STRUCTURAL EQUATION MODELING 2015 Edition

Structural Equation
Modeling

G. David Garson
School of Public & International Affairs
North Carolina State University

Statistical Associates
Blue Book Series

..lb"
-
f‘ [N

www,statisticalassociates.com

Copyright @c 2015 by G. David Garson and Statistical Associates Publishing Page 1



STRUCTURAL EQUATION MODELING 2015 Edition

PREVIEW OF FIRST 33 PAGES

@c 2015 by G. David Garson and Statistical Associates Publishing. All rights reserved worldwide
in all media.

ISBN: 978-1-62638-032-5

The author and publisher of this eBook and accompanying materials make no representation or
warranties with respect to the accuracy, applicability, fitness, or completeness of the contents
of this eBook or accompanying materials. The author and publisher disclaim any warranties
(express or implied), merchantability, or fitness for any particular purpose. The author and
publisher shall in no event be held liable to any party for any direct, indirect, punitive, special,
incidental or other consequential damages arising directly or indirectly from any use of this
material, which is provided “as is”, and without warranties. Further, the author and publisher
do not warrant the performance, effectiveness or applicability of any sites listed or linked to in
this eBook or accompanying materials. All links are for information purposes only and are not
warranted for content, accuracy or any other implied or explicit purpose. This eBook and
accompanying materials is © copyrighted by G. David Garson and Statistical Associates
Publishing. No part of this may be copied, or changed in any format, sold, or used in any way
under any circumstances.

Contact:

G. David Garson, President
Statistical Publishing Associates
274 Glenn Drive

Asheboro, NC 27205 USA

Email: sa.publishers@gmail.com
Web: www.statisticalassociates.com

Copyright @c 2015 by G. David Garson and Statistical Associates Publishing Page 2


https://www.myidentifiers.com/myaccount_manageisbns_titlereg?isbn=978-1-62638-032-5&icon_type=new

STRUCTURAL EQUATION MODELING 2015 Edition

Table of Contents

VI VIBW i 14
Data eXamples iN ThisS VOIUME......ueeiii ittt e e e et e e e e e e s seanabaaeeeeeeeeas 16
NV e Yo=Y o K3 1o Lo I = 1 0[PPt 18
The structural equation MOdeliNg ProCESS ....ccvviiiiiiiiiiee e 18
TaToITor o ARV =T a1 o1 1SR 19
Latent Variables ......uuviieeeei e e e e e et e e e e e e et e e e e e e e e nrrraaaaaaaaas 20
EXOZENOUS VAriAbIES ..o saraae s 20
ENdOZENOUS Variables......cviiiiiiieeeee e st e s 20
Regression models, path models, and SEM models .........cccveiiiiiiiiiiniiiieiniieeeeieee i 21
Voo =TIy o T=Tol | 1or-) 4 [ o H S U UPPPPRRPTPUPN 22
MOEI PArSIMONY ..eiviiiieiiiiee ettt e e st e e s st e e e s sabtaeesssabeeeesssbeeeesnsseaeessnsseeessnnns 22
MOdEl dEVEIOPMENT ...ciiiiiiie it e e s st ee e e s ssabe e e e s s baaeessaraeeeenans 23
The measurement model versus the structural model.........cccoocveeiiiiiiiiiinii e, 23
Model trimming versus model bUuilding .......cooovuiiiiiiiiiii e 24
Modification indexes and parameter Change .......coovviviiriiiieeiiiiiee e 25
Path significance and Critical ratios ........oocvueieiiiiiiiiirii e 28

Y oY 1T I 1 RSP 28
SOFEWAIE PACKAZES coeieeviiee ettt e sttt e e s s bt e e e e sabee e e s ssabaeeessaaaeeessaneees 29
USEr interfaces fOr SEMM......ooi ittt e e e s e e e tae e e e st e e e e e s araeeeeensaeeeennns 30
The SPSS AMOS INTEITACE ..eeiiiiiiieecee e e e e et e e e e e e e e e naaeee s 30
The SAS PROC CALIS interface.....ccccveeeeccveeeccciiee e, Error! Bookmark not defined.
The Stata SEM interface ......cccoeeeeeciieeecieee e, Error! Bookmark not defined.
The Wheaton Model: A Quick Start Example ......cccoovvveeeeeeeenicnnneee. Error! Bookmark not defined.
OVEIVIBW ..eeiiiee ettt e ettt et e et e e e et e e e e st e e e e e sanaeaeeennnaeeeeennens Error! Bookmark not defined.
SPSS Amos Wheaton model outpuUt........ccovvvvcivveeeieiceiicireeeeee, Error! Bookmark not defined.
Path WeISHTS ... Error! Bookmark not defined.
Direct and indirect path weights......cccccovvvveiiiiiiiiiiieeies Error! Bookmark not defined.
Squared multiple correlations (SMC) .....coceeevvvcviiveeeeeeceiinnnee, Error! Bookmark not defined.
Factor WEIBNTES ..t e Error! Bookmark not defined.
Goodness Of fit MEASUIES.......cccccuveeiieciiee e e Error! Bookmark not defined.
Modification indexes and parameter change .......ccccccceveeeeenne. Error! Bookmark not defined.
SAS Wheaton model oUtPUL........cocvvrveeeieeeeiiireeeee e Error! Bookmark not defined.
OVEIVIEW .o, Error! Bookmark not defined.
Path WEIBHTS ..eveeiiiieieeeee e Error! Bookmark not defined.
Direct and indirect path weights .......ccccccvviiiiiiiiieiniecee, Error! Bookmark not defined.
Squared multiple correlations (SMC) .......ccceeeeevieeeeciiieeeenee. Error! Bookmark not defined.
FActor WIS ...coiviiiieieeie e Error! Bookmark not defined.
Goodness of fit MEASUIeS........ccoeeccciiiieee e, Error! Bookmark not defined.
Modification indexes and parameter change .......cccccccuveeennee. Error! Bookmark not defined.
Stata Wheaton model output .....cceeevviiiiiiiiiniieeecc e Error! Bookmark not defined.
OVEIVIEW .o, Error! Bookmark not defined.
Path WEIBHTS ..ovveiiiiiieeee e Error! Bookmark not defined.

Copyright @c 2015 by G. David Garson and Statistical Associates Publishing Page 3



STRUCTURAL EQUATION MODELING 2015 Edition

Direct and indirect path weights .......cccccvviiiiiiiiiiieiiee, Error! Bookmark not defined.
Squared multiple correlations........cccccevvcveeeeeniiiee e, Error! Bookmark not defined.
FActor WIS ...coiviiiiieiieec e Error! Bookmark not defined.
Goodness of fit MEASUIeS........ccoeeccciiiieeee e, Error! Bookmark not defined.
Modification indexes and parameter change .......ccccoccuveeennnee. Error! Bookmark not defined.
AsseSSING MOdel Fil.eeiiiiieeiiiiiieiciieec e Error! Bookmark not defined.
OVEIVIEW .o, Error! Bookmark not defined.
Default, saturated, and independence models .........cccceeeeeennnnee. Error! Bookmark not defined.
Cautions regarding goodness of fit measures...........ccceevvvvvennne.. Error! Bookmark not defined.
Fit indexes are spurious when the covariance matrix is not positive definite................. Error!
Bookmark not defined.
Good fit does not mean strong effect size.......ccccveeeeeivernnnneee. Error! Bookmark not defined.
Good fit does not mean all model components fit .................. Error! Bookmark not defined.
Good fit is not proof of causation ........ccccccceveevvreeeeeeeeieeiennnnee, Error! Bookmark not defined.
Good fit does not mean another model might not fit better .. Error! Bookmark not defined.
Fit measures overestimate good fit for small samples ............ Error! Bookmark not defined.

