal component analysis were performed
on data from our fictitious seven-item job satisfaction questionnaire, only two components would be created.
Such an impression would not be entirely correct.

In reality, the number of components extracted in a principal component analysis is equal to the number of
observed variables being analyzed. This means that an analysis of responses to the seven-item questionnaire
would actually result in seven components, not two.

In most instances, however, only the first few components account for meaningful amounts of variance; only
these first few components are retained, interpreted, and used in subsequent analyses. For example, in your
analysis of the seven-item job satisfaction questionnaire, it is likely that only the first two components would
account for, or capture, meaningful amounts of variance. Therefore, only these would be retained for
interpretation. You could assume that the remaining five components capture only trivial amounts of variance.
These latter components would therefore not be retained, interpreted, or further analyzed.

Characteristics of Principal Components

The first component extracted in a principal component analysis accounts for a maximal amount of total
variance among the observed variables. Under typical conditions, this means that the first component will be
correlated with at least some (often many) of the observed variables.

The second component extracted will have two important characteristics. First, this component will account for
a maximal amount of variance in the dataset that was not accounted for or captured by the first component.
Under typical conditions, this again means that the second component will be correlated with some of the
observed variables that did not display strong correlations with component 1.

The second characteristic of the second component is that it will be uncorrelated with the first component.
Literally, if you were to compute the correlation between components 1 and 2, that coefficient would be zero.
(For the exception, see the following section regarding oblique solutions.)

The remaining components that are extracted exhibit the same two characteristics: each accounts for a maximal
amount of variance in the observed variables that was not accounted for by the preceding components; and each
is uncorrelated with all of the preceding components. Principal component analysis proceeds in this manner
with each new component accounting for progressively smaller amounts of variance. This is why only the first
few components are retained and interpreted. When the analysis is complete, the resulting components will
exhibit varying degrees of correlation with the observed variables, but will be uncorrelated with each another.
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What is meant by “total variance” in the dataset? To understand the meaning of “total variance” as it is
used in a principal component analysis, remember that the observed variables are standardized in the
course of the analysis. This means that each variable is transformed so that it has a mean of zero and a
standard deviation of one (and hence a variance of one). The “total variance” in the dataset is simply the
sum of variances for these observed variables. Because they have been standardized to have a standard
deviation of one, each observed variable contributes one unit of variance to the total variance in the
dataset. Because of this, total variance in principal component analysis will always be equal to the number
of observed variables analyzed. For example, if seven variables are being analyzed, the total variance will
equal seven. The components that are extracted in the analysis will partition this variance. Perhaps the first
component will account for 3.2 units of total variance; perhaps the second component will account for 2.1
units. The analysis continues in this way until all variance in the dataset has been accounted for or
explained.

Orthogonal versus Oblique Solutions

This chapter will discuss only principal component analyses that result in orthogonal solutions. An orthogonal
solution is one in which the components are uncorrelated (“orthogonal” means uncorrelated).

It is possible to perform a principal component analysis that results in correlated components. Such a solution is
referred to as an oblique solution. In some situations, oblique solutions are preferred to orthogonal solutions
because they produce cleaner, more easily interpreted results.

However, oblique solutions are often complicated to interpret. For this reason, this chapter will focus only on
the interpretation of orthogonal solutions. The concepts discussed will provide a good foundation for the
somewhat more complex concepts discussed later in this text.

Principal Component Analysis Is Not Factor Analysis

Principal component analysis is commonly confused with factor analysis. This is understandable because there
are many important similarities between the two. Both are methods that can be used to identify groups of
observed variables that tend to hang together empirically. Both procedures can also be performed with PROC
FACTOR, and they generally provide similar results.

Nonetheless, there are some important conceptual differences between principal component analysis and factor
analysis that should be understood at the outset. Perhaps the most important difference deals with the
assumption of an underlying causal structure. Factor analysis assumes that covariation among the observed
variables is due to the presence of one or more latent variables that exert directional influence on these observed
variables. An example of such a structure is presented in Figure 1.1.
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Figure 1.1: Example of the Underlying Causal Structure That Is Assumed in Factor Analysis
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The ovals in Figure 1.1 represent the latent (unmeasured) factors of “satisfaction with supervision” and
“satisfaction with pay.” These factors are latent in the sense that it is assumed employees hold these beliefs but
that these beliefs cannot be measured directly; however, they do influence employees’ responses to the items
that constitute the job satisfaction questionnaire described earlier. (These seven items are represented as the
squares labeled V1 to V7 in the figure.) It can be seen that the “supervision” factor exerts influence on items V1
to V4 (the supervision questions), whereas the “pay” factor exerts influence on items V5 to V7 (the pay items).

Satisfaction
with Pay

Researchers use factor analysis when they believe that one or more unobserved or latent factors exert directional
influence on participants’ responses. Exploratory factor analysis helps the researcher identify the number and
nature of such latent factors. These procedures are described in the next chapter.

In contrast, principal component analysis makes no assumptions about underlying causal structures; it is simply
a variable reduction procedure that (typically) results in a relatively small number of components accounting
for, or capturing, most variance in a set of observed variables (i.e., groupings of observed variables versus latent
constructs).

Another important distinction between the two is that principal component analysis assumes no measurement
error whereas factor analysis separates true variance from measurement error. Acknowledging measurement
error is particularly germane to social science research because our instruments are invariably incomplete
measures of underlying constructs. Principal component analysis is sometimes used in instrument construction
studies to overestimate precision of measurement (i.e., overestimate the effectiveness of the scale).

In summary, both factor analysis and principal component analysis are important in social science research, but
their conceptual foundations are quite distinct.

Example: Analysis of the Prosocial Orientation Inventory

Assume that you have developed an instrument called the Prosocial Orientation Inventory (POI) that assesses
the extent to which a person has engaged in helping behaviors over the preceding six months. This fictitious
instrument contains six items and is presented here:
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Instructions: Below are a number of activities in which people sometimes engage. For each item, please
indicate how frequently you have engaged in this activity over the past six months. Provide your response
by circling the appropriate number to the left of each item using the response key below:

7 = Very Frequently

6 = Frequently

5 = Somewhat Frequently
4 = Occasionally

3 = Seldom

2 = Almost Never

1 = Never

1234567 1. I went out of my way to do a favor for a coworker.
1234567 2. I wentout of my way to do a favor for a relative.
1234567 3. I wentout of my way to do a favor for a friend.
1234567 4. Igave money to a religious charity.

1234567 5. Igave money to a charity not affiliated with a religion.
1234567 6. I gave money to a panhandler.

When this instrument was developed, the intent was to administer it to a sample of participants and use their
responses to the six items as separate predictor variables. As previously stated, however, you learned that this is
a problematic practice and have decided, instead, to perform a principal component analysis on responses to see
if a smaller number of components can successfully account for most variance in the dataset. If this is the case,
you will use the resulting components as predictor variables in subsequent analyses.

At this point, it may be instructive to examine the content of the six items that constitute the POI to make an
informed guess as to what is likely to result from the principal component analysis. Imagine that when you first
constructed the instrument, you assumed that the six items were assessing six different types of prosocial
behavior. Inspection of items 1 to 3, however, shows that these three items share something in common: they all
deal with “going out of one’s way to do a favor for someone else.” It would not be surprising then to learn that
these three items will hang together empirically in the principal component analysis to be performed. In the
same way, a review of items 4 to 6 shows that each of these items involves the activity of “giving money to
those in need.” Again, it is possible that these three items will also group together in the course of the analysis.

In summary, the nature of items suggests that it may be possible to account for variance in the POI with just two
components: a “helping others” component and a “financial giving” component. At this point, this is only
speculation, of course; only a formal analysis can determine the number and nature of components measured by
the inventory of items. (Remember that the preceding instrument is fictitious and used for purposes of
illustration only and should not be regarded as an example of a good measure of prosocial orientation. Among
other problems, this questionnaire deals with only two forms of helping behavior.)

Preparing a Multiple-ltem Instrument

The preceding section illustrates an important point about how rnof to prepare a multiple-item scale to measure a
construct. Generally speaking, it is poor practice to throw together a questionnaire, administer it to a sample,
and then perform a principal component analysis (or factor analysis) to determine what the questionnaire is
measuring.

Better results are much more likely when you make a priori decisions about what you want the questionnaire to
measure, and then take steps to ensure that it does. For example, you would have been more likely to obtain
optimal results if you:

e began with a thorough review of theory and research on prosocial behavior
e used that review to determine how many types of prosocial behavior may exist

® wrote multiple questionnaire items to assess each type of prosocial behavior
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Using this approach, you could have made statements such as “There are three types of prosocial behavior:
acquaintance helping; stranger helping; and financial giving.” You could have then prepared a number of items
to assess each of these three types, administered the questionnaire to a large sample, and performed a principal
component analysis to see if three components did, in fact, emerge.

Number of ltems per Component

When a variable (such as a questionnaire item) is given a weight in computing a principal component, we say
that the variable loads on that component. For example, if the item “Went out of my way to do a favor for a
coworker” is given a lot of weight on the “helping others” component, we say that this item “loads” on that
component.

It is highly desirable to have a minimum of three (and preferably more) variables loading on each retained
component when the principal component analysis is complete (see Clark and Watson 1995). Because some
items may be dropped during the course of the analysis (for reasons to be discussed later), it is generally good
practice to write at least five items for each construct that you wish to measure. This increases your chances that
at least three items per component will survive the analysis. Note that we have violated this recommendation by
writing only three items for each of the two a priori components constituting the POI.

Keep in mind that the recommendation of three items per scale should be viewed as an absolute minimum and
certainly not as an optimal number. In practice, test and attitude scale developers normally desire that their
scales contain many more than just three items to measure a given construct. It is not unusual to see individual
scales that include 10, 20, or even more items to assess a single construct (e.g., Chou and O’Rourke 2012;
O’Rourke and Cappeliez 2002). Up to a point, the greater the number of scale items, the more reliable it will be
(Henson 2001). The recommendation of three items per scale should therefore be viewed as a rock-bottom
lower bound, appropriate only if practical concerns prevent you from including more items (e.g., total
questionnaire length). For more information on scale construction, see DeVellis (2012) and, Saris and Gallhofer
(2007).

Minimal Sample Size Requirements

Principal component analysis is a large-sample procedure. To obtain reliable results, the minimal number of
participants providing usable data for the analysis should be the larger of 100 participants or 5 times the number
of variables being analyzed (Streiner 1994).

To illustrate, assume that you wish to perform an analysis on responses to a 50-item questionnaire. (Remember
that when responses to a questionnaire are analyzed, the number of variables is equal to the number of items on
that questionnaire.) Five times the number of items on the questionnaire equals 250. Therefore, your final
sample should provide usable (complete) data from at least 250 participants. Note, however, that any participant
who fails to answer just one item will not provide usable data for the principal component analysis and will
therefore be excluded from the final sample. A certain number of participants can always be expected to leave
at least one question blank. To ensure that the final sample includes at least 250 usable responses, you would be
wise to administer the questionnaire to perhaps 300 to 350 participants (see Little and Rubin 1987). A
preferable alternative is to use an imputation procedure that assigns values for skipped items (van Buuren
2012). A number of such procedures are available in SAS but are not covered in this text.

These rules regarding the number of participants per variable again constitute a lower bound, and some have
argued that they should be applied only under two optimal conditions for principal component analysis: 1) when
many variables are expected to load on each component, and 2) when variable communalities are high. Under
less optimal conditions, even larger samples may be required.
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What is a communality? A communality refers to the percent of variance in an observed variable that is
accounted for by the retained components (or factors). A given variable will display a large communality if it
loads heavily on at least one of the study’s retained components. Although communalities are computed in
both procedures, the concept of variable communality is more relevant to factor analysis than principal
component analysis.

SAS Program and Output

You may perform principal component analysis using the PRINCOMP, CALIS, or FACTOR procedures. This
chapter will show how to perform the analysis using PROC FACTOR since this is a somewhat more flexible
SAS procedure. (It is also possible to perform an exploratory factor analysis with PROC FACTOR or PROC
CALIS.) Because the analysis is to be performed using PROC FACTOR, the output will at times make
reference to factors rather than to principal components (e.g., component 1 will be referred to as FACTORI1 in
the output). It is important to remember, however, that you are performing principal component analysis, not
factor analysis.

