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A Structural equation modelling (SEM) provides a framework fol
assessing likely causal pathways

A Specific research question: Is Homocysteine (HCY) an
Independent risk factor foCADor is it merely a marker of
Increased risk

A Whichsoftware offers most flexibility for SEM analysis with
binary outcome®
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Study dataset

Elderly Chinese population (76 years age)

Casecontrol data: 460 individuals with (50%) and with@bi®%) hypertension
Crosssectional data: Individuals with (53%) and without (47%) CAD

1 binary variable

To o o I

i Coronary artery disease (CAD) status

o

9 continuous variables
i Lipids (LDL, HEdholesterol, Triglycerides (TG))
i Body mass index (BMI)
I Systolic Blood pressure (SBP)
I Homocysteine (HCY)
I Kidney function (Blood urea nitrogen: BUN)
I Inflammation (@eactive protein (CRP))
i Oxidative stress (Uric acid (UA))
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Structural Equation Modellin(BEM)

A Allows estimation of

' YRSNI @Ay afl0Sydaé FI O02NA
Multiple regression models

Direction of causal pathways

Strength of causal pathways

Direct and indirect effects

Tests of Mediation

A Traditionally used by the Social Sciences

A Gaining acceptance within the Health Sciences
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Research objectives

A Obtain parameter estimates
i Determine thedirect effect of HCY on CAD
i Determineexplained varianc€R®) of each variable
i Determine theindirect effectsof HCY on CAD

A Mediation

i Through which variables are the indirect effects mediated?
A Blood pressure

i Are there indirect effects of other factors via HCY?
A Insulin sensitivity
A Inflammation

A Oxidative stress

A Model fit

i Does the proposed causal pathway model fit?

i Is the model the same across genders? ﬁ%g
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Hypothesised causal pathway for CAD and risk factors

Path diagram for analysis
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Software forSEM

A Software packages
I STATA
I Mplus
I LISRELJ¢reskog1986)
I EQS (Bender, 1985)
i AMOS (SPSS add)
I R (librariessemand semPloj
I SmartPLS
A Analysis of binary outcomes available in
I STATA (since version 13; 2013)
I Mplus(since version 2; 2001)
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SEM estimation with categorical outcomes

A ML estimation requires numerical integration for combination of

I Categorical outcomes and
A Continuous latent variables

A Missing data
A Numerical integration available in
i STATA
I Mplus
A Mpilus has 2 additional estimation options
I Weighted least squares (WLS)

I Bayesian
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Mplus estimation methods with categorical outcomes

A Default method for categorical outcomes is means and
variance adjusted weighted least squares

I (Estimator=WLSMV)
I Usesprobit regression (CDF for CAD treated as a latent variable)
I Computationally demanding

A ML estimation
I (Estimator=ML)
I Rectangular, Gauddermiteor Monte Carlo integration
I With or without adaptive quadrature

A Bayes estimation
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STATA estimation methods with categorical outcomes

A GSEM

I ML with numerical integration is default for GSEM
I Theonly estimator option for categorical outcomes

A Integration methods
I Meanvariance adaptive gauss hermitaaghermitg (the default)
I Mcaghermite(computationally intensive but better convergence)
I Ghermite
I Laplace (less accurate but less computationally intensive)

A Technique (for VCE)

I Observed information matrix (OIM) &
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STATA code

gsem (CAD <- HCY CRP SBP LDL HDL BUN BMiIl, family(binomial) link(logit)) ///
(BUN < - BMI CRP UA) /Il
(CRP <- BMIUA) /I
(SBP < - BUN HCY BMI UA CRP) /Il
(HCY <- BMI BUN CRP) ///
(LDL < - BMIHCY) /Il
(TG< - HCY)
(HDL < - HCY) /I
if sex== , cov(e.TG* e.HDL e.HDL*e.LDL ) nocapslatent 1

method(ml ) ///

vce (oim) //]

intmethod ( mvaghermite ) ///
iterate(1001)
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Mplus code (for ML)

VARIABLE:
Names are
sex age HCY TG HDL LDL BUN CR UA CRP BS SBP DBP CAD BMI group;
Missing are all ( - 9999);

Usevariables are HCY TG HDL LDL BUN SBP CAD BMI CRP UA;
Categorical is CAD;
Useobservations are sex==0 ;
ANALYSIS:

estimator=ml;

iter =200000 ;