Fit measures are influenced by number of indicator variables Error! Bookmark not defined.
Fit measures are influenced by number of model constraints Error! Bookmark not defined.

Fit is relative to null models, which differ........ccccceeeevveveennnnnnns Error! Bookmark not defined.
Good fit is relative to progress in the field........ccccceveeeeeernnneee. Error! Bookmark not defined.
Should fit measures be used at all? ........coeeecivieeieiieeeee e, Error! Bookmark not defined.
Reporting 200dNess Of fit......ccovveeeeiieeiiiiiiiiieeieee e Error! Bookmark not defined.
Confirmatory Factor Analysis: Testing the Measurement Model ... Error! Bookmark not defined.
OVEIVIEW oo, Error! Bookmark not defined.
Data @XamPIE ..eeeiiiiiiieceee e Error! Bookmark not defined.
CFA N SPSS AMOS ..cciiiiiiii e, Error! Bookmark not defined.
CFA INPUL N AMOS oottt e e e Error! Bookmark not defined.
CFA QUTPUL IN AMOS .iiiiiiiieee ettt e e e e Error! Bookmark not defined.
CFAINSASPROCCALIS ..o, Error! Bookmark not defined.
CRA INPUELIN SAS. . oot Error! Bookmark not defined.
CFA QUIPUL IN SAS .t Error! Bookmark not defined.
CRAINStata ..o, Error! Bookmark not defined.
CFA INPUL N STtata cooiieeeiiieeec e Error! Bookmark not defined.
CFA output in STata....cccceeiiiieei e Error! Bookmark not defined.
Further aspects of measurement models........ccccooeeecvvivieeeeennnn. Error! Bookmark not defined.
Handling correlated error........ccuevivviiieeiiniiiee e Error! Bookmark not defined.
ASSIZNING MELTICS cuvvvveiieiie it eeesrere e e e e eeans Error! Bookmark not defined.
Reflective vs. formative models ........ccceeeeiieeiiiiieeceeeeee Error! Bookmark not defined.
Measurement error tErMS........uveeeeecveeeeeereee e e e e e seee e e e Error! Bookmark not defined.
Simple variables and single indicator latent variables ............. Error! Bookmark not defined.
Error variance when reliability is known .........ccccoevevvveeniiiinnnns Error! Bookmark not defined.
Measurement error terms vs. structural error terms.............. Error! Bookmark not defined.

Copyright @c 2015 by G. David Garson and Statistical Associates Publishing Page 4



STRUCTURAL EQUATION MODELING 2015 Edition

Testing measurement models for convergent and divergent validityError! Bookmark not
defined.

Measurement validity using reliability coefficients ................. Error! Bookmark not defined.
Structural Equation Modeling: Testing the Structural Model ......... Error! Bookmark not defined.
OVEIVIEW oo, Error! Bookmark not defined.
Data EXAamMPIE ..oeeiiiiiiieeeiee et Error! Bookmark not defined.
Models leading to the final structural model ............c.cccceec... Error! Bookmark not defined.
Structural Modeling in AMOS......cccuviiiiiiiiiee e Error! Bookmark not defined.
SEM iNPUL iN AMOS....ccoiiiiiiiiiiiee ettt e e e eeaaeres Error! Bookmark not defined.
SEM OUETPUL iN AMOS ..ot Error! Bookmark not defined.
Structural modeling in SAS PROC CALIS ......cooovvvvevereeieiirireeeeee, Error! Bookmark not defined.
SEM INPUE IN SAS..eeeiiiiieereeeee e e e Error! Bookmark not defined.
SEM OUEPUL IN SAS ..ot Error! Bookmark not defined.
Structural modeling in Stata.......cccevvvveeeieeiiiiceeee e Error! Bookmark not defined.
SEM iNpUt in Stata ..occoeviiiiiiieeeeeee e Error! Bookmark not defined.
SEM oULPUL iN Stata....ccoevirrieeieeee e Error! Bookmark not defined.
Specification Search (all possible subsets SEM) .........cccovvevvrveennnnen. Error! Bookmark not defined.
L@ 17T VL YRS Error! Bookmark not defined.
Data @XAMPIE c.coiieirieieeee e e e eans Error! Bookmark not defined.
Specification search iN AMOS ......cccevvvveeiieeeiiiiieeeee e Error! Bookmark not defined.
OVEIVIBW ....etiieeeiieee e ettee e ettt e e e ete e e e et e e e e e are e e e eennaaeeeesnaeaeenns Error! Bookmark not defined.
Specification search user interface .......cccccccevevvvveeeeeeceeiennnnee, Error! Bookmark not defined.
EXQMIPIE et Error! Bookmark not defined.

[ e Lo ] E3 PR PUSURR Error! Bookmark not defined.
The Options BULLON ....cccveiiiiiiiiec e Error! Bookmark not defined.
Perform Specification Search button .........cccccoeeeiiiiiiennennnnne, Error! Bookmark not defined.
Other tools for specification search ........cccceeveeeiiiiiieiinicieennne Error! Bookmark not defined.
Specification search in SAS........ooooiiiiiiiiiiee e Error! Bookmark not defined.
Specification search in Stata .......cccccevvviiieeiiniiie e Error! Bookmark not defined.
MUlti-group ANAIYSIS ..cccovuiiieiiiiiie e Error! Bookmark not defined.
OVEIVIEW oo, Error! Bookmark not defined.
INErOdUCLION ..o Error! Bookmark not defined.
To standardize or not to standardize? ......cccccceeevecciviveeeeeeeenn, Error! Bookmark not defined.
Model INVAriaNCe ......ueeviee it Error! Bookmark not defined.
Examining non-invariance across SroUpPS .....ccceeeeeruevereeeeereennnns Error! Bookmark not defined.
Critical ratios of differences test .......ccccceeeeeiiecciiiieeeieeceec, Error! Bookmark not defined.
Example and data for multi-group analysis ........cccceeevvvvvereieeennnnns Error! Bookmark not defined.
Multi-group analysis in SPSS AMOS .......coccuvveeiieeieiiiireeeeee e Error! Bookmark not defined.
Baseline multi-group testing .......cveeeeviecvireeeeeiiiiiiieeeeeeee e Error! Bookmark not defined.
Data setup for multi-group analysis in AmMOos.........cccccvvevreeeennns Error! Bookmark not defined.
Viewing group Models.......oocvvvveeeiiiiiiicciiieeeeec e Error! Bookmark not defined.

Testing for measurement invariance across groups (multi-group modeling)Error! Bookmark
not defined.

Copyright @c 2015 by G. David Garson and Statistical Associates Publishing Page 5