This section will provide instructions on writing the SAS program and an overview of the SAS output. A
subsequent section will provide a more detailed treatment of the steps followed in the analysis as well as the
decisions to be made at each step.

Writing the SAS Program

The DATA Step

To perform a principal component analysis, data may be entered as raw data, a correlation matrix, a covariance
matrix, or some other format. (See Appendix A.2 for further description of these data input options.) In this
chapter’s first example, raw data will be analyzed.

Assume that you administered the POI to 50 participants, and entered their responses according to the following
guide:

Line Column Variable Name Explanation

1 1-6 V1-V6 Participants’ responses to survey
questions 1 through 6. Responses
were provided along a 7-point scale.

Here are the statements to enter these responses as raw data. The first three observations and the last three
observations are reproduced here; for the entire dataset, see Appendix B.

data D1;
input V1-Vé6 ;

datalines;
556754
567343
777222

767151
455323
455544

’

run;



Chapter 1: Principal Component Analysis 11

The dataset in Appendix B includes only 50 cases so that it will be relatively easy to enter the data and replicate
the analyses presented here. It should be restated, however, that 50 observations is an unacceptably small
sample for principal component analysis. Earlier it was noted that a sample should provide usable data from the
larger of either 100 cases or 5 times the number of observed variables. A small sample is being analyzed here
for illustrative purposes only.

The PROC FACTOR Statement

The general form for the SAS program to perform a principal component analysis is presented here:

proc factor data=dataset-name
simple
method=prin
priors=one
mineigen=p
rotate=varimax
round
flag=desired-size-of-"significant"-factor-loadings ;
var variables-to-be-analyzed ;
run;

Options Used with PROC FACTOR

The PROC FACTOR statement begins the FACTOR procedure and a number of options may be requested in
this statement before it ends with a semicolon. Some options that are especially useful in social science research
are:

FLAG
causes the output to flag (with an asterisk) factor loadings with absolute values greater than some specified
size. For example, if you specify

flag=.35
an asterisk will appear next to any loading whose absolute value exceeds .35. This option can make it much

easier to interpret a factor pattern. Negative values are not allowed in the FLAG option, and the FLAG
option can be used in conjunction with the ROUND option.

METHOD=factor-extraction-method
specifies the method to be used in extracting the factors or components. The current program specifies

method=prin

to request that the principal axis (principal factors) method be used for the initial extraction. This is the
appropriate method for a principal component analysis.

MINEIGEN=p
specifies the critical eigenvalue a component must display if that component is to be retained (here, p = the
critical eigenvalue). For example, the current program specifies

mineigen=1

This statement will cause PROC FACTOR to retain and rotate any component whose eigenvalue is 1.00 or
larger. Negative values are not allowed.

NFACT=n
allows you to specify the number of components to be retained and rotated where n = the number of
components.
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OUT=name-of-new-dataset
creates a new dataset that includes all of the variables in the existing dataset, along with factor scores for
the components retained in the present analysis. Component 1 is given the variable name FACTORI,
component 2 is given the name FACTOR?2, and so forth. It must be used in conjunction with the NFACT
option, and the analysis must be based on raw data.

PRIORS=prior-communality-estimates
specifies prior communality estimates. Users should always specify PRIORS=one to perform a principal
component analysis.

ROTATE=rotation-method
specifies the rotation method to be used. The preceding program requests a varimax rotation that provides
orthogonal (uncorrelated) components. Oblique rotations may also be requested (correlated components).

ROUND
factor loadings and correlation coefficients in the matrices printed by PROC FACTOR are normally carried
out to several decimal places. Requesting the ROUND option, however, causes all coefficients to be limited
to two decimal places, rounded to the nearest integer, and multiplied by 100 (thus eliminating the decimal
point). This generally makes it easier to read the coefficients.

PLOTS=SCREE
creates a plot that graphically displays the size of the eigenvalues associated with each component. This can
be used to perform a scree test to visually determine how many components should be retained.

SIMPLE
requests simple descriptive statistics: the number of usable cases on which the analysis was performed and
the means and standard deviations of the observed variables.

The VAR Statement

The variables to be analyzed are listed on the VAR statement with each variable separated by at least one space.
Remember that the VAR statement is a separate statement and not an option within the FACTOR statement, so
don’t forget to end the FACTOR statement with a semicolon before beginning the VAR statement.

Example of an Actual Program

The following is an actual program, including the DATA step, that could be used to analyze some fictitious
data. Only a few sample lines of data appear here; the entire dataset can be found in Appendix B.

data D1;
input #1 @1 (V1-V6) (1.);

datalines;
556754
567343
777222

767151
455323
455544

run;

proc factor data=D1l
simple
method=prin
priors=one
mineigen=1
plots=scree
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rotate=varimax
round
flag=.40 ;
var V1 V2 V3 V4 V5 V6;
run;

Results from the Output

The preceding program would produce three pages of output. Here is a list of some of the most important
information provided by the output and the page on which it appears:

e page 1 includes simple statistics (mean values and standard deviations)
e page 2 includes scree plot of eigenvalues and cumulative variance explained

® page 3 includes the final communality estimates
The output created by the preceding program is presented here as Output 1.1.

Output 1.1: Results of the Initial Principal Component Analysis of the Prosocial Orientation Inventory
(POI) Data (Page 1)

The FACTOR Procedure

Input Data Type Raw Data
Number of Records Read 50
Number of Records Used 50
N for Significance Tests 50

Means and Standard Deviations
from 50 Observations
Variable Mean Std Dev
V1 5.1800000 | 1.3951812
V2 5.4000000 || 1.1065667
V3 5.5200000 || 1.2162170
V4 3.6400000 || 1.7929567
V5 4.2200000 f 1.6695349
V6 3.1000000 | 1.5551101
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Output 1.1 (Page 2)

Eigenvalue

The FACTOR Procedure

Initial Factor Method: Principal Components

Prior Communality Estimates: ONE

Eigenvalues of the Correlation Matrix: Total
=6 Average =1
Eigenvalue Difference || Proportion | Cumulative
1 || 2.26643553 | 0.29182092 0.3777 0.3777
2 || 1.97461461 | 1.17731470 0.3291 0.7068
3 || 0.79729990 | 0.35811605 0.1329 0.8397
4 || 0.43918386 || 0.14791916 0.0732 0.9129
5 || 0.29126470 || 0.06006329 0.0485 0.9615
6 || 0.23120141 0.0385 1.0000

2 factors will be retained by the MINEIGEN criterion.
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Factor Pattern
Factor1 Factor2
V1 58 || * 70 | *
V2 48 | * 53 || *
V3 60 || * 62 || *
\'Z} 64 || * 64 | *
V5 68 | * 45 || *
V6 68 | * 46 | *
Printed values are multiplied by 100 and rounded to the nearest integer. Values greater than 0.4 are flagged by an ™.

Variance Explained by Each
Factor

Factor1

Factor2

2.2664355

1.9746146

Final Communality Estimates: Total = 4.241050

\'Al

V2

V3

\'Z

V5 V6

0.82341782

0.50852894

0.74399020

0.82257428

0.66596347 || 0.67657543

Output 1.1 (Page 3)

The FACTOR Procedure
Rotation Method: Varimax

Orthogonal Transformation Matrix

1 2
1 0.76914 0.63908
2 -0.63908 0.76914

Rotated Factor Pattern

Factor1 Factor2
V1 0 91 || *
V2 3 7y
V3 7 86 || *
V4 9 | * -9
V5 81 || * 9
V6 82 || * 8
Printed values are multiplied by 100 and rounded to the nearest integer. Values greater than 0.4 are flagged by an "*'.
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Variance Explained by Each
Factor

Factor1 Factor2

2.1472475 2.0938026

Final Communality Estimates: Total = 4.241050

\'Al V2 V3 v4 V5 Vé

0.82341782 | 0.50852894 | 0.74399020 || 0.82257428 | 0.66596347 || 0.67657543

Page 1 from Output 1.1 provides simple statistics for the observed variables included in the analysis. Once the
SAS log has been checked to verify that no errors were made in the analysis, these simple statistics should be
reviewed to determine how many usable observations were included in the analysis, and to verify that the means
and standard deviations are in the expected range. On page 1, it says “Means and Standard Deviations from 50
Observations,” meaning that data from 50 participants were included in the analysis.

Steps in Conducting Principal Component Analysis

Principal component analysis is normally conducted in a sequence of steps, with somewhat subjective decisions
being made at various points. Because this chapter is intended as an introduction to the topic, this text will not
provide a comprehensive discussion of all of the options available at each step; instead, specific
recommendations will be made, consistent with common practice in applied research. For a detailed treatment
of principal component analysis and factor analysis, see Stevens (2002).

Step 1: Initial Extraction of the Components

In principal component analysis, the number of components extracted is equal to the number of variables being
analyzed. Because six variables are analyzed in the present study, six components are extracted. The first can be
expected to account for a fairly large amount of the total variance. Each subsequent component will account for
progressively smaller amounts of variance. Although a large number of components may be extracted in this
way, only the first few components will be sufficiently important to be retained for interpretation.

Page 2 from Output 1.1 provides the eigenvalue table from the analysis. (This table appears just below the
heading “Eigenvalues of the Correlation Matrix: Total = 6 Average = 1”.) An eigenvalue represents the amount
of variance captured by a given component. In the column heading “Eigenvalue,” the eigenvalue for each
component is presented. Each row in the matrix presents information for each of the six components. Row 1
provides information about the first component extracted, row 2 provides information about the second
component extracted, and so forth.

Where the column heading “Eigenvalue” intersects with rows 1 and 2, it can be seen that the eigenvalue for
component 1 is approximately 2.27, while the eigenvalue for component 2 is 1.97. This pattern is consistent
with our earlier statement that the first components tend to account for relatively large amounts of variance,
whereas the later components account for comparatively smaller amounts.

Step 2: Determining the Number of “Meaningful” Components to Retain

Earlier it was stated that the number of components extracted is equal to the number of variables analyzed. This
requires that you decide just how many of these components are truly meaningful and worthy of being retained
for rotation and interpretation. In general, you expect that only the first few components will account for
meaningful amounts of variance and that the later components will tend to account for only trivial variance. The
next step, therefore, is to determine how many meaningful components should be retained to interpret. This
section will describe four criteria that may be used in making this decision: the eigenvalue-one criterion, the
scree test, the proportion of variance accounted for, and the interpretability criterion.
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The Eigenvalue-One Criterion

In principal component analysis, one of the most commonly used criterion for solving the number-of-
components problem is the eigenvalue-one criterion, also known as the Kaiser-Guttman criterion (Kaiser 1960).
With this method, you retain and interpret all components with eigenvalues greater than 1.00.

The rationale for this criterion is straightforward: each observed variable contributes one unit of variance to the
total variance in the dataset. Any component with an eigenvalue greater than 1.00 accounts for a greater amount
of variance than had been contributed by one variable. Such a component therefore accounts for a meaningful
amount of variance and (in theory) is worthy of retention.

On the other hand, a component with an eigenvalue less than 1.00 accounts for less variance than contributed by
one variable. The purpose of principal component analysis is to reduce a number of observed variables into a
relatively smaller number of components. This cannot be effectively achieved if you retain components that
account for less variance than had been contributed by individual variables. For this reason, components with
eigenvalues less than 1.00 are viewed as trivial and are not retained.

The eigenvalue-one criterion has a number of positive features that contribute to its utility. Perhaps the most
important reason for its use is its simplicity. It does not require subjective decisions; you merely retain
components with eigenvalues greater than 1.00.

Yet this criterion often results in retaining too many components, particularly when a small to moderate number
of variables are analyzed and the variable communalities are high. Stevens (2002) reviews studies that have
investigated the accuracy of the eigenvalue-one criterion and recommends its use when fewer than 30 variables
are being analyzed and communalities are greater than .70, or when the analysis is based on more than 250
observations and the mean communality is greater than .59.

