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Definition

Measurement invariance tests for the psychometric equivalence of a construct
across different target cultures (Greiff & Iliescu, 2017). Cross-cultural
comparability is usually evaluated through multigroup confirmatory factor analysis
(MGCFA), which is a technique capable of testing cross-national equivalence over
several countries (Joreskog, 1971; Meitinger, 2017) to claim that a construct is fully

invariant.



How can you test M.l.7?

Measurement invariance can be tested across four steps: Configural, Metric,
Scalar, and Strict (see Putnick & Bornstein, 2016), following the recommendations
by Hu and Bentler (1999), Cheung and Rensvold (2002), Chen (2007), and Meade et
al. (2008). Either ML or MLR estimator are the usual choice (Maximum likelihood,
and ML with robust standard errors) across tested steps. Applied decision rules to
whether they complied or not with the type of studied invariance should be based on
sample size, type of invariance, and fit-statistic used for comparison (see Meade et

al., 2008).



Types of invariance to be tested

The nested models are progressively tested from configural to scalar invariance
(Vandenberg & Lance, 2000). Configural invariance represents the baseline, which
assumes that groups share the same conceptual framework without equality
constraints on any parameter. Metric invariance requires equivalence of factor

loadings, meaning that each item contributes to the latent construct similarly across
different groups.



Types of invariance to be tested

Scalar invariance allows for the comparison of latent means across groups (Putnick
& Bornstein, 2016). This type of invariance analysis derives from constraining
intercepts to be equal among groups. If there is enough evidence for scalar
invariance, then scores are considered invariant, i.e., equivalent (Chen, 2007; Téth-
Kiraly et al., 2017). The previous types of invariance are necessary to claim that a
construct is fully invariant. In Strict invariance, residuals are set to be equal across
groups, although this is optional in cross-cultural research.



Some examples from PYD
research

Marique-Millones et al., 2021

Table 2 Invariance models for the 7Cs and risky

behaviors
Model fit
y2(df) RMSEA | CFI
The 7Cs model
Competence 52.45(13) 063 965
Confidence 132.28 (27) 072 965
Character 153.31 (45) 057 937
Caring 52.90(19) .049 983
Connection 152.48 (43) 058 944
Contribution 64.78 (14) .069 915
Creativity 177.01 (56) 054 969
Risky behaviors 71.31(3) 026 963

Note. y* = Chi-Square tests significant at p <. 01;
df = degrees of freedom; CFI = Comparative Fit Index;
RMSEA = Root Mean Square Error of Approximation.
The represented models for each construct refer to the
measurement weights model indicating construct invari-
ance across samples

Kosic et al., 2021

Table 2 Fit statistics for multi-group confirmatory factor
analyses for measures used with Slovene and Italian youth

Muodel fit
¥ |df |CFI |RMSEA
Measure
Social support
Configural T5.44%%% 124 | 909 e
invariance
Metric TB.GO=®F o4 032
Uka et al., 2021 invariance
Scalar 159 14%#% |37 | 785 A72
Table 3 Measurement invariance for the developmental invariance
assets across countries -
Social
Model fit indices compelence
RMSEA | 90% Cls Configural 41 18=%% |22 | Q49 RIEY|
Model S-By* (df) RMSEA | CFI invariance
Configural 150.093 |.071 054-.087 | 952 Metric S0.66%** | 7% | 030 030
invar.i ance (76) invariance
Mctrl'c 170.356 | .065 049080 | .951 Scalar SE.725%* |35 | 036 036
invariance (94) P—
invariance
Scalar 242,115 | .077 064-.091 | 917 Positive identi
invariance | (112) ositive identity
Partial 204404 | 068 | .054-.082 | .937 Configural 791 4 199 | 043
scalar (107) invarance
invariance Metric 0.40 T .997 026
Note. S-B y* = Satorra-Bentler scaled y*; df = degrees of nvanance
freedom; Cls = Confidence Intervals; RMSEA = Robust Scalar 15.45 11 {.99%4 028
Root Mean Square Error of Approximation; invariance
CFI = Comparative Fit Index. Configural invariance tests Model test
whcthcr all items/factors are associated with the assch Unconstrained | 16.32%%* |4 | 978 077
allowing for subsequent tests to be conducted. Metric
S . . model
invariance tests whether all items/factors are associated p— 5 -
with assets in the same way allowing the comparison of Sm_'l':mnﬂ 19.34 7928 058
relations between these factors and other constructs. weights model
Scalar/partial invariance constrains factor loadings and Structural 21.62 12 | 944 039
intercepts to be equal among groups allowing to compare residuals
mean differences of the measured factors model




Some examples from PYD research

Mplus VERSION 8.3
HUOTHEN & HMUTHEN
04-20-2022 5:42 PM

INFUT INSTRUCTIONS

TITLE: Hultiple Group Configural Invariance Gender Confi, Metric and Scalar.