STRUCTURAL EQUATION MODELING 2015 Edition

Parameters to constrain to be equal........cccceevviiiiieiniieennnne, Error! Bookmark not defined.
Go0odNEess Of fit....ceieiiieeciieeee e Error! Bookmark not defined.
Path and covariance significance ........ccccvvveveiiiiieeeennieee e, Error! Bookmark not defined.
Modification INAEXES .....cceeeicuiiiiieee et Error! Bookmark not defined.
NO Negative VarianCes ......covcuvviiieeeiieeeiieteee e eeereee e Error! Bookmark not defined.
Critical ratios of differences tests.......ccccceeeeveecciiiieeeeee e, Error! Bookmark not defined.
Multi-group analysis in SAS.........cooviiiiiiniiieeeee e Error! Bookmark not defined.
OVEIVIEW i, Error! Bookmark not defined.
EXQMPIE e Error! Bookmark not defined.
Data setup for multi-group analysis in SAS .........ccoevvvveeereeennnns Error! Bookmark not defined.
Baseline multi-group testing .......ceeeevvevviivveeeeiieiiiieeeeeeee e, Error! Bookmark not defined.
The unconstrained multigroup model........cccccccovevvivvveeereeennnn. Error! Bookmark not defined.
The measurement weights model.........ccoceveeiiiiiiiiiieeeeeneeeennn, Error! Bookmark not defined.
Other MOdelS.......uvveieiiiee e Error! Bookmark not defined.
Multi-group analysis in Stata......ccccceeeeieiciiireeeeee e Error! Bookmark not defined.
OVEIVIEW ....eiieeeetieee e eteee e et e e e ete e e e et e e e s eare e e e esnnaaeeeennaeeeenns Error! Bookmark not defined.
Baseline multi-group testing .......ceeevvevvireeeeeiieiiiieeeeeeee e Error! Bookmark not defined.
Multi-group models in Stata.....cccccceeevrecvireeeeeieeeeeeeeee e Error! Bookmark not defined.
The measurement weights model.........ccocceeeeiiiiiiiiiieeeeeeeeeennn, Error! Bookmark not defined.
Other MOdelS.......uvii i Error! Bookmark not defined.
FQilUre tO CONVEIZE .uuvvviiiiiiiittteeeee et e e e Error! Bookmark not defined.
Latent Growth Curve Modeling ........coovvvvirveeeeiiiiiiiiireeeee e, Error! Bookmark not defined.
EXaMPIe data. ..o Error! Bookmark not defined.
OVEIVIEW oo, Error! Bookmark not defined.
The LGC Model in AMOS ... e Error! Bookmark not defined.
Amos input for the LGC model ......ccceevivviieeiiniiieeeeieeeese, Error! Bookmark not defined.
Amos output for the LGC model........cccoevvvveiiniiieeiiiieeeeeen, Error! Bookmark not defined.
Amos linear growth model with a time-invariant predictor .... Error! Bookmark not defined.
AMOS SUMMATY ..eiiiiiiiieieeeeeiiireee e e e siieeeee e e s s sssbrereeeeessesans Error! Bookmark not defined.
The LGC mModel in SAS......ooo e Error! Bookmark not defined.
OVEIVIEW ., Error! Bookmark not defined.
SAS input for the LGC model .......occvveeiiviiieiiiiieee e, Error! Bookmark not defined.
SAS LGC OULPUL ..eitiieiiieeeiiiteeee ettt e e e e Error! Bookmark not defined.
SAS LGC model with a time-invariant predictor..........ccceuu..... Error! Bookmark not defined.
SAS SUMMAIY .eeiiiiiiiieeeeeeiiiteee e e e e esiirreee e e e e e s sibrreeeeeeessssansses Error! Bookmark not defined.
The LGC model in Stata......cocccviiiieiee e Error! Bookmark not defined.
OVEIVIBW ....eiiieiciiieee e ettee e ettt e e e ete e e e et e e e s eataeeessanaaeesesnaeeeenns Error! Bookmark not defined.
Stata input for the LGC model......ccccovvveeeieeiiiiciiieeeeec e, Error! Bookmark not defined.
Stata LGC OULPUL..ceiiii ittt Error! Bookmark not defined.
Stata LGC model with a time-invariant predictor..................... Error! Bookmark not defined.
STAtA SUMMIAIY ceuvieeiieiieiicireeeee e re e e e e e senaaeres Error! Bookmark not defined.
Multiple linear growth models..........cccooevvivveeiieiiiiiiiieeeeeeeeeees Error! Bookmark not defined.
Ordinal data in SEM .......oooiiiiieeecee e e Error! Bookmark not defined.

Copyright @c 2015 by G. David Garson and Statistical Associates Publishing Page 6



STRUCTURAL EQUATION MODELING 2015 Edition

OVEIVIEW oo, Error! Bookmark not defined.
Treating ordinal variables as interval in data level ...................... Error! Bookmark not defined.
Conversion to dummy variables.......cccoccveeiiniiieeiiniieeeeeiiee e Error! Bookmark not defined.
Using an appropriate correlation matrix as input.........cccoecvveeennn. Error! Bookmark not defined.
Bayesian eStimation ... Error! Bookmark not defined.
Generalized structural equation modeling .......c.cccccveeevvviieeennnnee. Error! Bookmark not defined.
Statistical packages’ treatment of ordinal data........ccccecvveennnnee. Error! Bookmark not defined.
L Y2 2o 1T Error! Bookmark not defined.
SAS ettt e e s e s nareeea Error! Bookmark not defined.

) - | - F PP RUPRTPRPPPO Error! Bookmark not defined.
BayeSian SEM .....cocuiiiieiiieei ettt e Error! Bookmark not defined.
OVEIVIEW 1.ttt ettt ettt ettt s it e st e e s e e sabe e s sabeessaneeens Error! Bookmark not defined.
Key concepts and teIrmMS .....oooccuvreeeeeieeiiiiirreeeeee e e e eeans Error! Bookmark not defined.
Prior distributions.......coocveeviiiiniiie e, Error! Bookmark not defined.
Markov chain Monte Carlo (MCMC) methods........ccccevveeeeenne. Error! Bookmark not defined.
PoSterior PrediCtive P Error! Bookmark not defined.
DIC (deviance information criterion)......ccccceceeeeeeeevvcneeeeeeeeennnns Error! Bookmark not defined.
Effective number of parameters ......cccocvvvvveeeeiieiiiiiiieeeeeieeeeens Error! Bookmark not defined.
Combining Bayesian and ML methods........ccccccvvvveeeieeiiennnnneee. Error! Bookmark not defined.
Cross-validation .......cocueeiiieiiiiieiieence e Error! Bookmark not defined.
ReSidUal @NalYSiS....uuuveeiieeiiiiiiriieiiee e e Error! Bookmark not defined.
Bayesian SEM in SPSS AMOS......cevvvieiiiiiiiiieeieeeeeeeecirereeeeeeeeeans Error! Bookmark not defined.
DAta [EVEIS oo Error! Bookmark not defined.
Nominal-level data in Amos with Bayesian estimation............ Error! Bookmark not defined.
Ordinal-level data in Amos with Bayesian estimation ............. Error! Bookmark not defined.
Entering ordinal data.......ccccevviiiiiiniiiiec e Error! Bookmark not defined.
Censored data.....cccee e Error! Bookmark not defined.
Data impPuUtatioN.......cuiiiiiiiieeee e Error! Bookmark not defined.
Warning regarding mixture modeling........cccecvveeivviieeeinninnenn. Error! Bookmark not defined.
Warning regarding binning numerical variables....................... Error! Bookmark not defined.
Warning regarding variable Nnames ........ccccccevvcvieeiviiieee s, Error! Bookmark not defined.
Bayesian SEM in SPSS AMOS .....ccoviiiiiiiiiiiiieeeieeeeeiireeeee e Error! Bookmark not defined.
EXQMIPIE ettt Error! Bookmark not defined.
To estimate means and iNtercepts.....ccccvvvviriiveeeiniveeeesineenn. Error! Bookmark not defined.
The Bayesian estimation WindoW.......ccccccveeeiviiieeiiniieee s, Error! Bookmark not defined.
Prior parameter distributions .........ccccceevviieeeiiiiien e, Error! Bookmark not defined.
Posterior parameter distributions ........ccccovvveeeiiiiiiiiiiiieeeeee s Error! Bookmark not defined.
DIiagNOStIC BrapPhS . cuvvvveeeieeiiiicireeeee e e e e e e e e e e e eeans Error! Bookmark not defined.
FIt MEASUIES ..eeeineiieeieeee et Error! Bookmark not defined.
Additional eStimates .......covvevrrieiriiienie Error! Bookmark not defined.
Mixture modeling / latent class analysis ........ccoevveeeevcveeeeecinneeeeennee, Error! Bookmark not defined.
OVEIVIEBW 1.ttt ettt ettt ettt s e e s e e sabe e s sabeessaneeens Error! Bookmark not defined.
EXAMIPIE ettt e e ean Error! Bookmark not defined.