There are, however, various problems associated with the eigenvalue-one criterion. As suggested in the
preceding paragraph, it can lead to retaining too many components under circumstances that are often
encountered in research (e.g., when many variables are analyzed, when communalities are small). Also, the
reflexive application of this criterion can lead to retaining a certain number of components when the actual
difference in the eigenvalues of successive components is trivial. For example, if component 2 has an
eigenvalue of 1.01 and component 3 has an eigenvalue of 0.99, then component 2 will be retained but
component 3 will not. This may mistakenly lead you to believe that the third component was meaningless when,
in fact, it accounted for almost the same amount of variance as the second component. In short, the
eigenvalue-one criterion can be helpful when used judiciously, yet the reflexive application of this approach can
lead to serious errors of interpretation. Almost always, the eigenvalue-one criterion should be considered in
conjunction with other criteria (e.g., scree test, the proportion of variance accounted for, and the interpretability
criterion) when deciding how many components to retain and interpret.

With SAS, the eigenvalue-one criterion can be applied by including the MINEIGEN=1 option in the PROC
FACTOR statement and not including the NFACT option. The use of the MINEIGEN=1 will cause PROC
FACTOR to retain any component with an eigenvalue greater than 1.00.

The eigenvalue table from the current analysis appears on page 2 of Output 1.1. The eigenvalues for
components 1, 2, and 3 are 2.27, 1.97, and 0.80, respectively. Only components 1 and 2 have eigenvalues
greater than 1.00, so the eigenvalue-one criterion would lead you to retain and interpret only these two
components.

Fortunately, the application of the criterion is fairly unambiguous in this case. The last component retained (2)
has an eigenvalue of 1.97, which is substantially greater than 1.00, and the next component (3) has an
eigenvalue of 0.80, which is clearly lower than 1.00. In this instance, you are not faced with the difficult
decision of whether to retain a component with an eigenvalue approaching 1.00 (e.g., an eigenvalue of .99). In
situations such as we describe here, the eigenvalue-one criterion may be used with greater confidence.



18 A Step-by-Step Approach to Using SAS for Factor Analysis and Structural Equation Modeling, Second Edition

The Scree Test

With the scree test (Cattell 1966), you plot the eigenvalues associated with each component and look for a
definitive “break” between the components with relatively large eigenvalues and those with relatively small
eigenvalues. The components that appear before the break are assumed to be meaningful and are retained for
rotation, whereas those appearing after the break are assumed to be unimportant and are not retained.
Sometimes a scree plot will display several large breaks. When this is the case, you should look for the last big
break before the eigenvalues begin to level off. Only the components that appear before this last large break
should be retained.

Specifying the PLOTS=SCREE option in the PROC FACTOR statement tells SAS to print an eigenvalue plot
as part of the output. This appears as page 2 of Output 1.1.

You can see that the component numbers are listed on the horizontal axis, while eigenvalues are listed on the
vertical axis. With this plot, notice there is a relatively small break between components 1 and 2, and a
relatively large break following component 2. The breaks between components 3, 4, 5, and 6 are all relatively
small. It is often helpful to draw long lines with extended tails connecting successive pairs of eigenvalues so
that these breaks are more apparent (e.g., measure degrees separating lines with a protractor).

Because the large break in this plot appears between components 2 and 3, the scree test would lead you to retain
only components 1 and 2. The components appearing after the break (3 to 6) would be regarded as trivial.

The scree test can be expected to provide reasonably accurate results, provided that the sample is large (over
200) and most of the variable communalities are large (Stevens 2002). This criterion too has its weaknesses,
however, most notably the ambiguity of scree plots under common research conditions. Very often, it is
difficult to determine precisely where in the scree plot a break exists, or even if a break exists at all. In contrast
to the eigenvalue-one criterion, the scree test is often more subjective.

The break in the scree plot on page 3 of Output 1.1 is unusually obvious. In contrast, consider the plot that
appears in Figure 1.2.

Figure 1.2: A Scree Plot with No Obvious Break

Eigenvalues

rrrr-rr1t17 17 1T 1T "1T 1T 1T 1T 1T"1
128345678 91011121314151617
Component Number

Figure 1.2 presents a fictitious scree plot from a principal component analysis of 17 variables. Notice that there
is no obvious break in the plot that separates the meaningful components from the trivial components. Most
researchers would agree that components 1 and 2 are probably meaningful whereas components 13 to 17 are
probably trivial; but it is difficult to decide exactly where you should draw the line. This example underscores
the qualitative nature of judgments based solely on the scree test.
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Scree plots such as the one presented in Figure 1.2 are common in social science research. When encountered,
the use of the scree test must be supplemented with additional criteria such as the “variance accounted for”
criterion and the interpretability criterion, to be described later.

Why do they call it a “scree” test? The word “scree” refers to the loose rubble that lies at the base of a
cliff or glacier. When performing a scree test, you normally hope that the scree plot will take the form of a
cliff. At the top will be the eigenvalues for the few meaningful components, followed by a definitive break
(the edge of the cliff). At the bottom of the cliff will lay the scree (i.e., eigenvalues for the trivial
components).

Proportion of Variance Accounted For

A third criterion to address the number of factors problem involves retaining a component if it accounts for
more than a specified proportion (or percentage) of variance in the dataset. For example, you may decide to
retain any component that accounts for at least 5% or 10% of the total variance. This proportion can be
calculated with a simple formula:

Eigenvalue for the component of interest

Proportion = - - -
Total eigenvalues of the correlation matrix

In principal component analysis, the “total eigenvalues of the correlation matrix” is equal to the total number of
variables being analyzed (because each variable contributes one unit of variance to the analysis).

Fortunately, it is not necessary to actually compute these percentages by hand since they are provided in the
results of PROC FACTOR. The proportion of variance captured by each component is printed in the eigenvalue
table (page 2) and appears below the “Proportion” heading.

The eigenvalue table for the current analysis appears on page 2 of Output 1.1. From the “Proportion” column,
you can see that the first component alone accounts for 38% of the total variance, the second component alone
accounts for 33%, the third component accounts for 13%, and the fourth component accounts for 7%. Assume
that you have decided to retain any component that accounts for at least 10% of the total variance in the dataset.
With the present results, this criterion leads you to retain components 1, 2, and 3. (Notice that use of this
criterion would result in retaining more components than would be retained using the two preceding criteria.)

An alternative criterion is to retain enough components so that the cumulative percent of variance is equal to
some minimal value. For example, recall that components 1, 2, 3, and 4 accounted for approximately 38%,
33%, 13%, and 7% of the total variance, respectively. Adding these percentages together results in a sum of
91%. This means that the cumulative percent of variance accounted for by components 1, 2, 3, and 4 is 91%.
When researchers use the “cumulative percent of variance accounted for” criterion for solving the number-of-
components problem, they usually retain enough components so that the cumulative percent of variance is at
least 70% (and sometimes 80%).

With respect to the results of PROC FACTOR, the cumulative percent of variance accounted for is presented in
the eigenvalue table (from page 2), below the “Cumulative” heading. For the present analysis, this information
appears in the eigenvalue table on page 2 of Output 1.1. Notice the values that appear below the heading
“Cumulative.” Each value indicates the percent of variance accounted for by the present component as well as
all preceding components. For example, the value for component 2 is approximately .71 (intersection of the
column labeled “Cumulative” and the second row). This value of .71 indicates that approximately 71% of the
total variance is accounted for by components 1 and 2. The corresponding entry for component 3 is
approximately .84, indicating that 84% of the variance is accounted for by components 1, 2, and 3. If you were
to use 70% as the “critical value” for determining the number of components to retain, you would retain only
components 1 and 2 in the present analysis.

The primary advantage of the proportion of variance criterion is that it leads you to retain a group of
components that combined account for a relatively large proportion of variance in the dataset. Nonetheless, the
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critical values discussed earlier (10% for individual components and 70% to 80% for the combined
components) are quite arbitrary. Because of this and related problems, this approach has been criticized for its
subjectivity.

The Interpretability Criterion

Perhaps the most important criterion for solving the number-of-components problem is the interpretability
criterion: interpreting the substantive meaning of the retained components and verifying that this interpretation
makes sense in terms of what is known about the constructs under investigation. The following list provides
four rules to follow when applying this criterion. A later section (titled “Step 4: Interpreting the Rotated
Solution) shows how to actually interpret the results of a principal component analysis. The following rules
will be more meaningful after you have completed that section.

1. Are there at least three variables (items) with significant loadings on each retained component?
A solution is less satisfactory if a given component is measured by fewer than three variables.

2. Do the variables that load on a given component share the same conceptual meaning? For
example, if three questions on a survey all load on component 1, do all three of these questions appear
to be measuring the same construct?

3. Do the variables that load on different components seem to be measuring different constructs?
For example, if three questions load on component 1 and three other questions load on component 2,
do the first three questions seem to be measuring a construct that is conceptually distinct from the
construct measured by the other three questions?

4. Does the rotated factor pattern demonstrate “simple structure”? Simple structure means that the
pattern possesses two characteristics: (a) most of the variables have relatively high factor loadings on
only one component and near zero loadings on the other components; and (b) most components have
relatively high loadings for some variables and near-zero loadings for the remaining variables. This
concept of simple structure will be explained in more detail in “Step 4: Interpreting the Rotated
Solution.”

Recommendations

Given the preceding options, what procedures should you actually follow in solving the number-of-components
problem? We recommend combining all four in a structured sequence. First, use the MINEIGEN=1 option to
implement the eigenvalue-one criterion. Review this solution for interpretability but use caution if the break
between the components with eigenvalues above 1.00 and those below 1.00 is not clear-cut (e.g., if component
1 has an eigenvalue of 1.01 and component 2 has an eigenvalue of 0.99).

Next, perform a scree test and look for obvious breaks in the eigenvalues. Because there will often be more than
one break in the scree plot, it may be necessary to examine two or more possible solutions.

Next, review the amount of common variance accounted for by each individual component. You probably
should not rigidly use some specific but arbitrary cutoff point such as 5% or 10%. Still, if you are retaining
components that account for as little as 2% or 4% of the variance, it may be wise to take a second look at the
solution and verify that these latter components are truly of substantive importance. In the same way, it is best if
the combined components account for at least 70% of the cumulative variance. If less than 70% is captured, it
may be prudent to consider alternate solutions that include a larger number of components.

Finally, apply the interpretability criteria to each solution. If more than one solution can be justified on the basis
of the preceding criteria, which of these solutions is the most interpretable? By seeking a solution that is both
interpretable and satisfies one or more of the other three criteria, you maximize chances of retaining the optimal
number of components.
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Step 3: Rotation to a Final Solution

Factor Patterns and Factor Loadings

After extracting the initial components, PROC FACTOR will create an unrotated factor pattern matrix. The
rows of this matrix represent the variables being analyzed, and the columns represent the retained components.
(Note that even though we are performing principal component analysis, components are labeled as FACTORI,
FACTOR2, and so forth in the output.)

The entries in the matrix are factor loadings. A factor loading (or, more correctly, a component loading) is a
general term for a coefficient that appears in a factor pattern matrix or a factor structure matrix. In an analysis
that results in oblique (correlated) components, the definition of a factor loading is different depending on
whether it is in a factor pattern matrix or in a factor structure matrix. The situation is simpler, however, in an
analysis that results in orthogonal components (as in the present chapter). In an orthogonal analysis, factor
loadings are equivalent to bivariate correlations between the observed variables and the components.

For example, the factor pattern matrix from the current analysis appears on page 2 of Output 1.1. Where the
rows for observed variables intersect with the column for FACTORI, you can see that the correlation between
V1 and the first component is .58, the correlation between V2 and the first component is .48, and so forth.

Rotations

Ideally, you would like to review the correlations between the variables and the components, and use this
information to interpret the components. In other words, you want to determine what construct seems to be
measured by component 1, what construct seems to be measured by component 2, and so forth. Unfortunately,
when more than one component has been retained in an analysis, the interpretation of an unrotated factor pattern
is generally quite difficult. To facilitate interpretation, you will normally perform an operation called a
“rotation.” A rotation is a linear transformation that is performed on the factor solution for the purpose of
making the solution easier to interpret.