DATA:

FILE IS "C:~Dataszet_PYD Spain_and Chile For HI . dat":
VARIABLE :

namnes= Gender Age Country d1 d2 43 d4 45 de 47 48
d9 410 d11 412 413 414 d15 d1e d17 d18 d19 d20 d21

d30 d31 432 433 d34:;
rouping 1= Gender (1=Woman 2=Hanl>
& =R =

ESTIMATOR = MILE:

ROTATION = TARGET (orthogonal):
MODEL = CONFIGURAL METRIC SCALAR:
OUTEUT :

zampstat
/ Global PYD
fg BY d1-d34 (=1):

F51 BY dil d2 d3 47 d& d3% d4~0 d5~0 dé~0
dio~0 dii~0 d12~0 d13~0 di4~0 di5~0 dle~0
di7~0 dig~0 d19~0 d20~0 d21~0 dzz2~0 d23~0
d24~0 d25~0 dz2e~0 d27~0 d28~0 d29~0 d30~0
d31~0 d32~0 d33~0 d34~00(*1);

F52 BY d4 de 410 d12 413 d14 d41~0 dz2~0 d3~0
d7~0 48~0 d9~0 45~0 d411™~0 d15~0 die6~0 d17~0
d18~0 d419~0 dz20™0 d21~0 d22~0 d23~0 d24~0
dz5~0 d2e~0 d27~0 d28~0 d29~0 d30~0 d31~0
d3z2™~0 d33™0 d34™0(=*1);

F53 BY d5 di11 di5 die6 d17 di1d d19 dz0
di~0 d2~0 d3~0 47~0 d8~0 d9~0 d4~0 de~0
d10~0 di12~0 d13™0 di4~0 d21~0 dz22~0 d23~0
dz4~0 d25~0 dz2e™0 d27~0 d28~0 d429~0 d30~0
d31~0 d32~0 d33™0 d34~0(*l);

Character

FS54 BY d21 d22 d23 d24 d25 d26 di~0 d2~0
d3~0 4d7~0 di~o d9~0 d4~0 dé~0o dio~0 diz~o
d13~0 did4~0 4d5~0 dii~0 di15~0 die~0 di7~0
dig~o 4i9~0 d20~0 d27~0 d28~0 d29~0 d30~0
d31~0 d32~0 d33~0 d34~0i=1);

Caring

N\ A

FSS BY d27 d28 429 430 431 d32 433 d34
di~0 d2~0 d3~0 47~0 d8~0 d9~0 d4~0 de~0
di0~0 diz2~0 413~0 di4~0 d5~0 d11~0 d15™0
die~0 417~0 d18~0 di9~0 dz20~0 d21~0 d22~0
dz3~0 d24~0 425™0 d26™~0(*1);

.

Competence

Confidence

Connection

Mplus VERSION 8.3
MUTHEN & WUTHEN
04-20-2022 5:46 PM

INFUT INSTREUCTIONS
TITLE: Multiple Group Configural Invariance Country Confi, Metric and Scalar.

DATA:

FILE IS "C:-~Dataset_PYD Spain_and_Chile_For HI dat":
VARTAELE:

names= (Gender Age Country dl d2 43 d4 d5% de 47 d8

d9 di0 411 d12 d13 di4 415 die d17 418 d19 420 d21
d22 d23 d24 425 doe 427 428 429 430 d31 d32 433 d34;

<)

ESTIMATOR = MLE:

ROTATION = TARGET {orthogonal):
MODEL = CONFIGURAL METRIC SCALAR:
OUTFUT :

zanpstat

MODEL :
fg BY dl-d34 (=1);

F51 BY dl dz2 d3 d7 d8 49 d4~0 4d5~0 d6~0
dio~0 d11~0 diz2~0 d13~0 did~0 d15~0 die~0
d17~0 d18~0 d19~0 d20~0 d21~0 d22~0 d23~0
d24~0 d25~0 d26~0 d27~0 d28~0 d29~0 d30~0
dal~0 d32~0 d33~0 d34~0(=1):