Copyright @c 2015 by G. David Garson and Statistical Associates Publishing Page 7



STRUCTURAL EQUATION MODELING 2015 Edition

Mixture modeling in SPSS AMOS .....c.uvvviiriiiieiiiiee e Error! Bookmark not defined.
AMOS INPUL ceeiiiiee e e e e e e e e Error! Bookmark not defined.
AMOS OUEPUL .ottt e e e s s irre e e e e e s e Error! Bookmark not defined.

Latent structure analysis.....ccocueeeiiiiieeiiniieee e Error! Bookmark not defined.

Mixture regression MOdeling ........ooccveeevriieeeiniiieee e Error! Bookmark not defined.

Mean Structure ANAlySiS......covuviieiriiieeeerieee e Error! Bookmark not defined.
OVEIVIEW oo, Error! Bookmark not defined.
EXQAMIPIE ettt Error! Bookmark not defined.

Mean structure analysis in SPSS AMOS .......eeeveieeiiiicinireeereeeeeeennnne Error! Bookmark not defined.

AMOS INPUL .ottt e e e e eenbrrre e e e e e e eesnnnserees Error! Bookmark not defined.

AMOS OUELPUL....eeiiiiieiieiie ettt e e e e eeabrrrereeeeeeesnnnenees Error! Bookmark not defined.
ODbtaiNiNg OULPUL ...cceeiieiiiiiieec e Error! Bookmark not defined.
Model fit Criteria.....occveriiiiriiirieee e Error! Bookmark not defined.
Upholding the baseline model ........ccceevvveeeeiiiiiiiiiiiiieeeeec e, Error! Bookmark not defined.
Analysis of Mean StrUCTUrE........eeviviiiiiiiiiieeeeee e Error! Bookmark not defined.
Estimates of latent means.......coccvvvcieiniiiiniiein e, Error! Bookmark not defined.
Other output tables......cccvveeeeiiiiiiieee e Error! Bookmark not defined.

Mean structure analysis iN SAS........ccovvvvviireeeeeee e Error! Bookmark not defined.

OVEIVIEW 1.ttt ettt ettt ettt e st e e sbe e e sabe e s sabeesnaneeens Error! Bookmark not defined.

EXAMIPIE ettt e e e ean Error! Bookmark not defined.

SAS INPUL ottt e e e e e e e e s searrraeeeeee s Error! Bookmark not defined.
The MEANSTR OPLION cooiieiiiciiieeeeiec et eeerreeee e e e e e Error! Bookmark not defined.
SAS syntax for mean structure analysis......cccecvvveeivriveeeinninnenn. Error! Bookmark not defined.

SAS OULPUL .ttt e e e e bbeee e e e s Error! Bookmark not defined.
OVEIVIEW ..o, Error! Bookmark not defined.
Model fit Criteria.....ooocviee i Error! Bookmark not defined.
Upholding the baseline model .........ccccceevviieiiiiiiiiiinieeee, Error! Bookmark not defined.
Analysis of mean structure........cccoecveeeiviiieee e, Error! Bookmark not defined.
Estimates of latent means.......cccceeeeeeecciieeee e, Error! Bookmark not defined.
Other output tables.......cccovviiiiiiiie e Error! Bookmark not defined.

Mean structure analysis in Stata .......ccccvveiiee e Error! Bookmark not defined.

OVEIVIEW .o, Error! Bookmark not defined.

EXQMIPIE ettt Error! Bookmark not defined.

STALA INPUL e e Error! Bookmark not defined.
Putting the example dataset in USe......ccccocvveeiviiieeeiniiieeeinnne, Error! Bookmark not defined.
Running the measurement intercepts model .........ccccuuveeenn.eee. Error! Bookmark not defined.
Running the structural means model........cccceeevvevivveeenieeennnns Error! Bookmark not defined.
A likelihood ratio test of model differences........cccccevuevenneenne Error! Bookmark not defined.

Ny =) 2 o1 U1 o 1V 1 R UROR Error! Bookmark not defined.
OVEIVIEW ..ttt ettt st st e e s e s e e Error! Bookmark not defined.
Model fit Criteria.....ocoeeriiiirieerece e Error! Bookmark not defined.
Upholding the baseline model ........ccceevvvieeeiiiiiiiiiiiieeeeeeeeeees Error! Bookmark not defined.
Analysis of Mean StrUCTUrE........eevveiiiiiiiiiieeeeee e Error! Bookmark not defined.

Copyright @c 2015 by G. David Garson and Statistical Associates Publishing Page 8



STRUCTURAL EQUATION MODELING 2015 Edition

Estimates of latent means.......cccceeeeeeecciieeee e, Error! Bookmark not defined.
Other output tables.......ccooviiiiiiie e Error! Bookmark not defined.
Generalized SEM (GSEM) in Stata.......cccovueeeeeiiieeeeciieee e, Error! Bookmark not defined.
OVEIVIEW oo, Error! Bookmark not defined.
Why “generalized”?.....ccueeeiviiiiii e Error! Bookmark not defined.
Data distributions and link functions ........cccccceieeiiiiiienieennnn, Error! Bookmark not defined.
GSEM postestimation commands .........ccceevvvveeeiiniiieeeiniiieeenne Error! Bookmark not defined.
GSEM limitations in Stata .....ccccoeeecciiieeee e, Error! Bookmark not defined.
EXAMIPIE ettt e e ean Error! Bookmark not defined.
] =) 2 1] 01U | SRR RO Error! Bookmark not defined.
Ny =) 2 o 1011 o 1V 1 RO Error! Bookmark not defined.
Default GSEM OULPUL......ccooiiiriieiiee e e e e e Error! Bookmark not defined.
Postestimation GSEM OULPUL .....eeeeeeeiieiiiiieeeeeceeeeiieeeeeeee e Error! Bookmark not defined.
Multilevel SEM (MSEM) in Stata.......ccooeevvrveeeeieeiiiicirireeeeeeeeeeennnnee Error! Bookmark not defined.
L@ 17T VL SRR Error! Bookmark not defined.
When multilevel modeling is needed..........cccocevvvvveereeieinnnnnnee. Error! Bookmark not defined.
Multilevel SEM sOftWare .........cccceeeeecieeeeeciiiee e Error! Bookmark not defined.
EXAMIPIE ettt e e e eaa Error! Bookmark not defined.
] =) 2 1] 010 | SRR UROR Error! Bookmark not defined.
Structural GSEM......cooo i Error! Bookmark not defined.
Multilevel GSEM (MGSEM).....uvvvveieiiiiiiiirieeeee e eeeeiinreeeeeeeeenns Error! Bookmark not defined.
Ny =) 2 o 1011 o 1V 1 TR UUOR P Error! Bookmark not defined.
SErUuCtUral GSEM...cceeiiieeee e Error! Bookmark not defined.
Multilevel GSEM (MGSEM).......c.ouvvieeiiiieeecieee et Error! Bookmark not defined.
Estimation options in SEM ..........ccoeiiiiiiiiiiiiiieieeeeeeee e Error! Bookmark not defined.
Maximum likelihood estimation (ML).........ccceeeiviireeeiiiieeecciieeen, Error! Bookmark not defined.
Full information maximum likelihood (FIML).........cccouveeeeenneenn. Error! Bookmark not defined.
Weighted least squares estimation (WLS) .......cccceeeveeeeecnireeenee. Error! Bookmark not defined.
Generalized least squares estimation (GLS)........ccccoeeeeecvireeennee. Error! Bookmark not defined.
Ordinary least squares estimation (OLS).......ccccceeeecveeeeeciireeennee. Error! Bookmark not defined.
Unweighted least squares estimation (ULS) ........cccceeveeeeeiineeenn, Error! Bookmark not defined.
Two-stage least squares estimation (25LS)......cccceeeeecveeeeeciineeene Error! Bookmark not defined.
Asymptotically distribution-free estimation (ADF).......ccccceen.eee. Error! Bookmark not defined.
Elliptical distribution theory estimation (EDT)......ccccceevcveeeruvennnee. Error! Bookmark not defined.
Bayesian eStimation ..ot Error! Bookmark not defined.
Bootstrapped vs. Bayesian estimates .......cccccovvvieeiiniiieeiiiineeennns Error! Bookmark not defined.
Goodness Of fit MEASUIES ........cceecuiiieieiieeccee e, Error! Bookmark not defined.
A helpful spreadsheet ........cccveevveeiiiiciiiieeeeee e Error! Bookmark not defined.
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.................................................................................................. Error! Bookmark not defined.
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Structural Equation Modeling