PROC FACTOR allows you to request several different types of rotations. The preceding program that analyzed
data from the POI study included the statement

rotate=varimax

A varimax rotation is an orthogonal rotation, meaning that it results in uncorrelated components. Compared to
some other types of rotations, a varimax rotation tends to maximize the variance of a column of the factor
pattern matrix (as opposed to a row of the matrix). This rotation is probably the most commonly used
orthogonal rotation in the social sciences (e.g., Chou and O’Rourke 2012). The results of the varimax rotation
for the current analysis appear on page 5 of Output 1.1.

Step 4: Interpreting the Rotated Solution

Interpreting a rotated solution means determining just what is measured by each of the retained components.
Briefly, this involves identifying the variables with high loadings on a given component and determining what
these variables share in common. Usually, a brief name is assigned to each retained component to describe what
it appears to measure.

The first decision to be made at this stage is how large a factor loading must be to be considered “large.”
Stevens (2002) discusses some of the issues relevant to this decision and even provides guidelines for testing
the statistical significance of factor loadings. Given that this is an introductory treatment of principal component
analysis, simply consider a loading to be “large” if its absolute value exceeds .40.

The rotated factor pattern for the POI study appears on page 3 of Output 1.1. The following provides a
structured approach for interpreting this factor pattern.
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Read across the row for the first variable. All “meaningful loadings” (i.e., loadings greater than .40)
have been flagged with an asterisk (“*”’). This was accomplished by including the FLAG=.40 option in
the preceding program. If a given variable has a meaningful loading on more than one component,
cross out that variable and ignore it in your interpretation. In many situations, researchers drop
variables that load on more than one component because the variables are not pure measures of any
one construct. (These are sometimes referred to as complex items.) In the present case, this means
looking at the row heading “V1” and reading to the right to see if it loads on more than one
component. In this case it does not, so you may retain this variable.

Repeat this process for the remaining variables, crossing out any variable that loads on more
than one component. In this analysis, none of the variables have high loadings on more than one
component, so none will have to be deleted. In other words, there are no complex items.

Review all of the surviving variables with high loadings on component 1 to determine the nature
of this component. From the rotated factor pattern, you can see that only items 4, 5, and 6 load on
component 1 (note the asterisks). It is now necessary to turn to the questionnaire itself and review the
content in order to decide what a given component should be named. What do questions 4, 5, and 6
have in common? What common construct do they appear to be measuring? For illustration, the
questions being analyzed in the present case are reproduced here. Remember that question 4 was
represented as V4 in the SAS program, question 5 was V5, and so forth. Read questions 4, 5, and 6 to
see what they have in common.

1234567
1234567
1234567
1234567
1234567
1234567

SRS o

Went out of my way to do a favor for a coworker.
Went out of my way to do a favor for a relative.
Went out of my way to do a favor for a friend.

Gave money to a religious charity.

Gave money to a charity not affiliated with a religion.
Gave money to a panhandler.

Questions 4, 5, and 6 all seem to deal with giving money to persons in need. It is therefore reasonable to label
component 1 the “financial giving” component.

8.

Repeat this process to name the remaining retained components. In the present case, there is only

one remaining component to name: component 2. This component has high loadings for questions 1, 2,

and 3. In reviewing these items, it is apparent that each seems to deal with helping friends, relatives, or

other acquaintances. It is therefore appropriate to name this the “helping others” component.

Determine whether this final solution satisfies the interpretability criteria. An earlier section

indicated that the overall results of a principal component analysis are satisfactory only if they meet a

number of interpretability criteria. The adequacy of the rotated factor pattern presented on page 3 of

Output 1.1 is assessed in terms of the following criteria:

a. Are there at least three variables (items) with significant loadings on each retained
component? In the present example, three variables loaded on component 1 and three also loaded
on component 2, so this criterion was met.

b. Do the variables that load on a given component share similar conceptual meaning? All three
variables loading on component 1 measure giving to those in need, while all three loading on
component 2 measure prosocial acts performed for others. Therefore, this criterion is met.

c. Do the variables that load on different components seem to be measuring different
constructs? The items loading on component 1 measure respondents’ financial contributions,
while the items loading on component 2 measure helpfulness toward others. Because these seem
to be conceptually distinct constructs, this criterion appears to be met as well.

d. Does the rotated factor pattern demonstrate “simple structure”? Earlier, it was noted that a
rotated factor pattern demonstrates simple structure when it has two characteristics. First, most of
the variables should have high loadings on one component and near-zero loadings on other
components. It can be seen that the pattern obtained here meets that requirement: items 1 to 3 have
high loadings on component 2 and near-zero loadings on component 1. Similarly, items 4 to 6
have high loadings on component 1 and near-zero loadings on component 2. The second
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characteristic of simple structure is that each component should have high loadings for some
variables and near-zero loadings for the others. The pattern obtained here also meets this
requirement: component 1 has high loadings for items 4 to 6 and near-zero loadings for the other
items whereas component 2 has high loadings for items 1 to 3 and near-zero loadings on the
remaining items. In short, the rotated component pattern obtained in this analysis does appear to
demonstrate simple structure.

Step 5: Creating Factor Scores or Factor-Based Scores

Once the analysis is complete, it is often desirable to assign scores to participants to indicate where they stand
on the retained components. For example, the two components retained in the present study were interpreted as
“financial giving” and “helping others.” You may now want to assign one score to each participant to indicate
that participant’s standing on the “financial giving” component and a second score to indicate that participant’s
standing on the “helping others” component. Once assigned, these component scores could be used either as
predictor variables or as criterion variables in subsequent analyses.

Before discussing the options for assigning these scores, it is important to first draw a distinction between factor
scores and factor-based scores. In principal component analysis, a factor score (or component score) is a linear
composite of the optimally weighted observed variables. If requested, PROC FACTOR will compute each
participant’s factor scores for the two components by:

e determining the optimal weights
e multiplying participant responses to questionnaire items by these weights

¢ summing the products

The resulting sum will be a given participant’s score on the component of interest. Remember that a separate
equation with different weights is computed for each retained component.

A factor-based score, on the other hand, is merely a linear composite of the variables that demonstrate
meaningful loadings for the component in question. In the preceding analysis, for example, items 4, 5, and 6
demonstrated meaningful loadings for the “financial giving” component. Therefore, you could calculate the
factor-based score on this component for a given participant by simply adding together her responses to items 4,
5, and 6. Notice that, with a factor-based score, the observed variables are not multiplied by optimal weights
before they are summed.

Computing Factor Scores

Factor scores are requested by including the NFACT and OUT options in the PROC FACTOR statement. Here
is the general form for a SAS program that uses the NFACT and OUT option to compute factor scores:

proc factor data=dataset-name
simple
method=prin
priors=one
nfact=number-of-components-to-retain
rotate=varimax

round
flag=desired-size-of-"significant"-factor-loadings
out=name-of-new-SAS-dataset ;

var variables-to-be-analyzed ;
run;
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Here are the actual program statements (minus the DATA step) that could be used to perform a principal
component analysis and compute factor scores for the POI study:

proc factor data=D1
simple
method=prin
priors=one
nfact=2
rotate=varimax
round
flag=.40

(1) out=D2 ;

var V1 V2 V3 V4 V5 V6;
run;

Notice how this program differs from the original program presented earlier in the chapter (in the section titled
“SAS Program and Output”). The MINEIGEN=1 option has been removed and replaced with the NFACT=2
option. The OUT=D2 option has also been added.

Line @ of the preceding program asks that an output dataset be created and given the name D2. This name is
arbitrary; any name consistent with SAS requirements would be acceptable. The new dataset named D2 will
contain all variables contained in the previous dataset (D1), as well as new variables named FACTOR1 and
FACTOR2. FACTOR1 will contain factor scores for the first retained component, and FACTOR2 will contain
scores for the second. The number of new “FACTOR?” variables created will be equal to the number of
components retained by the NFACT statement.

The OUT option may be used to create component scores only if the analysis has been performed on raw data as
opposed to a correlation or covariance matrix. The use of the NFACT statement is also required.

Having created the new variables named FACTOR1 and FACTOR2, you may be interested to see how they
relate to the study’s original observed variables. This can be done by appending PROC CORR statements to the
SAS program, following the last of the PROC FACTOR statements. The full program minus the DATA step is
presented here:

proc factor data=D1
simple
method=prin
priors=one
nfact=2
rotate=varimax
round
flag=.40
O out=D2 ;
var V1 V2 V3 V4 V5 V6;
run;

® proc corr data=D2;
var FACTOR1 FACTOR2;
with V1 v2 v3 v4 V5 V6 FACTOR1 FACTORZ2;
run;

Notice that the PROC CORR statement on line @ specifies DATA=D2. This dataset (D2) is the name of the
output dataset created on line @ the PROC FACTOR statement. The PROC CORR statement requests that the
factor score variables (FACTOR1 and FACTOR?2) be correlated with participants’ responses to questionnaire
items 1 to 6 (V1 to Vo).

The preceding program produces five pages of output. Pages 1 and 2 (not shown) provide simple statistics, the
eigenvalue table, and the unrotated factor pattern. Page 3 provides the rotated factor pattern and final
communality estimates (same as before). Page 4 provides the standardized scoring coefficients used in creating
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factor scores. Finally, page 5 provides the correlations requested by the corr procedure. Pages 3, 4, and 5 of the
output created by the preceding program are presented here as Output 1.2.

Output 1.2: Output Pages 3, 4, and 5 from the Analysis of POl Data from Which Factor Scores Were
Created (Page 3)

The FACTOR Procedure
Rotation Method: Varimax

Orthogonal Transformation Matrix

1 2
1 0.76914 0.63908
2 -0.63908 0.76914
Rotated Factor Pattern
Factor1 Factor2
V1 0 o1l
V2 3 710
V3 7 86|
V4 90|* -9
V5 81|*
V6 82|*
Printed values are multiplied by 100 and rounded to the nearest integer. Values
greater than 0.4 are flagged by an "'.

Variance Explained
by Each Factor

Factor1 Factor2
2.1472475] 2.0938026

Final Communality Estimates: Total = 4.241050
V1 V2 V3 V4 V5 V6
0.82341782| 0.50852894 | 0.74399020 0.82257428( 0.66596347 | 0.67657543
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Output 1.2 (Page 4)

The FACTOR Procedure
Rotation Method: Varimax
Scoring Coefficients Estimated by Regression

Squared Multiple Correlations
of the Variables with Each

Factor

Factor1 Factor2

1.0000000 1.0000000
Standardized Scoring Coefficients
Factor1 Factor2
V1 -0.03109 0.43551
V2 -0.00726 0.34071
V3 0.00388 0.41044
V4 0.42515 -0.07087
V5 0.37618 0.01947
V6 0.38020 0.01361

Output 1.2 (Page 5)

The CORR Procedure

8 With Variables: |V1 V2 V3 V4 V5 V6 Factor1 Factor2

2 Variables: Factor1 Factor2

Simple Statistics
Variable| N| Mean| Std Dev Sum| Minimum| Maximum
VAl 50(5.18000( 1.39518 259.00000| 1.00000| 7.00000
V2 50( 5.40000( 1.10657 | 270.00000| 3.00000| 7.00000
V3 50(5.52000( 1.21622| 276.00000| 2.00000| 7.00000
V4 50( 3.64000( 1.79296( 182.00000| 1.00000| 7.00000
V5 50(4.22000( 1.66953( 211.00000| 1.00000| 7.00000
V6 50(3.10000( 1.55511| 155.00000| 1.00000| 7.00000
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Simple Statistics
Variable| N Mean | Std Dev Sum| Minimum| Maximum
Factor1 |50 0 1.00000 0 -1.87908| 2.35913
Factor2 |50 0 1.00000 0| -2.95892 1.58951
Pearson Correlation Coefficients, N = 50
Prob > |r| under HO: Rho=0

Factor1 Factor2

V1 -0.00429 0.90741

0.9764 <.0001

V2 0.03328 0.71234

0.8185 <.0001

V3 0.06720 0.85993

0.6429 <.0001

V4 0.90274 -0.08740

<.0001 0.5462

V5 0.81055 0.09474

<.0001 0.5128

V6 0.81834 0.08303

<.0001 0.5665

Factor1 1.00000 0.00000

1.0000

Factor2 0.00000 1.00000

1.0000

The simple statistics for PROC CORR appear on page 5 in Output 1.2. Notice that the simple statistics for the
observed variables (V1 to V6) are identical to those that appeared at the beginning of the factor output discussed
earlier (at the top of Output 1.1, page 1). In contrast, note the simple statistics for FACTORI and FACTOR2
(the factor score variables for components 1 and 2, respectively). Both have means of 0 and standard deviations
of 1; these variables were constructed to be standardized variables.