Algorithm=int ;
integration=GAUSSHERMITE;
Adaptive=on;

MODEL
CAD on BUN SBP HCY HDL LDL CRP BMI;
BUN on BMI CRP UA;
CRP on BMI UA;
SBP on BUN HCY BMI UA CRP;
HCY on BMI BUN CRP;
LDL on BMI HCY;
TG on HCY;
HDL on HCY;

TG Wi FDL LDL Wi DL To obtain indirect effects
OUTPUT stdyx;techl tech2;modindices(3 ) 2 y‘ / | 5 é A lj K Cbp:ﬂ / L Q

Model indirect:
CADind HCY;
CADind BUN:;
CADind BMI;
CADind SBP; -
CADind LDL; x%g

CADIind HDL; _ o
CADind CRP; @ Flinders University
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Typical SEM research questions

A Parameter estimates
T Nonstandardised
I Standardised

A Model fit

i Absolute fit (% for proposed model versus saturated model)
I Relative fit (AIC/BIC)
A Test for group invariance of parameter estimates
I i.e. canthe same parameter estimates be used for differgmups?
I E.g. Males versus femaleace
I Typically uses
A .2difference testing otonstrained and unconstrained models

A Difference in2 LL

A Estimate indirect effects
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Non-standardisedQ a

Males

CAD
HCY

CRP
SBP
LDL
HDL
BUN
BMI

Richard Woodman

0.311°0.046
0.1190.131
0.0340.014
-0.28°0.299
0.52700.681
0.1140.122
0.0370.057

0.311°0.046
0.1190.132
0.0340.014
-0.28°0.299
0.5270.681
0.1140.122
0.0370.057

0.1080.019
0.0470.050
0.013°0.004
-0.048 0.094
0.1580.226
0.089 0.045
0.020°0.019

SEM using STATA and Mplus

0.1870.024
0.059 0.069
0.0140.007
-0.202 0.158
0.1190.353
0.049 0.064
-0.0071 0.029
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StandardisedQ a

Males
CAD
HCY N/A 0.62°0.08 0.58°0.08 0.68°0.07
CRP N/A 0.070.07 0.070.08 0.06°0.07
SBP N/A 0.2?0.07 0.21°0.07 0.15°0.07
LDL N/A -0.06°0.07 0.030°0.058 -0.08 0.06
HDL N/A 0.05°0.06 0.04°0.06 0.020.06
BUN N/A 0.070.07 0.15°0.08 0.05°0.07
BMI N/A 0.040.07 0.070.06 -0.002 0.06
Flinders University
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CAD as continuousstandardisedQ a

Males

CAD
HCY

CRP

SBP

LDL

HDL

BUN

BMI
C2
SatorraBentlerc?

Richard Woodman

0.65°0.06
0.07°0.05
0.11°0.04
-0.0370.039
0.038 0.041
0.026°0.04
0.020.04
49.2 (38df); p=0.11
46.3 (38df); p=0.17

b
Mplus
ML

0.64°0.05
0.07°0.05
0.11°0.05
-0.0320.04
0.0380.04
0.024 0.04
0.020.04
48.8 (37df); p=0.0¢
47.9 (37df); p=0.11
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0.63°0.05
0.070.05
0.11°0.05
-0.0320.04
0.390.04
0.020.04
0.0220.04

Flinders University
Centre for Epidemiology
and Biostatistics

16/37



Model fit - Mplus

Absolute fit (c? test of model fit) with WLSMV

Value 32.717*
Degrees of Freedom 36

P- Value 0.6255

c2 Contribution From Each Group

MALES 12.877

FEMALES 19.839

Relative Fit(AIC/BIC) with ML (single groups only)

Loglikelihood HO Value - 2567.236
Akaike (AIC) 5216.472

Bayesian (BIC ) 5348.727

Sample - Size Adjusted BIC 5218.866

Nested model comparisons

WLSMVUsedifftest option
SAVEDATA
difftest is  mydiff .dat;
ANALYSIS:

difftest is mydiff .dat;

Chi - Square Test for Difference Testing

Value 28. 409
Degrees of Freedom 22
P- Value 0. 1625

ML: Applywith andwithout model constraintoption andcompare-2LLe.g:

MODEL CONSTRAINT:
- p1- B
0 bl; z,g,_g |
Loglikelihood HO Value - 2567.854 Flinders University
Loglikelihood HO Value - 2567.236 Centre for Epidemiology
. and Biostatistics
Flinder
UNIVERSITY
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Testing group invarianceMplus

WLSM¥? test of model fit

Unconstrained model
VARIABLE:
Grouping is sex (0O=males, 1=females)
SAVEDATA:
difftest is mydiff.dat ;

Value 32.717 *
Degrees of Freedom 36

P- Value 0.6255
c2 Contribution From Each Group
MALES 12.877
FEMALES 19.839

Constrained model
ANALYSIS:
estimator=  wlsmv ;
iter =20000;
difftest is mydiff.dat ;
MODEL
BUN on BMI(b1 ); etc.