Overview

Structural equation modeling (SEM) grows out of and serves purposes similar to
multiple regression but in a more powerful way which takes into account multiple
latent independent variables, each measured by multiple indicators; one or more
latent dependent variables also each with multiple indicators; the modeling of
mediators as both causes and effects; and modeling of interaction terms;
modeling, nonlinearities; modeling correlated independent variables and
correlated error; and modeling measurement error. SEM may be used as a more
powerful alternative to multiple regression, path analysis, factor analysis, time
series analysis, and analysis of covariance. In fact, these procedures may be seen
as special cases of SEM.

Models which may be implemented by SEM, depending on the capabilities of the
statistical package, include:

e Linear and generalized multiple linear regression

e Linear and generalized multivariate linear regression (multiple dependent
variables)

e ANOVA

e Confirmatory factor analysis (CFA, which is SEM for measurement models)

e Reliability analysis

e Path analysis using measured variables

e Structural equation modeling of measured and latent variables (SEM for
structural models)

e Multi-group modeling of measurement and structural models

e Latent growth curve models

e Multilevel models

Advantages of SEM compared to multiple regression include more flexible
assumptions; allowing interpretation even in the face of multicollinearity; use of
confirmatory factor analysis to reduce measurement error; testing models overall
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rather than testing coefficients individually; testing models with multiple
dependent variables; modeling complex causal paths taken by mediating
variables; ability to go beyond the ordinary least squares (OLS) additive model
which makes the dependent variable a function of the sum of effects; the ability
to model error terms; the ability to test coefficients across multiple between-
subjects groups; and ability to handle difficult data such as time series with
autocorrelated error, non-normal data, and incomplete data. Moreover, where
regression is highly susceptible to error of interpretation due to misspecification,
the SEM strategy of comparing alternative models to assess relative model fit
makes it more robust. In addition to all this, there is the attraction of being able
to create and test models using a graphical modeling interface.

SEM is usually viewed as a confirmatory rather than exploratory procedure, using
one of three approaches:

1. Strictly confirmatory approach: A model is tested using SEM
goodness-of-fit tests to determine if the pattern of variances and
covariances in the data is consistent with a structural (path) model
specified by the researcher. However as other unexamined models
may fit the data as well or better, an accepted model is only a not-
disconfirmed model.

2. Alternative models approach: The researcher may test two or more
causal models to determine which has the best fit. There are many
goodness-of-fit measures, each reflecting different considerations.
Usually three or four fit measures are reported by the researcher.
Although desirable in principle, this approach runs into the real-
world problem that in specific research areas, the researcher may
not find in the literature two well-developed alternative models to
test.

3. Model development approach: In practice, a great many instances of
SEM research combine confirmatory and exploratory purposes: a
model is tested using SEM procedures, found to be deficient, and an
alternative model is then tested based on changes suggested by
modification indexes and other statistical output generated by SEM.
The problem with the model development approach is that models
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confirmed in this manner are post-hoc ones which may not be stable
(may not fit new data, having been created based on the uniqueness
of an initial dataset). Researchers may attempt to overcome this
problem by using a cross-validation strategy under which the model
is developed using a calibration data sample and then confirmed
using an independent validation sample.

Regardless of approach, SEM cannot itself draw causal arrows in models or
resolve causal ambiguities. It is entirely possible that one model with arrows
drawn in the opposite direction from a second model may fit the data equally
well. Theoretical insight and judgment by the researcher is still of utmost
importance.

SEM is a family of statistical techniques which incorporates and integrates path
analysis and factor analysis. In fact, use of SEM software for a model in which all
variables are simple observed variables is a type of path analysis. Use of SEM
software for a model in which each latent construct has multiple indicators but
there are no direct effects (arrows) connecting the latent constructs is a type of
factor analysis. Usually, however, SEM refers to a hybrid model with both multiple
indicators for each variable (called latent variables or factors) and paths specified
connecting the latent variables. Synonyms for SEM are covariance structure
analysis, covariance structure modeling, and analysis of covariance structures.
Although these synonyms rightly indicate that analysis of covariance is the focus
of SEM, be aware that SEM can also analyze the mean structure of a model.

See also partial least squares regression, which is an alternative method of
modeling the relationship among latent variables, also generating path
coefficients for a SEM-type model but without SEM's data distribution
assumptions. PLS path modeling is sometimes called "soft modeling" because it
makes soft or relaxed assumptions about data. See the separate Statistical
Associates “Blue Book” volume on “Partial Least Squares.”

Data examples in this volume

The example datasets used in this volume are listed below in order of use, with
versions for SPSS (.sav), SAS (.sas7bdat), and Stata (.dta).
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The Wheaton dataset is a classic dataset described below. See Wheaton, Muthén,
Alwin, & Summers (1977).
e Right-click_here download wheaton.sav for SPSS Amos. This
illustrates correlation matrix input.
e The Wheaton data for SAS is read in using a DATA step, discussed
below. (There is no file). This illustrates covariance matrix input.
Results are almost identical to correlation matrix input but
covariance matrix input is preferred as it is possible for correlation
matrix input to result in estimated standard errors being incorrect
(cf. Cudeck, 1989).
e Right-click here to download sem_sm2.dta (the version of the
Wheaton data distributed by Stata). This illustrates correlation matrix
input.

The Wheaton dataset is also used in the section on confirmatory factor analysis
(CFA) below.

For the sections on structural modeling and specification search, a subset of the
General Social Survey 2012 was used for which missing values were imputed using
the SPSS multiple imputation module. Variables are described below.

e Click here to download GSSsubset2012imputed.sav for SPSS Amos.

e Click here to download GSSsubset2012imputed.sas7bdat for SAS.

e Click here to download GSSsubset2012imputed.dta for Stata.

The section on specification search, which is only available in SPSS Amos, uses the
following file. Variables are described below.
e Click here to download structurl.sav for SPSS Amos.

The section on multi-group analysis uses a confirmatory factor analysis model on
types of music. Variables are described below.

e Click here to download music.sav for SPSS Amos.

e Click here to download music.sas7bdat for SAS.

e Click here to download music.dta for Stata.

The section on latent growth curve analysis uses a dataset focused on a medical
example involving growth of dental features in children. Variables are described
below.
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e Click here to download royfm.sav for SPSS Amos.

e Click here to download royfm.sas7bdat for SAS.

e Click here to download royfm.dta for Stata.
The section on Bayesian structural equation modeling used a subset of the
General Social Survey 1993. Variables are described below.

e Click here to download GSS93subset.sav for SPSS Amos.