The correlations between FACTOR1 and FACTOR?2 and the original observed variables appear on page 5. You
can see that the correlations between FACTORI and V1 to V6 on page 4 of Output 1.2 are identical to the
factor loadings of V1 to V6 on FACTORI on page 3 of Output 1.1, under “Rotated Factor Pattern.” This makes
sense, as the elements of a factor pattern (in an orthogonal solution) are simply correlations between the
observed variables and the components themselves. Similarly, you can see that the correlations between
FACTOR2 and V1 to V6 from page 5 of Output 1.2 are also identical to the corresponding factor loadings from
page 5 of Output 1.1.

Of particular interest is the correlation between FACTORI1 and FACTOR?2, as computed by PROC CORR. This
appears on page 5 of Output 1.2, where the row for FACTOR?2 intersects with the column for FACTORI.
Notice that the observed correlation between these two components is zero. This is as expected; the rotation
method used in the principal component analysis was the varimax method which produces orthogonal, or
uncorrelated, components.
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Computing Factor-Based Scores

A second (and less sophisticated) approach to scoring involves the creation of new variables that contain factor-
based scores rather than true factor scores. A variable that contains factor-based scores is sometimes referred to
as a factor-based scale.

Although factor-based scores can be created in a number of ways, the following method has the advantage of
being relatively straightforward:

1. To calculate factor-based scores for component 1, first determine which questionnaire items had high
loadings on that component.

2. For a given participant, add together that participant’s responses to these items. The result is that
participant’s score on the factor-based scale for component 1.

3. Repeat these steps to calculate each participant’s score on the remaining retained components.

Although this may sound like a cumbersome task, it is actually quite simple with the use of data manipulation
statements contained in a SAS program. For example, assume that you have performed the principal component
analysis on your questionnaire responses and have obtained the findings reported in this chapter. Specifically,
you found that survey items 4, 5, and 6 loaded on component 1 (the “financial giving” component), whereas
items 1, 2, and 3 loaded on component 2 (the “helping others” component).

You would now like to create two new SAS variables. The first variable, called GIVING, will include each
participant’s factor-based score for financial giving. The second variable, called HELPING, will include each
participant’s factor-based score for helping others. Once these variables are created, they can be used as
criterion or predictor variables in subsequent analyses. To keep things simple, assume that you are simply
interested in determining whether there is a significant correlation between GIVING and HELPING.

At this time, it may be useful to review Appendix A.3, “Working with Variables and Observations in SAS
Datasets,” particularly the section on creating new variables from existing variables. This review should make it
easier to understand the data manipulation statements used here.

Assume that earlier statements in the SAS program have already entered responses to the six questionnaire
items. These variables are included in a dataset called D1. The following are the subsequent lines that will then
create a new dataset called D2. This dataset will include all of the variables in D1 as well as the newly created
factor-based scales called GIVING and HELPING.

® data D2;
(2] set D1;

©® GIVING
HELPING

= (V4 + V5 + Vo) ;
= (V1 + V2 + V3);
® proc corr data=D2;

(5] var GIVING HELPING;
® run;

Lines @ and @ request that a new dataset be created called D2, and that it be set up as a duplicate of existing
dataset D1. On line @, the new variable called GIVING is created. For each participant, the responses to items
4,5, and 6 are added together. The result is each participant’s score on the factor-based scale for the first
component. These scores are summed and labeled GIVING. The component-based scale for the “helping
others” component is created on line @, and these scores are stored as the variable called HELPING. Lines @ to
O request the correlations between GIVING and HELPING be computed. GIVING and HELPING can now be
used as predictor or criterion variables in subsequent analyses. To save space, the results of this program will
not be presented here. However, note that this output would probably display a nonzero correlation between
GIVING and HELPING. This may come as a surprise because earlier it was shown that the factor scores
contained in FACTORI and FACTOR?2 (counterparts to GIVING and HELPING) were uncorrelated.
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The reason for this apparent contradiction is simple: FACTOR1 and FACTOR?2 are true principal components,
and true principal components (created in an orthogonal solution) are always created with optimally weighted
equations so that they will be mutually uncorrelated.

In contrast, GIVING and HELPING are not true principal components that consist of true factor scores; they are
merely variables based on the results of a principal component analysis. Optimal weights (that would ensure
orthogonality) were not used in the creation of GIVING and HELPING. This is why factor-based scales
generally demonstrate nonzero correlations while true principal components (from an orthogonal solution) will
not.

Recoding Reversed Iltems Prior to Analysis

It is almost always best to recode any reversed or negatively keyed items before conducting any of the analyses
described here. In particular, it is essential that reversed items be recoded prior to the program statements that
produce factor-based scales. For example, the three questionnaire items that assess financial giving appear again
here:

1234567 4. Gave money to a religious charity.
1234567 5. Gave money to a charity not affiliated with a religion.
1234567 6. Gave money to a panhandler.

None of these items are reversed. With each item, a response of “7” indicates a high level of financial giving. In
the following, however, item 4 is a reversed item; a response of “7” indicating a low level of giving:

1234567 4. Chose not to give money to a religious charity.
1234567 5. Gave money to a charity not affiliated with a religion.
1234567 6. Gave money to a panhandler.

If you were to perform a principal component analysis on responses to these items, the factor loading for item 4
would most likely have a sign that is the opposite of the sign of the loadings for items 5 and 6 (e.g., if items 5
and 6 had positive loadings, then item 4 would have a negative loading). This would complicate the creation of
a component-based scale: with items 5 and 6, higher scores indicate greater giving whereas with item 4, lower
scores indicate greater giving. You would not want to sum these three items as they are presently coded. First, it
will be necessary to reverse item 4. Notice how this is done in the following program (assume that the data have
already been input in a SAS dataset named D1):

data D2;
set DI1;

(1) V4 = 8 - V4;

GIVING
HELPING

= (V4 + V5 + Vo) ;
= (V1 + V2 + V3);
proc corr DATA=D2;

var GIVING HELPING;
run;

Line @ of the preceding program created a new, recoded version of variable V4. Values on this new version of
V4 are equal to the quantity 8 minus the value of the old version of V4. For participants whose score on the old
version of V4 was 1, their value on the new version of V4 is 7 (because 8 — 1 = 7) whereas for those whose
score is 7, their value on the new version of V4 is 1 (because 8 — 7 = 1). Again, see Appendix A.3 for further
description of this procedure.
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The general form of the formula used to recode reversed items is
variable-name = constant - variable-name ;

In this formula, the “constant” is the following quantity:

the number of points on the response scale used with the questionnaire item plus 1

Therefore, if you are using the 4-point response format, the constant is 5. If using a 9-point scale, the constant is
10.

If you have prior knowledge about which items are going to appear as reversed (with reversed component
loadings) in your results, it is best to place these recoding statements early in your SAS program, before the
PROC FACTOR statements. This will make interpretation of the components more straightforward because it
will eliminate significant loadings with opposite signs from appearing on the same component. In any case, it is
essential that the statements used to recode reversed items appear before the statements that create any factor-
based scales.

Step 6: Summarizing the Results in a Table

For reports that summarize the results of your analysis, it is generally desirable to prepare a table that presents
the rotated factor pattern. When analyzed variables contain responses to questionnaire items, it can be helpful to
reproduce the questionnaire items within this table. This is presented in Table 1.2:

Table 1.2: Rotated Factor Pattern and Final Communality Estimates from Principal Component Analysis
of Prosocial Orientation Inventory

Component

1 2 h? Items

.00 91 .82 Went out of my way to do a favor for a coworker.
.03 71 S1 Went out of my way to do a favor for a relative.

.07 .86 .74 Went out of my way to do a favor for a friend.
.90 -.09 .82 Gave money to a religious charity.
81 .09 .67 Gave money to a charity not associated with a religion.

.82 .08 .68 Gave money to a panhandler.

Note: N = 50. Communality estimates appear in column headed h?.

The final communality estimates from the analysis are presented under the heading “h?” in the table. These
estimates appear in the SAS output following “Variance Explained by Each Factor” (page 3 of Output 1.2).

Very often, the items that constitute the questionnaire are lengthy, or the number of retained components is
large, so that it is not possible to present the factor pattern, the communalities, and the items themselves in the
same table. In such situations, it may be preferable to present the factor pattern and communalities in one table
and the items in a second. Shared item numbers (or single words or defining phrases) may then be used to
associate each item with its corresponding factor loadings and communality.
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Step 7: Preparing a Formal Description of the Results for a Paper
The preceding analysis could be summarized in the following way:

Principal component analysis was performed on responses to the 6-item questionnaire using ones as prior
communality estimates. The principal axis method was used to extract the components, and this was followed
by a varimax (orthogonal) rotation.

Only the first two components had eigenvalues greater than 1.00; results of a scree test also suggested that only
the first two were meaningful. Therefore, only the first two components were retained for rotation. Combined,
components 1 and 2 accounted for 71% of the total variance (38% plus 33%, respectively).

Questionnaire items and corresponding factor loadings are presented in Table 1.2. When interpreting the rotated
factor pattern, an item was said to load on a given component if the factor loading was .40 or greater for that
component and less than .40 for the other. Using these criteria, three items were found to load on the first
component, which was subsequently labeled “financial giving.” Three items also loaded on the second
component labeled “helping others.”

An Example with Three Retained Components

The Questionnaire

The next example involves fictitious research that examines Rusbult’s (1980) investment model (see Le and
Agnew 2003 for a review). This model identifies variables believed to affect a person’s commitment to a
romantic relationship. In this context, commitment refers to the person’s intention to maintain the relationship
and stay with a current romantic partner.

One version of the investment model predicts that commitment will be affected by three antecedent variables:
satisfaction, investment size, and alternative value. Satisfaction refers to a person’s affective (emotional)
response to the relationship. Among other things, people report high levels of satisfaction when their current
relationship comes close to their perceived ideal relationship. Investment size refers to the amount of time,
energy, and personal resources that an individual has put into the relationship. For example, people report high
investments when they have spent a lot of time with their current partner and have developed mutual friends
that may be lost if the relationship were to end. Finally, alternative value refers to the attractiveness of
alternatives to one’s current partner. A person would score high on alternative value if, for example, it would be
appealing to date someone else or perhaps just be alone for a while.

Assume that you wish to conduct research on the investment model and are in the process of preparing a 12-
item questionnaire to assess levels of satisfaction, investment size, and alternative value in a group of
participants involved in romantic relationships. Part of the instrument used to assess these constructs is
presented here:

Indicate the extent to which you agree or disagree with each of the following statements by specifying the
appropriate response in the space to the left of the statement. Please use the following response format to
make these ratings:

7 = Strongly Agree

6 = Agree

5 = Slightly Agree

4 = Neither Agree Nor Disagree
3 = Slightly Disagree

2 = Disagree

1 = Strongly Disagree
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I am satisfied with my current relationship.
My current relationship comes close to my ideal relationship.
I am more satisfied with my relationship than the average person.
I feel good about my current relationship.
I have invested a great deal of time in my current relationship.
I have invested a great deal of energy in my current relationship.
I have invested a lot of my personal resources (e.g., money) in developing my current
relationship.
My partner and I have established mutual friends that I might lose if we were to break up.
9. There are plenty of other attractive people for me to date if [ were to break up with my current
partner.
10. It would be appealing to break up with my current partner and date someone else.
11. It would be appealing to break up with my partner to be alone for a while.
12. It would be appealing to break up with my partner and “play the field.”