FS2 BY d4 de6 dilo 412 d13 d14 d1~0 d2~0 d3~0
d7~0 d8~0 d9~0 d5~0 d11~0 d1%~0 dle~0 d17~0
d18~0 d19~0 d20~0 d21~0 dz22~0 d23~0 d24~0
d25~0 d26~0 d27~0 d28~0 d29~0 d430~0 d31~0
d32~0 d33~0 d3id~0(=1);

FS3 BY d5 di11 d15 di16 d17 di1s d19 420
di~0 d2~0 da~0 d7~0 d8~0 d9~0 d4~0 de~0
dio~0 412~0 d13~0 d14~0 d21~0 d22~0 d23~0
d24~0 425~0 d26~0 427~0 d28~0 d29~0 430~0
d31™~0 43270 d33™0 d34~0(*1);

FS54 BY d21 d22 d23 d24 425 d2e d1~0 d2+~0
d3~0 d7~0 dé~0 d9~0 d4~0 de~0 did~0 diz~0
d13~0 d14~0 d5~0 d11~0 d415~0 di6~0 417~0
dia~0 419~0 dz20~0 d27~0 d28~0 d29~0 d30~0
dal~0 d32~0 d33~0 d34~0(=1):

FSE BY d27 d28 429 430 431 d32 433 434
di~o dz2~0 d3~0 d7~0 48~0 d9~0 d4~0 d6™0
dio~0 d12~0 d13~0 d14~0 d5~0 d11~0 415~0
dile~0 d17~0 d18~0 d19~0 dz20~0 d21~0 d22~0
d23~0 d24~0 d25~0 d26~0(*1):



Some examples from PYD research

Multiple Group Configursl Invariance Country Confi, Metric and Scalar.

SUMMARY OF ANALVSIS

Humber of groups 2
Humber of observations
Group SPAINH 899
Group CHILE 261
Total sample =ize 1160
Humber of dependent wvariables 36
Humber of independent wariables i]
Humber of continuous latent wariables [
Obzerved dependent warisbles
Continuous
GENDER AGE b1 D2 k] D4
D5 il D7 Da k] Din
D11 D1z D13 D14 D15 Dla
D17 Dig D149 D20 D21 D22
D23 D24 D25 D26 D27 D28
D24 D30 D31 D3z D33 D34
ontinuous latent variables
EF4 factors
*1: Fi5 F51 F52 F53 FS4 F
Variables w tion
Grouping variable COUHTREY
Estimator MLE
Rotation TARGET
Row standardization Varies
Type of rotation CORTHOGONAL
Information matri= OBSERVED
Hazimum number of iterations 1000
Conwvergence criterion 0.500D-D4
Hazimun number of stespest descent iterations 20
Optimization Specifications for the Ezploratory Factor Analwysis
Rotation Algorithm
Humber of random starts 30
Maximum number of iterations lo0000o0
Lerivative convergence criterion 0.100D-04

Input data file(=)
C:~Dataset_PYD Spain_and_Chile_For HMI . dat

Input data format FREE



Some examples from PYD research

JODEL FIT INFORMATION

Invariance Testing

Humber of Degrees of
Hodel Paraneters Chi-Sgquare Fresedom P-Value
Configural H.- b
Hetric HoAhwx
Scalar Hohxx

L22 Model did not terminate normally. Refer to TECHY ocutput for more information.

{0ODEL RESULTS FOR THE CONFIGURAL MODEL

Estimate

Measurement Invariance by Country

TECHHICAL 9 OUTEUT
Error mes=szagez for the Configural Hodel:
THE HMODEL ESTIMATION TERMINATED HORMALLY

WARNING: THE RESIDUAL COVARIANCE MATRIX (THETA; IN GROUP MAN IS HOT
POSITIVE DEFINITE. THIS COULD INDICATE A4 WEGATIVE YARIANCE-RESIDUAL
VARIANCE FOR AN OBSERVED VARIABLE, & CORRELATION GREATER OR EQUAL TO ONE
BETWEEN TWO OBSERVED WARIAELES., OR A LINEAR DEFPENDENCY AMONG MORE THAN TWO
OBSERVED VARIAELES. CHECK THE RESULTS SECTION FOR MORE INFORMATION.
FROBLEM INVOLVING VARIABLE D33.