The section on mixture modeling/latent class analysis used a version of the “Iris”
sample file supplied with SPSS Amos. Variables are described below.
e Click here to download iris3.sav for SPSS Amos.

The section on mean structure analysis used a version of the “GSS93subset”
sample file supplied with SPSS Amos. Variables are described below.
e (lick here to download GSS93 subset males imputed.sav for SPSS

Amos.

e Click here to download GSS93 subset females imputed.sav for SPSS
Amos.

e Click here to download GSS93subsetmergedimputed.sas7bdat for
SAS.

e C(lick here to download GSS93 subset merged imputed.dta for Stata.

The section on generalized SEM uses a fictional dataset in which the latent
variables Knowledge and Motivation are measured by 6 binary and 5 ordinal
indicators respectively. At this writing, Stata supports GSEM but not SPSS or SAS.
Variables are described below.

e C(lick here to download gsemcfa.dta for Stata.

Key Concepts and Terms

The structural equation modeling process

The researcher starts a SEM project by specifying a model on the basis of theory.
Typically, each variable in the model is conceptualized as a latent construct
measured by multiple indicators (e.g., stress as a latent variable measured by
several survey items). Multiple indicators are developed for each latent variable,
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with at least two and preferably three or more indicators per latent variable.
Simple one-measure variables such as gender may also be in the model.

Based on a large representative sample, a type of factor analysis analogous to
common factor analysis (principal axis factoring), not principle components
analysis, is used to establish that indicators seem to measure the corresponding
latent variables. The researcher proceeds only after the measurement model has
been validated. Two or more alternative models (one of which may be the null
model) are then compared in terms of model fit, measures for which assess the
extent to which the covariances predicted by the model correspond to the
observed covariances in the data.

Indicator variables

Indicator variables are observed variables, sometimes called manifest variables or
reference variables. Items in a survey instrument may be indicator variables, for
instance. Four or more indicators are recommended, though three is acceptable
and common practice. As few as two indicators or even a single indicator may be
acceptable if the researcher is confident in the measure's validity and reliability.

The prime consideration in selecting indicators is whether they are theoretically
sound and reliably measured. Also, allowing one- and two-indicator latent
variables to a model may allow the testing of theoretically important latent-level
control relationships which otherwise might not be possible. However, with one
indicator, error cannot be modeled but rather one must specify a fixed
measurement error variance. Also, models using only two indicators per latent
variable are more likely to be under-identified and/or fail to converge and error
estimates may be unreliable. Ideally, indicators should have pattern coefficients
(factor score weights) of .7 or higher on their latent factors, though this is a
stringent test. A less stringent criterion is the that standardize path weights from
the latent variables to their indicator variables should be .7 or higher.

Indicator variables cannot be combined arbitrarily to form latent variables. For
instance, combining gender, race, or other demographic variables to form a latent
variable called "background factors" would be improper because it would not
represent any single underlying continuum of meaning. The confirmatory factor
analysis step in SEM is a test of the meaningfulness of latent variables and their
indicators but the researcher may wish to apply reliability tests (ex., Cronbach's
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alpha or ordinal item alpha) or conduct traditional factor analysis (ex., principal
axis factoring) as well.

Latent variables

Latent variables are the unobserved variables/constructs/factors which are
measured by their respective indicators. Latent variables include both
independent, mediating, and dependent variables. Those with no prior causes
are called exogenous variables while mediating and dependent variables are
called endogenous variables.

Exogenous variables

Exogenous variables are independent variables with no prior causal variable
(though they may be correlated with other exogenous variables, depicted by a
double-headed arrow). In fact it is usual to assume that all exogenous variables
are correlated (connected by a double-headed covariance arrow) unless there is
theoretical reason not to. If two exogenous variables are connected by a
covariance arrow, there cannot also be a straight (regression path) arrow nor can
the researcher place a covariance arrow connecting an exogenous variable to an
endogenous variable. Exogenous latent variables are sometimes denoted by the
Greek letter ksi ().

Endogenous variables

Endogenous variables are dependent or mediating variables (variables which are
both effects of other exogenous or mediating variables, and are causes of other
mediating and dependent variables). Dependent variables have incoming causal
effects but no outgoing causal effects (other than to their own indicator
variables). Thus endogenous variables are on the receiving end of single-headed
straight arrows indicating a regression path and implying a causal relationship.
The path to the endogenous variable may come from an exogenous variable or
another endogenous variable. Endogenous constructs are sometimes denoted by
the Greek letter eta (n). Variables in a model may be "upstream" or
"downstream" depending on whether they are being considered as causes or
effects respectively.
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While SEM packages are used primarily to implement models with latent variables
(see below), it is possible to run regression models or path models using only
simple indicator variables.

Regression models, path models, and SEM models

In one sense, all regression models are path models and are a subset of SEM
models. However, for those who wish to distinguish rather than conflate these
three terms, the following differences are implied.

e Regression models: In regression models, only observed variables are
modeled and only the dependent variable in regression has an error term.
Independent variables are assumed to be modeled without error. The only
possible model is graphically a "star," with the arrows from all independent
variables ending at the dependent variable. The partial coefficient for any
independent variable controls for all other independents, whether or not
an actual causal control effect is plausible.

e Path models: Path models also contain only observed variables (there are
no latent variables). Unlike regression models but like structural equation
models, independent variables can be both causes and effects of other
variables. That is, path models are like SEM models in having circle-and-
arrow causal diagrams, not just the "star" design of regression models. Only
the endogenous variables in path models have error terms. Unlike SEM
models, exogenous variables in path models are assumed to be measured
without error. Partial coefficients are calculated using only the independent
variables in a direct path to the endogenous variable. Using SEM packages
for path models instead of doing path analysis using traditional regression
procedures has the benefit that measures of model fit, modification
indexes, and other aspects of SEM output discussed later become available.

e SEM models: SEM models contain one or more latent variables. Typically,
all variables in the structural model are latent variables though it is
permissible to include simple/observed variables such as “Gender”. SEM
models also support complex paths connecting variables in the model and
support multiple dependent variables. Unlike path models with only
observed variables, SEM models allow error associated with variables in the
model to be themselves modeled (ex., models may be compared with and
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without an assumption of error covariance between variables, or with
equality or other constraints for pairs of error terms).

Model specification

Model specification is the process by which the researcher lists variables in the
model and lists which effects among latent variables are null, which are fixed to a
constant (usually 1.0), and which vary. That is, three types of relationships may
connect specified variables:

e In a SEM model, most straight (path) arrows indicate a regression
relationship which is unconstrained and must be estimated. Likewise,
double-headed covariance arrows indicate a correlation which s
unconstrained and must be estimated.

e The absence of path and covariance arrows connecting two variables
stipulates that the path or covariance weight is 0, representing no direct
relationship (independence).

e It is also possible for the researcher to constrain a path or covariance to a
particular value. For instance, it is almost always the case that the path
from a latent variable to one of its indicator variables is constrained to 1, in
order to set the metric for the latent variable (see below). In fact, this is
typically done by software automatically.

Model parsimony

A model in which no effect is constrained to O (every variable has a direct arrow
connecting it to every other variable) is a “saturated” model which will always fit
the data perfectly, even when the model makes no sense. The closer the
researcher's default model is to this most-complex model, the better will be the
fit. That is, adding paths will tend to increase fit. This is why a number of
goodness of fit measures discussed later below penalize for lack of parsimony.

A corollary is that if the researcher’s model is the saturated model, it cannot
usefully be tested by SEM. The researcher’s model of interest must be more
parsimonious than the saturated model.