NS =

g2

In the preceding questionnaire, items 1 to 4 were written to assess satisfaction, items 5 to 8 were written to
assess investment size, and items 9 to 12 were written to assess alternative value. Assume that you administer
this questionnaire to 300 participants and now want to perform a principal component analysis on their
responses.

Writing the Program

Earlier, it was noted that it is possible to perform a principal component analysis on a correlation matrix (or
covariance matrix) as well as on raw data. This section shows how the former is done. The following program
includes the correlation matrix that provides all possible correlation coefficients between responses to the 12
questionnaire items and performs a principal component analysis on these fictitious data:

data DIl (type=corr) ;

input _type $
_name_ $
V1-V12 ;
datalines;
n . 300 300 300 300 300 300 300 300 300 300 300 300
std . 2.48 2.39 2.58 3.12 2.80 3.14 2.92 2.50 2.10 2.14 1.83 2.26
corr V1 1.00 .
corr V2 .69 1.00 .
corr V3 .60 .79 1.00 .
corr V4 .62 .47 .48 1.00 .
corr V5 .03 .04 .16 .09 1.00 .
corr V6 .05 -.04 .08 .05 .91 1.00 .
corr V7 .14 .05 .06 .12 .82 .89 1.00 .
corr V8 .23 .13 .16 .21 .70 .72 .82 1.00 .
corr V9 -.17 -.07 -.04 -.05 -.33 -.26 -.38 -.45 1.00 .
corr V10 -.10 -.08 .07 .15 -.16 -.20 -.27 -.34 .45 1.00
corr V11 -.24 -.19 -.26 -.28 -.43 -.37 -.53 -.57 .60 .22 1.00
corr V12 -.11 -.07 .07 .08 -.10 -.13 -.23 -.31 .44 .60 .26 1.00

run ;
proc factor data=D1
method=prin
priors=one
mineigen=1
plots=scree
rotate=varimax
round
flag=.40;
var V1-V12;
run;
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The PROC FACTOR statement in the preceding program follows the general form recommended for the
previous data analyses. Notice that the MINEIGEN=1 statement requests that all components with eigenvalues
greater than 1.00 be retained and the PLOTS=SCREE option requests a scree plot of eigenvalues. These options
are particularly helpful for the initial analysis of data as they can help determine the correct number of
components to retain. If the scree test (or the other criteria) suggests retaining some number of components
other than what would be retained using the MINEIGEN=1 option, that option may be dropped and replaced
with the NFACT option.

Results of the Initial Analysis
The preceding program produced three pages of output, with the following information appearing on each page:

e page 1 reports the data input procedure and sample size
e page 2 includes the eigenvalue table and scree plot of eigenvalues

® page 3 includes the rotated factor pattern and final communality estimates

The eigenvalue table from this analysis appears on page 1 of Output 1.3. The eigenvalues themselves appear in
the left-hand column under the heading “Eigenvalue.” From these values, you can see that components 1, 2, and
3 have eigenvalues of 4.47, 2.73, and 1.70, respectively. Furthermore, you can see that only these first three
components have eigenvalues greater than 1.00. This means that three components will be retained by the
MINEIGEN criterion. Notice that the first nonretained component (component 4) has an eigenvalue of
approximately 0.85 which, of course, is well below 1.00. This is encouraging, as you have more confidence in
the eigenvalue-one criterion when the solution does not contain “near-miss” eigenvalues (e.g., .98 or .99).

Output 1.3: Results of the Initial Principal Component Analysis of the Investment Model Data (page 1)

The FACTOR Procedure

Input Data Type Correlations

N Set/Assumed in Data Set 300

N for Significance Tests 300
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Output 1.3 (page 2)

Eigenvalue

The FACTOR Procedure

Initial Factor Method: Principal Components

Prior Communality Estimates: ONE

Eigenvalues of the Correlation Matrix: Total
=12 Average = 1

Eigenvalue Difference || Proportion | Cumulative

1 || 4.47058134 || 1.73995858 0.3725 0.3725
2 || 2.73062277 || 1.02888853 0.2276 0.6001
3 || 1.70173424 | 0.85548155 0.1418 0.7419
4 || 0.84625269 | 0.22563029 0.0705 0.8124
5 [| 0.62062240 | 0.20959929 0.0517 0.8642
6 | 0.41102311 || 0.06600575 0.0343 0.8984
7 || 0.34501736 || 0.04211948 0.0288 0.9272
8 [| 0.30289788 | 0.07008042 0.0252 0.9524
9 || 0.23281745 || 0.04595812 0.0194 0.9718
10 || 0.18685934 || 0.08061799 0.0156 0.9874
11 || 0.10624135 || 0.06091129 0.0089 0.9962
12 || 0.04533006 0.0038 1.0000

3 factors will be retained by the MINEIGEN criterion.

Scree Plot
4 —
3 -
2 -
1+
O -
T T T |
6 8 10 12
Factor

Variance Explained

1.0

0.8

0.6

Proportion

0.2

044

0.0

PR ©
Lo
]
.o

Factor

----- ©----- Cumulative
—=©—— Proportion




Chapter 1: Principal Component Analysis 35

Factor Pattern

Factor1 Factor2 Factor3
V1 39 76 || * -14
v2 31 82 || * -12
V3 34 79 9
V4 31 69 || * 15
V5 80 || * -26 CY
Vé 79 | * -32 4 0
v7 87 || * -27 26
\'L] 88 || * -14 9
V9 61 | * 14 47 1 *
V10 43 1 23 68 || *
V11 72 -6 12
V12 -40 19 72 1
Printed values are multiplied by 100 and rounded to the nearest integer. Values greater than 0.4 are flagged by an "*'.

Variance Explained by Each Factor

Factor1 Factor2 Factor3

4.4705813 | 2.7306228 | 1.7017342

Output 1.3 (page 3)

The FACTOR Procedure
Rotation Method: Varimax

Orthogonal Transformation Matrix

1 2 3

-

0.83136 | 0.34431 || -0.43623

2 [ -0.29481 || 0.93864 || 0.17902

3 || 047110 | -0.02022 || 0.88185

Rotated Factor Pattern
Factor1 Factor2 Factor3
V1 3 85 | * -16
V2 -4 88 | * -10
V3 9 86 | * 8
V4 13 750 12
V5 93 | * 2 -3
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Rotated Factor Pattern

Factor1 Factor2 Factor3
V6 95 || * -4 -4
v7 93 | * 4 -19
V8 81 | * 17 -33
V9 -32 -9 7
V10 -1 6 82 || *
V11 52 -30 4 |~
V12 -5 3 84 | *
Printed values are multiplied by 100 and rounded to the nearest integer. Values greater than 0.4 are flagged by an ™.

Variance Explained by Each Factor

Factor1 Factor2 Factor3

3.7048597 || 2.9364774 [ 2.2616012

The eigenvalue table in Output 1.3 also shows that the first three components combined account for slightly
more than 74% of the total variance. (This variance value can be observed at the intersection of the column
labeled “Cumulative” and row “3”.) The “percentage of variance accounted for” criterion suggests that it may
be appropriate to retain three components.

The scree plot from this solution appears on page 2 of Output 1.3. This scree plot shows that there are several
large breaks in the data following components 1, 2, and 3, and then the line begins to flatten beginning with
component 4. The last large break appears after component 3, suggesting that only components 1 to 3 account
for meaningful variance. This suggests that only these first three components should be retained and interpreted.
Notice how it is almost possible to draw a straight line through components 4 to 12. The components that lie
along a semi-straight line such as this are typically assumed to be measuring only trivial variance

(i.e., components 4 to 12 constitute the “scree” of your scree plot).

So far, the results from the eigenvalue-one criterion, the variance accounted for criterion, and the scree plot are
in agreement, suggesting that a three-component solution may be most appropriate. It is now time to review the
rotated factor pattern to see if such a solution is interpretable. This matrix is presented on page 3 of Output 1.3.

Following the guidelines provided earlier, you begin by looking for factorially complex items (i.e., items with
meaningful loadings on more than one component). A review shows that item 11 (variable V11) is a complex
item, loading on both components 1 and 3. Item 11 should therefore be discarded. Except for this item, the
solution is otherwise fairly straightforward.

To interpret component 1, you read down the column for FACTORI1 and see that items 5 to 8 load significantly
on this component. These items are:

(9]

I have invested a great deal of time in my current relationship.

I have invested a great deal of energy in my current relationship.

7. I have invested a lot of my personal resources (e.g., money) in developing my current
relationship.

8. My partner and I have established mutual friends that I might lose if we were to break up.

&

All of these items deal with the investments that participants have made in their relationships, so it makes sense
to label this the “investment size” component.



Chapter 1: Principal Component Analysis 37

The rotated factor pattern shows that items 1 to 4 have meaningful loadings on component 2. These items are:

1. I am satisfied with my current relationship.

2. My current relationship comes close to my ideal relationship.

3. T am more satisfied with my relationship than the average person.
4. I feel good about my current relationship.

Given the content of the preceding items, it seems reasonable to label component 2 the “satisfaction”
component.

Finally, items 9, 10, and 12 have meaningful loadings on component 3. (Again, remember that item 11 has been
discarded.) These items are:

9. There are plenty of other attractive people around for me to date if I were to break up with my
current partner.

10. It would be appealing to break up with my current partner and date someone else.

12. It would be appealing to break up with my partner and “play the field.”

These items all seem to deal with the attractiveness of alternatives to one’s current relationship, so it makes
sense to label this the “alternative value” component.

You may now step back and determine whether this solution satisfies the interpretability criteria presented
earlier.

Are there at least three variables with meaningful loadings on each retained component?

Do the variables that load on a given component share the same conceptual meaning?

Do the variables that load on different components seem to be measuring different constructs?
Does the rotated factor pattern demonstrate “simple structure”?

el S

In general, the answer to each of these questions is “yes,” indicating that the current solution is, in most
respects, satisfactory. There is, however, a problem with item 11, which loads on both components 1 and 3. This
problem prevents the current solution from demonstrating a perfectly “simple structure” (criterion 4 from
above). To eliminate this problem, it may be desirable to repeat the analysis, this time analyzing all of the items
except for item 11. This will be done in the second analysis of the investment model data described below.

Results of the Second Analysis

To repeat the current analysis with item 11 deleted, it is necessary only to modify the VAR statement of the
preceding program. This may be done by changing the VAR statement so that it appears as follows:

var V1-v10 V12;

All other aspects of the program will remain as they were previously. The eigenvalue table, scree plot, the
unrotated factor pattern, the rotated factor pattern, and final communality estimates obtained from this revised
program appear in Output 1.4:
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Output 1.4: Results of the Second Analysis of the Investment Model Data (Page 1)

The FACTOR Procedure

Input Data Type Correlations
N Set/Assumed in Data Set 300
N for Significance Tests 300

Output 1.4 (page 2)

The FACTOR Procedure
Initial Factor Method: Principal Components

Prior Communality Estimates: ONE

Eigenvalues of the Correlation Matrix: Total
=11 Average = 1

Eigenvalue Difference || Proportion | Cumulative

1 || 4.02408599 || 1.29704748 0.3658 0.3658
2 || 2.72703851 || 1.03724743 0.2479 0.6137
3 || 1.68979108 | 1.00603918 0.1536 0.7674
4 || 0.68375190 || 0.12740106 0.0622 0.8295
5 [| 0.55635084 | 0.16009525 0.0506 0.8801
6 [| 0.39625559 | 0.08887964 0.0360 0.9161
7 [| 0.30737595 | 0.04059618 0.0279 0.9441
8 [| 0.26677977 || 0.07984443 0.0243 0.9683
9 || 0.18693534 || 0.07388104 0.0170 0.9853
10 || 0.11305430 || 0.06447359 0.0103 0.9956
11 || 0.04858072 0.0044 1.0000




Eigenvalue

3 factors will be retained by the MINEIGEN criterion.
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Factor Pattern
Factor1 Factor2 Factor3
V1 38 77 -17
V2 30 83 || * -15
V3 32 80 | * 8
v4 29 70 ff * 15
V5 83 || * -23 38
V6 83 | * -30 38
v7 89 || * -24 24
V8 88 | * -12 7
V9 -56 | * 13 47 |
V10 -44 11 * 22 70 ff *
V12 -40 18 74 1
Printed values are multiplied by 100 and rounded to the nearest integer. Values greater than 0.4 are flagged by an ™.