Chi - Square Test for Difference Testing

Value 28.409
Degrees of Freedom 22
P- Value 0.1625

Richard Woodman

ML: Mixturemodels

VARIABLE:

Categorical is CAD;

classes=sex(2 );

knownclass = sex (sex=0, sex=1);
ANALYSIS:

type=mixture;

estimator=ml;

iter =20000;
algorithm=integration ;

Unconstrained model
MODEL

%overall %

Model code
%sex#1%

Model code
Usex#2%

Model code

Constrained Model

MODEL.:

%OVERALY

Model code

Number of Free Parameters 76
Loglikelihood HO Value - 6589.617
Number of Free Parameters 50
Loglikelihood HO Value - 6572.265

di chi2(34.7, 26)
14339388
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Mplusversus STATA for categorical outcomes

Mplus Mplus STATA
(WLSMV) (ML) (GSEM)

Estimates

Non-standardised \Y

Standardised Vv U
Model fit

Absolutefit (c? test of modeffit) \Y U

Relative fit (AIC/BIC) V

Nested modelsa? diff testing with LL) V \Y
Test for group invariance

with c2 difference testing \Y U

with -2 x Lod-ikelihooddifference testing V (ML Mixture model) U
Test of indirect effects \Y U
R for CAD V \% U
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Summary of results

A Treating binary variables as continuous can produce quite biased
results although substantive conclusions remain

A Mplus allows 3 estimation options versus 1 for STATA
I WLSMV more accuratePgychological Methods, 17(354-373)

A Mplus provides
I tests of absolute fit
I tests of indirect effects for ML
I testing for group invariance usiMjLSM\{difftest )
I Testing for group invariance using ML (mixture model)
I standardised estimates for ML
I Restimates
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lagrammeic Mplus: From syntax to dia

Step 1: Rurfrom syntax file

M Mplus - [rcy_wlsmy_MBFunconstraineding] 0 sl . .. T —

5 File Edit View Mplus Plot Diagam Window Help

(o] i

D@ @[S W b b b= F ] e |9 B el 2] 7 |

TITLE:

[-]=[x]

Hey_ml_Males
DATA:
File is hcy.dat;
LISTWISE=ON;
VARIABLE:
Names aze
sex age HCY TG HDL LDL BUN CR UA CRP 55 SBP DEP CAD BMI group;
Missing are all (-9939);
Usevariables are HCY TG HDL IDL BUN SSP CAD BMI CRP UA:
Categorical is CAD:
grouping is sex (O=males, 1=females):
! USEOBSERVATIONS ARE SEX==0:

ANALYSIS:
! estimator-wls:
1ter=30000;
MODEL:
BUN on BMI CRP UA;
CRE on BMI UA;
SBE on SUN HCY BMT UA CRE;

CAD on BUN SBP HCY HDL LDL CRP BMI:

HCY on BMI BUN CRP:
LDL on BMI HCY;

TG on HCY:

HDL on HCY;

TG with HDL; LDL with HDL;

CAD with TGRO;
savedata:

! difftest is mydiff2.dat;
OUTPUT:stdyx:techl tech2:modindices (3)

Model indirect:

CAD ind HCY;
CAD ind BUN;
CAD ind BMI;
CAD ind SBP;
CAD ind LDL;
C2ZD ind HDL;
€D ind CRE;
€AD ind UA;

< I
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lagrammeic Mplus: From syntax to dia

Step 2: Inthe output file, click: Diagram View diagram

M Mplus - [hcy_wismv_mBifunconstrained out]

5] File Edit View Mplus Plot Diagam Window Help

Mplus VERSION 7.31
MUTHEN & MUTHEN
08/12/2015 12:48 BM

T e e N
D] R R[S [ s [ o L [l bl 109 200 1 D[] 2 |

(| b
[]=[x]