Note lack of parsimony may be a particular problem for models with few
variables. If there are only three variables, for instance, it may be tempting to
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have arrows connecting each variable with each other variable, but the
researcher’s default model must be more parsimonious than the saturated model
(the model with all possible direct arrows). Ways to increase parsimony are
erasing direct effects (straight arrows) connecting one latent variable to another
or erasing covariance arrows. In each case, arrows should be erased from the
model only if there is no theoretical reason to suspect that the effect or
correlation exists. Customarily, the researcher seeks the most parsimonious well-
fitting model.

Is the most parsimonious model the one with the fewest terms and fewest
arrows? Yes, but a broader view should be taken. Much more weight should be
given to parsimony with regard to structural arrows connecting the latent
variables (and simple variables, if any) than to measurement arrows from the
latent variables to their respective indicators. Indeed, having more than the
minimum number of indicator variables per latent variable is desirable. Also, if
there are fewer exogenous and mediating variables in the model and yet the
dependent variable or variables is/are equally well explained, that is parsimony
also since fewer predictor variables will almost always mean fewer arrows.

Model development
The measurement model versus the structural model

SEM analysis typically proceeds in two steps: validation of the measurement
model, then testing the structural model. Both steps are discussed much more
fully in a later section.

The measurement model consists of the latent variables and their indicator
variables. Connections among the latent variables are not considered. The
measurement model step is called “confirmatory factor analysis” (CFA) because
its purpose is to validate (confirm) the way the researcher has measured the
latent variables (factors) in the model. If SEM analysis shows good fit, this is an
indication that indicator variables reflect the latent variables they are supposed to
and that the latent variables are different from each other. That is, CFA
establishes convergent and divergent validity in the proposed model.

If CFA upholds the measurement model, then the researcher proceeds to test the
structural model. The structural model is the measurement model plus the latent
variables and the paths and covariances connecting them. The same goodness-of-
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fit coefficients available in CFA are available for the structural step as well. The
researcher is seeking to establish that the structural model has good fit to the
data or, better yet, that one model fits the data better than another model.

Model trimming versus model building

After the structural model is run, it is necessary to evaluate it and consider
modifying it. In fact, a common type of SEM article tests a model taken from the
literature, finds it deficient in some way, then proposes a modified model which
fits the data better than the original model. In modifying an existing model, it is
possible to add paths and/or covariance (model building or model growing), or
the researcher may remove paths and/or covariances (model trimming).

Although both strategies may be pursued in any order, a common convention is
to grow the model using modification indexes and then to trim the model using
significance tests of the path (regression) coefficients. Of course, additions to and
deletions from the model should make theoretical sense. For instance, adding an
arrow from a variable associated with a later time to a different variable
associated with an earlier time is a chronological impossibility, no matter what a
modification index suggests. Modification indexes are discussed below.

The usual procedure is to overfit the model, then change only one parameter at a
time. That is, the researcher first adds paths one at a time based on theory and on
the modification indexes (Ml’s), then drops paths one at a time based on the
likelihood ratio (chi-square difference) test or Wald tests of the significance of the
structural coefficients, discussed below. Modifying one step at a time is important
because the MI’s are estimates and will change each step, as may the structural
coefficients and their significance.

As paths are added to the model, chi-square tends to decrease, indicating a better
fit and also increasing the chi-square difference. That is, a significant chi-square
difference indicates the fit of the more complex model is significantly better than
for the simpler one. Adding paths should be done only if consistent with theory
and face validity.

When the model growing process has gone as far as judicious, then the
researcher may erase one arrow at a time based on non-significant structural
paths, again taking theory into account in the trimming process. Some authors,
such as Ullman (2001), recommend that the alpha significance cutoff deleting
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model effects (arrows) be set at a more stringent .01 level rather than the
customary .05, on the rationale that after having added parameters on the basis
of theory, the alpha significance for their deletion should involve a low Type |
error rate. More than one cycle of building and trimming may be needed before
the researcher settles on the final model.

Modification indexes and parameter change

Modification indexes (MI) are used in conjunction with parameter change
coefficients to judge whether the model would be improved significantly by
adding arrows. Note that in Amos, the Ml table is not computed if the dataset
contains missing values. There is more than one table of Ml coefficients:

Ml’s for regression weights (paths(): In the case of MI for estimated
regression weights, the Ml has to do with the change in chi-square if the
path between the two variables is added to the model, with larger MlI
suggesting stronger reason to add the path.

MI’s for covariances: In the case of modification indexes for covariances,
the Ml has to do with the decrease in chi-square if two error term variables
are allowed to correlate. For instance, if the MI for a covariance is 24 and
the "Par Change" is .8, this means that if the model is respecified to allow
the two error terms to covary their covariance would be expected to
change by .8, leading to a reduction of model chi-square by 24 (lower is
better fit). Even if Ml and Par Change indicate that model fit will increase if
a covariance arrow is added between indicator error terms, the standard
recommendation is not to do so unless there are strong theoretical reasons
in the model for expecting such covariance (ex., the researcher has used a
measure at two time periods, where correlation of error would be
predicted). That is, error covariance arrows should not be added simply to
improve model fit.

Ml’s for error terms: Ml’s may suggest adding covariance arrows
connecting error terms. Generally, the researcher does not want to add a
covariance arrow between the error term for an indicator variable for one
latent variable and the error term for an indicator variable for a different
error term. Rather, the researcher generally wishes the indicator variables
for different latent variables to be uncorrelated, and for their error terms to
be uncorrelated as well, so as to preserve the conceptual distinction
between latent variables. If the suggested covariance is between error

Copyright @c 2015 by G. David Garson and Statistical Associates Publishing Page 26



STRUCTURAL EQUATION MODELING 2015 Edition

terms of two indicator variables for the same latent variable, this means
that once the latent cause of correlation of the two indicator variables is
accounted for (by the latent variable), there is still an unmeasured
influence connecting the two indicator variables. This influence might be
that one indicator causes the other, or they may share an unmeasured
common influence connecting them. Further investigation is warranted. An
alternative strategy might be to drop one of the indicator variables, but this
runs the risk of reducing the reliability of the latent variable as a measure.

MI coefficients may be used to alter models to achieve better fit but this must be
with theoretical justification. Some oppose use of Ml’s altogether on the ground
that all model specifications should be theory-driven, not data driven. Blind use of
MI runs the risk of capitalization on data noise and model adjustments which
make no substantive sense. Simulation studies by Silvia and MacCallum (1988; see
also MacCallum, 1986) found most Ml-suggested model changes to misspecified
models were incorrect and did not reproduce the model known to be true and
which generated the data. Moreover, when n is large, even very small
discrepancies between the model-implied and the observed covariance matrix
may trigger an Ml flag. The researcher should be aware that MlI’s are just flags to
consider adding a direct path or covariance and may represent mistaken
suggestions.

If MI’s are used, the researcher should also take into account the effect size of
the arrow to be added as indicated by the parameter change coefficient. “Par
change" is the estimated path coefficient change when adding arrows. Since
absence of an arrow corresponds to a 0 path coefficient weight, “Par change” is
the regression coefficient for the added arrow. "Par change," also called
"expected parameter change" (EPC) in Stata and some other software, is an effect
size measure. Most SEM software will list the expected parameter change and its
significance level along with the Ml for that path. If the given arrow is added, the
actual new parameter value may differ somewhat from the "Par Change"
estimate. The researcher may decide not to add an arrow flagged by Ml if the
parameter change is trivial. Likewise, the researcher may wish to add an arrow
where the parameter change is large in absolute size even if the corresponding Ml
is not the largest one.

How large is a “large” MI? The minimum value would be 3.84, since chi-square
must drop that amount simply by virtue of having one less parameter (path) in
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the model. This is why the default threshold is set to 4 in Amos and most SEM
software. The researcher can set a higher value if wanted, causing Ml’s below the
specified level not to be output.