Variance Explained by Each Factor

Factor1

Factor2

Factor3

4.0240860

2.7270385

1.6897911
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Output 1.4 (Page 3)

The FACTOR Procedure
Rotation Method: Varimax

Orthogonal Transformation Matrix

1 2 3

-

0.84713 | 0.32918 || -0.41716

2 || -0.27774 || 0.94354 || 0.18052

3 | 0.45303 || -0.03706 || 0.89073

Rotated Factor Pattern

Factor1 Factor2 Factor3
V1 3 86 || * -17
V2 -4 89 | = 1
V3 8 86 || * 8
v4 12 75 14
V5 94 || * 4 -4
Vé 9 || * -2 -6
v7 93 | * 5 -20
V8 81 | * 18 -33
V9 -30 -8 68 || *
V10 -12 4 85 || *
V12 -5 1 86 || *
Printed values are multiplied by 100 and rounded to the nearest integer. Values greater than 0.4 are flagged by an ™.

Variance Explained by Each Factor

Factor1 Factor2 Factor3

3.4449528 || 2.8661574 [| 2.1298054

The results obtained when item 11 is deleted from the analysis are very similar to those obtained when it was
included. The eigenvalue table of Output 1.4 shows that the eigenvalue-one criterion would again result in
retaining three components. The first three components account for close to 77% of the total variance, which
means that three components would also be retained if you used the variance-accounted-for criterion. Also, the
scree plot from page 2 of Output 1.4 is cleaner than observed with the initial analysis; the break between
components 3 and 4 is now more distinct and the eigenvalues again level off after this break. This means that
three components would also likely be retained if the scree test were used to solve the number-of-components
problem.
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The biggest change can be seen in the rotated factor pattern that appears on page 4 of Output 1.4. The solution
is now cleaner in the sense that no item loads on more than one component (i.e., no complex items). The current
results now demonstrate a somewhat simpler structure than the initial analysis of the investment model data.

Conclusion

Principal component analysis is an effective procedure for reducing a number of observed variables into a
smaller number that account for most of the variance in a dataset. This technique is particularly useful when you
need a data reduction procedure that makes no assumptions concerning an underlying causal structure
responsible for covariation in the data.

Appendix: Assumptions Underlying Principal Component Analysis

Because a principal component analysis is performed on a matrix of Pearson correlation coefficients, the data
should satisfy the assumptions for this statistic. These assumptions are described in Appendix A.5, “Preparing
Scattergrams and Computing Correlations,” and are briefly reviewed here:

o Interval- or ratio-level measurement. All variables should be assessed on an interval or ratio level of
measurement.

¢ Random sampling. Each participant will contribute one score on each observed variable. These sets of
scores should represent a random sample drawn from the population of interest.

e Linearity. The relationship between all observed variables should be linear.

® Bivariate normal distribution. Each pair of observed variables should display a bivariate normal
distribution (e.g., they should form an elliptical scattergram when plotted).
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Index

A

a priori models 151,176
absolute index
in confirmatory factor analysis 220, 232
in path analysis 144-146, 160, 166
in structural equation modeling 273, 288
adjusted correlation matrix 52
ALL option, CALIS procedure 127
ALPHA option, CORR procedure 101
analyses of covariance structures
See structural equation modeling

bivariate normal distribution
in exploratory factor analysis 95
in principal component analysis 41
Bonferroni correction 248

C

CALIS procedure
about 108, 205-206
ALL option 127
checking output from 138-149, 210-218
correlation matrix and 204
COV statement 126, 135-137, 205, 266
DATA= option 128
estimating sample size requirements 114-115
general form 127
in confirmatory factor analysis 205-209
in path analysis 111-113
in principal component analysis 10
in structural equation modeling 264-266
KU option 128
KURTOSIS option 126, 128

Lagrange multiplier test and 127, 150, 153-169

large differences in standard deviation and 127

LINEQS statement 126, 129-134, 158, 163,
206-208, 265

MAXITER= option 140

METHOD= option 128

MOD option 127, 128, 153-156, 206

MODIFICATION option 128, 129, 153-156, 206

overidentified models and 125
PSUM option 128
PSUMMARY option 128
recursive path models and 125-126
RES option 128

RESIDUAL option 128
RMSEA support 193

S option 128

SIMPLE option 128
SUMMARY option 128

TE option 128

testing latent variable models 186

TOTEFF option 128

underidentified models and 122

VAR statement 126, 137, 209

VARIANCE statement 126, 134-135, 208, 231,
265-266

capitalization on chance 111
causal models 253
CFA

See confirmatory factor analysis

CFI (Comparative Fit Index)

in confirmatory factor analysis 221
in path analysis 144-145, 149
in structural equation modeling 272-273

chi-square difference test

defined 246

in confirmatory factor analysis 246

in path analysis 153, 180-181

in structural equation modeling 280-281

chi square test

in exploratory factor analysis 86
in path analysis 142-144

coefficient alpha

assessing with CORR procedure 100-104
computing 97

formula for 100

interpreting high value 100

common factor analysis

basic concepts 45-50
defined 46
investment model study 4445

common factors 46, 51-52
common variance 52, 63
communality

defined 10, 49
unique component versus 49-50

Comparative Fit Index (CFI)

in confirmatory factor analysis 221
in path analysis 144-145, 149
in structural equation modeling 272-273

complex variables 200
component loading 21
component scores 23-27
composite reliability 240-243
confidence interval test 249
confirmatory factor analysis

about 186, 190

additional information 251-252
advantages of 190-191

covariance structure analysis 190-191
investment model study 196-251

latent variable analyses concepts 189—-190
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model of determinants of work performance
186188
necessary conditions for 192-193
sample size requirements for 193-196
structural equation modeling versus 253
two-step approach with latent variables 186
variables supported in 111
convergent validity 189-190, 244-245
CORR procedure
ALPHA option 101
assessing coefficient alpha with 100-104
exploratory factor analysis support 74
4-item scale example 102-103
NOMISS option 101, 126, 204
NOPROB option 126
POI example 26-27
principal component analysis support 24
3-item scale example 104
VAR statement 101
correlation coefficients, factor loading and 4748
correlation matrix 3, 126, 204
COV statement, CALIS procedure
estimating, fixing, and constraining covariances
136-137
in confirmatory factor analysis 208-209
in path analysis 135-136
in structural equation modeling 266
naming covariance estimates 136
path analysis code example 126
starting values for covariance estimates 137
covariance matrix 126, 204
covariance structure analysis
See confirmatory factor analysis
covariances
as COV statement parameters 136-137
as LINEQS statement parameters 132-133
identifying among exogenous variables 118-119
identifying for estimating 120
reviewing significance tests for 148-149
Cronbach's alpha 101
curved double-headed arrow 109

D

data-driven modifications 150
DATA= option, CALIS procedure 128
DATA step
performing confirmatory factor analysis 204-205
performing exploratory factor analysis 54-55
performing path analysis 125-126
performing principal component analysis 10-11
datasets, total variance in 6, 52
degrees of freedom 143, 180
dependent variables 109-110
direct and indirect effects model 176
directional paths in path analysis 109-110, 152-153
discriminant validity 189-190, 245-250

disturbance term 188, 259-261
See also residual terms

E

ECVI (Expected Cross-Validation Index) 146
effect sizes 114
eigenequation 5
eigenvalue-one criterion 17, 61
eigenvalues
defined 16
eigenvalue-one criterion 17, 61
proportion of variance criterion 19-20, 62—63
scree test 18-19, 61-62
endogenous variables
CALIS procedure and 111-112
defined 110
disturbance term and 188
identifying disturbance terms for 259-261
identifying residual terms for 118-119, 200-201
reviewing R2 values for 146-147, 280
error term
See residual terms
estimated factor scores 51, 72-75
exogenous variables
defined 110
estimating variances for 119-120
identifying covariances among 118-119
residual terms and 119
testing significance of correlation between 149
Expected Cross-Validation Index (ECVI) 146
exploratory factor analysis
about 43-44
assumptions underlying 95
investment model study 44-45, 53-54
job search skills questionnaire 80-95
orthogonal versus oblique models 47
principal component analysis versus 50-52
SAS program and output 54-58
similarity to principal component analysis 52-53
steps in conducting 58

F

factor analysis
principal component analysis versus 6—7, 50-52
similarity to principal component analysis 52-53
underlying causal structure in 67
variable communality and 10
factor-based scales
in exploratory factor analysis 75-77
in principal component analysis 28
factor-based scores 23, 28-29
factor loadings
in confirmatory factor analysis 222-225
in exploratory factor analysis 47-48, 64
in principal component analysis 21
in structural equation modeling 274



factor pattern matrix
in exploratory factor analysis 49, 64
in principal component analysis 21
FACTOR procedure
eigenequation support 5
factor analysis support 6, 10-13
FLAG=option 11, 22, 56-57, 68
METHOD= option 11,57
MINEIGEN= option 11, 17, 20, 24, 33, 57
NFACT= option 11, 17,23-24, 33, 57, 61, 73-74,
87
OUT= option 12,23-24,57,73
PLOTS= option 12, 18, 33, 57, 61
POI example 13-16, 25-26
PRIORS= option 12, 57
ROTATE= option 12, 21, 57-58, 66
ROUND option 12, 57
SIMPLE option 12, 57
VAR statement 12-13
factor scores
computing for principal component analysis
23-27
defined 23,72
estimating for exploratory factor analysis 73-75,
77
factor structure 70
factor structure matrix 21, 70
factorial complexity 48
factors
common 46
defined 4546
initial extraction of 58-61
number of items per 53-54
unique 47
FLAG= option, FACTOR procedure
in exploratory factor analysis 56-57, 68
in principal component analysis 11, 22
four-factor model in exploratory factor analysis 91-95

G

goodness-of-fit test
CALIS procedure and 112
characteristics of ideal fit 149-150
chi square test and 142-144
confirmatory factor analysis and 221
just-identified models and 123
path analysis and 141-149, 171
recursive path models and 123
sexual harassment example and 178
structural equation modeling and 272

H
hypothetical constructs 187

|
identified models 122

Index 415

incremental index
in confirmatory factor analysis 220, 233
in path analysis 144-145, 161, 167
in structural equation modeling 273, 288
independent variables 109-110, 131
indicator variables
See also manifest variables
choosing 189-190
conditions for confirmatory factor analysis 192
reliability of 238-239
indirect effects model 176
Intelligence Quotient (IQ) 110
internal consistency 99, 101
interpretability criterion
in exploratory factor analysis 63—64, 69
in principal component analysis 20, 22
interval-level measurement
in exploratory factor analysis 95
in path analysis 112
in principal component analysis 41
investment model study
about 31-32, 114-116, 196
assessing fit between model and data 141-150,
219 225
assessing reliability and validity of constructs and
indicators 238-250
characteristics of ideal fit 149-150, 250-251,
281-282
conducting analysis 58-80, 196—198
identifying parameters to be estimated 206208,
261-263
interpreting results of analysis 33-40, 137-150,
266-281
modifying the model 150-169, 225-238, 282-290
preparing formal description of analysis and results
for paper 80, 105, 169173, 296297
preparing program figure 117-125, 198-204,
259-263
preparing SAS program 32-33, 54-58, 204-209,
264-266
questionnaires in 31-32, 44-45, 53-54
research method 196-198
results from output 58, 138-141,210-218
rules for performing confirmatory factor analysis
198-199
rules for performing path analysis 116117
rules for performing structural equation modeling
258-259
theoretical model 196, 255-258
1Q (Intelligence Quotient) 110
item-total correlation 103