INPUT INSTRUCTIONS

TITLE:
Hey ml Males
DATA:
File is hoy.dat:
LISTHISE=ON:
VARIABLE:
Nemes are
sex age HCY TG HDL LDL BUN CR UR CRP BS S3P DBP CAD BMI group:
Missing are all (-3399);
Usevariables are HCY TG HDL LDL BUN SBP CAD BMI CRE UA;
Categorical is CAD;
grouping is sex (0=males, l=females);
! USEOBSERVATIONS ARE SEX==0:
ANALYSIS:
! estimator=wls;
1ter=30000;
MODEL:
BUN on BMI CRP UA;
CRP on BMI UA;
SBP on BUN HCY BMI UA CRP;

CAD on SUM SBP HCY HDL LDL CRP BMI;

HCY on BMI BUN CRE:
LDL on BMI HCY:

T6 on HCY:

HDL on HCY:

TG with HDL; LDL with HDL;

CAD with TGEO;

savedata:

! diffresc is mydiff2.dac;
OUTBUT:stdyx;techl tech2;modindices(3)

Model indirect:

CAD ind HCY;
CAD ind BUN;
CAD ind BMI;
CAD ind SBF;
CAD ind LDL;
C2D ina HDL;
CED ind CRE;
CAD ind UA;

INPUT READING TERMINATED NORMALLY

I

6/10/2015
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Diagrammeric Mplus: From syntax to diagram

Step 3: This brings up the model withe estimates (dgmfile)

8 Mplus - hoy_wlsm. madfunconstrained.dgm, Group MALES I “— . o Lo O )
File Edit Mplus View

Diagram Window Help

D @ &@ k O O % ¥ - < + & O Q@ Q@ M@

=
P & may
Flinders University
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Diagrammerc Mplus: From syntax to diagram

Step 4: Go to Input mode (click on Diagrdmput), and either alter the syntax
in the newly written Input file, or alter the path diagranf.mdgfile)
GKAA @Attt lFdzi2YFGAOFrtte IEt0SNI GKS

P Mplus - hoy_wismy_m&funconstrained dgm, Group MALES. B —
A

le Edit Mplus View Diagram Window Help

B =N ]

D & B h O O % W - < + & O @ aQa m

EEhx

= 7 E_gr
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Diagrammeric Mplus: From syntax to diagram

Step 5: View output and new path diagram

A8 Mplus - Mplus InputLout.

—__§ T T - T S — i

file Edit Mplus View Diagram Window Help

D =& B K&

[}

O

W

4

&

Q

e

B Mplus Inputl.dgm, Group MALES

Mplus VERSION 7.31
MUTHEN & MUTHEN
08/12/2015 12:44 M

INPUT INSTRUCTIONS

TITLE:
Hey_ml Males
DATA:
File is hey.dat;
LISTWISE=ON;
VARIABLE:
Nemes are
sex age HGY TG HDL LDL BUN CR UA CRP BS SBP DBP CAD BMI group;
Missing are all (-9999);
Usevariables are HCY TG HDL LDL SUN SSP CAD BMI CRP UA;
Categorical is CAD;
grouping is sex (0=males, 1=females);
ANALYSIS:
1ter=30000;
OUTEUT:
stdyx;techl tech2;modindices (3)
MODEL:
czp ON bmi ua;
bun ON bmi ua;
hoy ON bmi;
sbp ON bmi ua;
1d1 ON bmi;
cad ON bmi;
bun ON crp;
hey ON crp bun;
sbp ON crp bun hoy;
tg ON hcy;
hdl ON hey;
1d1 ON hoy;
cad ON erp bun hey sbp hdl 1dl;
tg WITH hdl;
hdl WITH 1dl;

INBUT READING TERMINATED NORMALLY

E

<[ i,

Line: 1 Column: 1
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Diagrammerc Mplus: From diagram to syntax

Step 1. Open up Diagrammer from within Mplus Editor (Diagrgi®pen Diagrammer)

ile Edit Mplus Vi
(u} e & k ERCOEE R i Q Q m
SEEEEEE ﬁuaﬁ B Mplus Inputl.
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Diagrammerc Mplus: From diagram to syntax

Step 2: Creat@ath diagram. The model part of the syntax will appear on the RH side
but not other aspects of the syntax. The path diagram igvagfile.
Thesyntax file is ainp file.
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ey
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