To summarize, the researcher may consider adding an arrow to the model if the
Ml is high and the parameter change coefficient is high and it makes theoretical
sense. A variety of criteria have been used:

e Consider adding a path if the modification index exceeds 100.

e Consider adding a path for the largest Ml which also is associated with a
large enough parameter change to affect substantive interpretations of
effects in the researcher’s particular context.

e On an exploratory basis, the researcher may assess adding which arrows, if
any, causes fit indexes to reach acceptable levels.

Although a number of criteria have also been suggested as rules-of-thumb for a
“large” MI (> 4, >10, >30, and >100 have been mentioned), such criteria are
beside the point, which is to consider adding arrows to the model if justified by
theory and if adding the arrow will cause model fit to reach acceptable levels.
The Ml is simply a flag which suggests to the researcher which arrows to
consider. The less certain the theoretical justification for adding an Ml-flagged
path or covariance, the greater the need for cross-validation of the model on
other data than the model-development data.

The Lagrange multiplier coefficient

SAS and Stata output the Lagrange multiplier (LM) statistic rather than the M
statistic, though both serve the same function. The LM statistic is sometimes
called "multivariate MI," and serves the same function in SAS and Stata output. In
fact, Stata labels the LM statistic as “MI”, though SAS labels it “LM”. While
univariate Ml in Amos and multivariate Ml (LM) in SAS and Stata frequently lead
to the same conclusions, this is not always the case as an example later on below
demonstrates.

LM would is especially appropriate if the researcher is considering adding an
entire set of arrows to the model since different conclusions might arise from the
multivariate LM approach as compared with a series of individual MI decisions.
On the other hand, larger LM or Ml both flag possible arrows to add to a model
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and the usual procedure is to add arrows one at a time, rerunning the model after
each addition.

Path significance and critical ratios

Model trimming usually centers on deleting arrows in the model which are not
significant, provided it makes theoretical sense to do so. For regression paths,
most SEM software will print out the p significance level and in social science, p
values above .05 flag non-significant paths.

If the p value is not available, paths with a critical ratio greater than 1.96 indicate
that path is significant at the .05 level or better. Significance of covariances is
interpreted in the same manner. Greater than 2.58 indicates significance at the
.01 level or better. Amos and some other packages indicate the .05 level with one
asterisk, the .01 level with two asterisks, and the ,001 level with three asterisks.
The significance of the standardized and unstandardized estimates will be
identical so some statistical packages, including Amos, do not print the significant
level for standardized coefficients.

Model fit

A quite large number of different types of goodness-of-fit coefficients are
available to assess both confirmatory factor analysis and structural models. The
correspondence of these fit measures to true causality is a subject of great
controversy, with positions ranging from rejection of any use of fit measures to
embrace of their use. Understanding this controversy is important to proper use
of fit measures. As a practical matter, however, the great majority of SEM studies
finding their way to publication report goodness of fit measures. Meeting
goodness of fit criteria does not assure that the causal model is true, but failing to
meet fit criteria is reason to strongly suspect the model is false. This topic is
explored at greater length in a later section.

Non-hierarchical model comparisons

Model-building and model-trimming, discussed above, involve comparing a model
which is a nested subset of another. If modeling does not simply involve adding
and subtracting path and covariance arrows in the model, then one model may
not be nested within another. The likelihood ratio test of model chi-square
difference cannot be used directly for non-hierarchical models, only nested
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models. This is because model fit by chi-square is partly a function of model
complexity, with more complex models fitting better. For non-hierarchical model
comparisons, the researcher should use information theory goodness of fit
measures which penalize for complexity (reward parsimony), such as AIC or BIC,
since these handle comparison of non-nested models (however, see discussion
below).

Software packages

This volume covers structural equation modeling in SPSS, SAS, and Stata. While all
three packages can implement most SEM models, at this writing Stata is the most
comprehensive package insofar as it supports generalized SEM (support for non-
normal distributions and a variety of link functions) and hierarchical SEM (support
for multilevel/linear mixed SEM modeling).

e SPSS. Amos (Analysis of MOment Structures) is the SPSS SEM module. It
features a user-friendly graphical interface and has become popular as a
relatively easy way to specify models. However, also available in Amos is a
BASIC programming mode. At this writing, Amos does not support
generalized SEM or hierarchical SEM.

e SAS. SEM is implemented in SAS using PROC CALIS. SAS briefly supported
PROC TCALIS on an experimental basis, handling multi-group SEM and
analysis of mean structures, but its features have now been folded back
into PROC CALIS. At this writing, SAS does not support generalized SEM or
hierarchical SEM.

e Stata: The Stata sem command implements structural equation models for
normally distributed data. The gsem command implements generalized
SEM, which supports non-normal distributions and a variety of link
functions. In addition, starting with Version 13, Stata supports hierarchical
structural equation modeling, including hierarchical generalized SEM. An
extension for generalized linear latent and mixed models (GLLAMM)
supports multilevel models, generalized models, latent class models, item
response models, factor models, and structural models. GLLAMM programs
for Stata are documented at http://www.gllamm.org/ and in Rabe-Hesketh,
Skrondal, & Pickles (2004, 2005). Type net install gllamm to install this
user-written add-on and then type help gllamm from the Stata command
prompt.
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Other statistical packages.

e Mplus software (developed by Muthén, 2002a, 2002b) supports more
complex models involving a mix of nominal ordinal, and continuous
variables, including multilevel (hierarchical) data and random effects. MPlus
also handles generalized SEM and discrete-time survival models.

e xxM is an R-language package which supports multilevel structural equation
modeling, cross-classified models, longitudinal models, and linear growth
models. At this writing it was free.

e Lisrel popularized SEM in sociology and the social sciences and is still the
package of reference in many articles employing structural equation
modeling.

e EQS is another long-standing and widely used SEM package.

User interfaces for SEM

In most statistical packages, structural equation models may be entered
graphically, as illustrated below using the Wheaton data. This classic dataset is
used by Amos, SAS, Stata, MPlus, and numerous other packages and textbooks to
illustrate a simple SEM model. In this model, focusing on the stability of
“Alienation” as a construct between 1967 and 1971, the following variables are
used:

e anomia67 and powles67: observed indicators of “Alienation67”

e anomia71 and powles71: observed indicators of “Alienation71”

e educatio and sei: observed indicators of “SES”, which is socioeconomic
status.

The model posits that Alienation71 is caused by Alienation67, and both are
caused by SES. Also posited in this version of the model are covariances between
anomia67 and anomia71; and between powles67 and powles71.

The SPSS Amos interface

Most Amos users employ the Amos graphical user interface shown below. Using
menu choices and tools shown on the left of the figure below (tools also may be
invoked using the Diagram menu choice), the structural equation model is drawn.
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e Selecting View > Variables in the Data causes a variable list to pop up.
Variables may be dragged to the rectangles, which are the measured
variables.

e Using View > Object Properties, names may be given to the ovals, which are
the latent variables.

e Using Plugins > Name Unobserved Variables, the error terms shown as
small circles may be labeled.

e The single black arrow tool in the upper left, second row of icons, is used to
draw hypothesized causal arrows.

e The double-headed arrow tool next to it is used to draw covariance
relationships.
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In Amos, the general process of structural modeling is to use the icons above
to draw a circle-and-arrow path diagram, associated the diagram with data (a
correlation matrix or raw data). When the model is fully drawn and analysis
and output options are selected, the Analyze > Calculate Estimates menu
selection runs the model. View > Text Output enables the researcher to view
and print results.
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Not estimating any user-defined estimand.

In tandem with using the Amos graphical interface to draw a model, the File >
Data Files menu choice is used to specify the data. Below is the data file for the
Wheaton example. As can be seen Amos accepts covariance or correlation matrix
input, not just raw data.
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