J
just-identified models 122-123

K

Kaiser-Guttman criterion 17, 61
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KU option, CALIS procedure 128
KURTOSIS option, CALIS procedure 126, 128

L

Lagrange multiplier (LM) test
defined 127, 226
in confirmatory factor analysis 226-229
in path analysis 127, 150, 153-169
in structural equation modeling 286
large sample theory 193
latent variables
basic analysis concepts involving 189-191,
253-255
defined 108, 187
determinants of work performance model
186-188
estimating measurement error 190
manifest variables versus 110, 189, 253-254
representing in diagrams 111
structural equation modeling and 186188
two-step approach to analyses with 186
least squares principle 5
Likert-type scales 98
linearity
in exploratory factor analysis 95
in principal component analysis 41
LINEQS statement, CALIS procedure
estimating, fixing, and constraining paths
132-133

identifying relationships between variables 126

identifying variables for equations 130-132
in confirmatory factor analysis 206-208

in path analysis 129-130

in structural equation modeling 265
naming manifest variables 130

naming path coefficients 130

naming residual terms 130

revising equation for endogenous variables 158,

163
specifying standard errors 138139
starting values for path coefficients 134
LISREL-type models 253
LISTWISE procedure 204
LM (Lagrange multiplier) test
defined 127, 226
in confirmatory factor analysis 226-229
in path analysis 127, 150, 153-169
in structural equation modeling 286

manifest variables
See also path analysis
as linear combinations of underlying factors
48-49
assigning short variable names to 117-118
communality in 10, 49-50
defined 108, 110, 187

determinants of work performance model
186188
factorial complexity of 48
identifying covariances to be estimated 120
latent variables versus 110, 189, 253-254
naming 129
representing in diagrams 111
underlying constructs and 98
maximum likelihood estimation
in confirmatory factor analysis 221-224, 226
in path analysis 128, 147, 158-167, 179-180
in structural equation modeling 275-280, 283
maximum likelihood method of factor extraction 53,
57, 83, 86
MAXITER= option, CALIS procedure 140
measured variables
See manifest variables
measurement error
defined 98
estimating 190
path analysis and 112
measurement models
See also confirmatory factor analysis
convergent validity of 189-190, 244-245
defined 190, 254
discriminant validity of 189-190, 245-250
estimating revised 230-238
in formal description 294-296
modifying 225-230
measurement variables 190
mediator variables 110
METHOD= option
CALIS procedure 128-129
FACTOR procedure 11,57
MINEIGEN= option, FACTOR procedure
in exploratory factor analysis 57

in principal component analysis 11, 17, 20, 24, 33

MOD option, CALIS procedure

in confirmatory factor analysis 206

in path analysis 127, 129, 153-156
model modification

about 150

investment model study 150-169, 225-238,

282-290

problems associated with 150-151

recommendations for 151-152
MODIFICATION option, CALIS procedure

in confirmatory factor analysis 206

in path analysis 127, 129, 153-156
MTMM (multi-trait, multi-method) procedure 245
multi-trait, multi-method (MTMM) procedure 245
multicollinearity

confirmatory factor analysis and 192

path analysis and 112
multivariate normality in exploratory factor analysis

95



N

N-1rule 115-116
necessary conditions
for confirmatory factor analysis 192-193, 237
for path analysis 112
sufficient conditions versus 193
nested models 181
NFACT= option, FACTOR procedure
in exploratory factor analysis 57, 61, 73-74, 87
in principal component analysis 11, 17, 23-24, 33
no effects model 176
NOMISS option, CORR procedure 101, 126, 204
nonrecursive path models 111
NOPROB option, CORR procedure 126
normal distribution
confirmatory factor analysis and 192
path analysis and 112
number-of-components/factors problem
in exploratory factor analysis 61-64, 83—-87
in principal component analysis 1620

(o)

oblique solutions

in exploratory factor analysis 47, 67-72

in principal component analysis 6
observed variables

See manifest variables
orthogonal solutions

in exploratory factor analysis 47, 66

in principal component analysis 6
OUT= option, FACTOR procedure

in exploratory factor analysis 57, 73

in principal component analysis 12, 23-24
overidentified models

confirmatory factor analysis and 192

defined 112, 122

verifying 121-125, 203-204

P

parsimony index
in confirmatory factor analysis 220, 233
in path analysis 143-145, 160, 166—169
in structural equation modeling 273, 288
path analysis
See also manifest variables
about 108-110
additional information 181-182
CALIS procedure in 108, 111-112
confirmatory factor analysis versus 190-191
curved double-headed arrow in 109
directional paths in 109-110, 152153
investment model study 115-173
necessary conditions for 112
process overview 112—-113
REG procedure and 111-112
sample size requirements for 113-115

Index 417

sexual harassment example 173-181
straight single-headed arrow in  109-110
terms used in  110-111
work performance study 190-191
path coefficients
as LINEQS statement parameters 132—133
defined 120
factor loading and 48
identifying for estimating 120-121
naming 130
reviewing in structural equation modeling 274
reviewing significance tests for 148—-149
starting values for 134
pattern loadings 68, 71
PLOTS= option, FACTOR procedure
in exploratory factor analysis 57, 61
in principal component analysis 12, 18, 33
preparing SAS program 125-137
principal component analysis
about 1
additional information 41
additional references 41
as variable reduction procedure 2
assumptions underlying 41
common factors versus 51-52
example with three retained components 31-40
exploratory factor analysis versus 50-52
factor analysis versus 6—7, 50-52
minimal sample size requirements 9
orthogonal versus oblique solutions 6
POI analysis example 7-16, 25-27
preparing multiple-item instruments 8-9
principal components in  4-6
SAS program and output 10-16, 3233
similarity to exploratory factor analysis 52-53
similarity to factor analysis 52-53
steps in conducting 16-31
total variance in 6
variable redundancy concept 2-3
principal components
characteristics of 5
computing 4-5
defined 4
number of components extracted 5
principle of least squares 5
PRINCOMP procedure 10
PRIORS= option, FACTOR procedure
in exploratory factor analysis 57
in principal component analysis 12
program figure (investment model study)
defined 117, 198
preparing 117-125, 198-204, 259-263
promax rotation 65, 68, 71, 88
proportion of variance criterion
in exploratory factor analysis 62—-63
in principal component analysis 19-20
PSUM option, CALIS procedure 129
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PSUMMARY option, CALIS procedure 129
Q

questionnaires
in exploratory factor analysis 44-45, 53-54,
80-95
in principal component analysis example 31-32
investment model study 4445, 53-54
job search skills example 80-95

R

random sampling
in exploratory factor analysis 95
in principal component analysis 41
ratio-level measurement 112
recoding reversed items prior to analysis
for exploratory factor analysis 78-79
for principal component analysis 29-30
recursive models
defined 111, 186
estimating covariances and 120
goodness-of-fit test and 123
reference structure matrix 69
REG procedure 111-114
regression coefficients, factor loading and 47
reliability
as property of responses to scales 99
composite 240-243
defined 98-99, 238
4-item scale example 101-103
internal consistency 99
item-total correlation 103
preparing formal description of results for paper
105
reliability coefficient in 98-99
summarizing results in tables 105
test-retest reliability 99
3-item scale example 104
true scores and measurement error 98
underlying constructs versus observed variables
98
reliability coefficient 98-99, 103
RES option, CALIS procedure 129
RESIDUAL option, CALIS procedure 129
residual terms
defined 118-119, 188
estimating covariances and 120
identifying for endogenous variables 118-119,
200-201
naming 130
response reliability
See reliability
reversed items, recoding prior to analysis
for exploratory factor analysis 78-79
for principal component analysis 29-30
RMSEA (Root Mean Square Error of Approximation)
in confirmatory factor analysis 193, 221

in path analysis 144-145, 149

in structural equation modeling 272-273
Root Mean Square Error of Approximation (RMSEA)

in confirmatory factor analysis 193, 221

in path analysis 144-145, 149

in structural equation modeling 272-273
ROTATE= option, FACTOR procedure

in exploratory factor analysis 57-58, 66

in principal component analysis 12, 21
rotated factor pattern

in exploratory factor analysis 63, 88

in principal component analysis 21-23, 30
rotated factor pattern matrix 67
rotated solutions

in exploratory factor analysis 66—72

in principal component analysis 21-23
rotations 21, 65
ROUND option, FACTOR procedure

in exploratory factor analysis 57

in principal component analysis 12

S

S option, CALIS procedure 129
sample size
calculating requirements 194-196
confirmatory factor analysis requirements
193-196
exploratory factor analysis example 54
model modification and 150-151
path analysis requirements 113-115
principal component analysis considerations 9
statistical power and 113-114
structural equation modeling requirements
193-196
saturated models 122, 259
scale indeterminacy problem 203
scale reliability
See reliability
scree test
in exploratory factor analysis 61-62, 83—86
in principal component analysis 18-19
self-contained models 112
SEM
See structural equation modeling
sexual harassment study
in path analysis 173-181
in structural equation modeling 301 —-303
significance tests
reviewing in confirmatory factor analysis 222-225
reviewing in path analysis 148-149
reviewing in structural equation modeling 274
SIMPLE option
CALIS procedure 129
FACTOR procedure 12, 57
specification searches 151
SRMR (Standardized Root Mean Square Residual)
in confirmatory factor analysis 221



in path analysis 144, 146, 149
in structural equation modeling 272-273
standard deviations, large differences in 127
standard measurement model 247
Standardized path coefficients 149
Standardized Root Mean Square Residual (SRMR)
in confirmatory factor analysis 221
in path analysis 144, 146, 149
in structural equation modeling 272-273
statistical power
assessing 219 221
calculating 194
defined 113, 193
sample size and 113-114
straight single-headed arrow 109-110
structural equation modeling
additional information 303-304
advantages of 190-191
basic concepts in  253-255
confirmatory factor analysis versus 253
curved double-headed arrow in 109
defined 186, 190, 254
investment model study 255-290
manifest and latent variablesin 111, 186-188
sample size requirements for 113, 193-196
straight single-headed arrow in  109-110
two-step approach 254
structural variables 190
structure loading 71
sufficient conditions 193
summarizing results in tables
for exploratory factor analysis 79-80
for principal component analysis 30
for scale reliability 105
SUMMARY option, CALIS procedure 129
summated rating scale 98, 101

T

ttest 148-149, 233

TE option, CALIS procedure 129

test-retest reliability 99

total variance in datasets 6, 52

TOTEFF option, CALIS procedure 129

true score 98

two-factor models for exploratory factor analysis
8791

Type I errors 114

Type Il errors 114

U

unadjusted correlation matrix 52

underidentified models 122

underlying constructs, observed variables and 98
unidimensional model 247

unique component 49-50

unique factor 47

Index 419

unmeasured variables
See latent variables
unobserved variables
See latent variables
unrotated factor pattern
in exploratory factor analysis 64—65
in principal component analysis 21

Vv

validity 238
VAR statement
CALIS procedure 126, 137, 209
CORR procedure 101
FACTOR procedure 12-13, 58
variable communality 10
variable reduction procedures 2, 52
variable redundancy concept 2-3
variance extracted estimates 244
variance extracted test 250
VARIANCE statement, CALIS procedure

estimating, fixing, and constraining variances 135

estimating error terms 231
in confirmatory factor analysis 208
in path analysis 134
in structural equation modeling 265-266
naming variance estimates 134-135
path analysis code example 126
starting values for variance estimates 135
variances
as LINEQS statement parameters 132-133
as VARIANCE statement parameters 134—135
defined 134
estimating 119-120
varimax rotation 21, 66
verifying overidentified models 121-125, 203-204

w

WAIS-IV (Weschler Adult Intelligence Scale) 110
Wald test
defined 127,225
in confirmatory factor analysis 225
in path analysis 127, 154, 180
in structural equation modeling 282-283
Weschler Adult Intelligence Scale (WAIS-IV) 110
work performance study 186-191
writing programs
exploratory factor analysis examples 54-58,
82-83
principal component analysis examples 10-16,
32-33
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