Error messages for the MHetric Model:
THE MODEL ESTIMATION TERMINATED HORMALLY

WARNING: THE RESIDUAL COVARIANCE MATRIX (THETA; IN GROUP WOMAN IS HOT
POSITIVE DEFINITE. THIS COULD INDICATE A4 WEGATIVE YARTANCE-RESIDUAL
VARIANCE FOR AN OBSERVED VARIABLE., A CORRELATION GEEATER OR EQUAL TO ONE
BETWEEN TWO OBSERVED WARIAELES, OR A LINEAR DEFENDENCY AMONG MORE THAN TWO
OBSERVED VARIABLES. CHECK THE RESULTS SECTION FOR MORE INFORMATION.
PROBLEM INVOLVING VARIABLE D33.

Error messages for the Scalar Model:
THE MODEL ESTIMATION TERMINATED HORMALLY

WARNING: THE RESIDUAL COVARIANCE MATRIX (THETA) IN GROUP WOMAN IS HOT
POSITIVE DEFINITE. THIS COULD INDICATE A NEGATIVE VARTANCE-RESIDUAL
VARIANCE FOR AN OBSERVED VARIABLE, A CORRELATION GEEATER OR EQUAL TO ONE
BETWEEN TWO OBSERVED WARIAELES, OR A LINEAR DEFENDENCY AMONG MORE THAN TWO
OBSERVED VARIABLES. CHECK THE RESULTS SECTION FOR MORE INFORMATION.
PROBLEM INVOLVING VARIABLE D33.



nuvest fll 1nrUndlal TUN

Invariance Testing

Measurement Invariance by Gender

Humber of Degrees of
Model Paransters Chi-Square Freedom P-Value
Configural h22 2827 895 gaz p.ooon
Metric 354 a057 801 1050 p.ooon
Scalar 326 3123 549 1074 p.ooon
Degrees of
Hodels hi-Sguare Freedom P-Value
Metric against Configural 275407 168 p.oonn
Scalar against Configural 196 n.oonn
against Metric 28 p.oont

MODEL FIT INFORMATICON FOR THE CONFIGUEAL MODEL

Number of Free Paransters
Loglikelihood

HO Value

HO Scaling Correction Factor
for HLRE

H1 Value

Hl1 Scaling Correction Factor
for HLRE

Information Criteria

Akaike (AIC)

Baye=zian (BIC)

Samnple-Size Adjusted BIC
(n* = (n + 2) ~ 24)

Chi-Square Test of Model Fit

Value

Degrees of Fresdom

P-Value

Scaling Correction Factor
for HLE

522

-514824 390
1.38380

-50174 517
1.2491

104892 779
107332103
105674 058

2827 .895
ag2
n.00a0o
1.1669

F (Standardized Foot Hean Sguare Residual)

Value

Chi-Square Contribution and P-Value From Each Group (degrees of fresdom = 441)

WOMAN
HAN

1887 . 443
940 .452

o.o0oo
0.0ao

*  The chi-square value for MLM, MLMV, MLR, ULSHY, WLSM and WLSHY cannot be used

for chi-square difference testing in the regular way.
chi-square difference testing is described on the Mplus website.

MLH, MIE and WLSH
MLMV, WLSHMV,

and ULSHV difference testing i= done using the DIFFTEST option.

RMSEA (Foot Mean Sguare Error Of A

ztimate
90 Percent C.I.
robability EMSEA <= .05

roximation)

0.062
0.059
0.oo0

0.064

0.

MODEL FIT INFORMATION FOR THE HETEIC HODEL

Humber of Free Parameters 354
Loglikelihood
HO Values —L2019. 2589
HO Scaling Correction Factor 1. 3752
for MLE
H1l Valus -50174 517
Hl Scaling Correction Factor 1. 2491
for MLE
Information Criteria
Akaike (AIC) 104746 . 518
Bave=szian (BIC) 106536 . 404
Samnple-Size Adjusted BIC 105411 .982
(n*® = (n + 2) ~ 24)
Chi-Square Test of MHodel Fit
Values 3057 .801=
Degree=sz of Fresdom 1050
P-Value 0.o00a0
Scaling Correction Factor 1. 2066
for MLE
Chi-Sguare Contribution From Each Group
WOMAN 1387 . 207
MANH 1170.594

* The chi-=guare walus for MLM, MLHV, HLE. ULSHMV, WLSH =
for chi—-=guare difference testing in the regular waw.
chi—=guare difference testing i= described on the Hplu
and ULSHV difference testing i= done u=sing the DIFFTES

EHSEA (Root Mean Sguare Error Of Approximation)

inate
90 Percent C.I.
robability EMSEA <= .08

CFI-TLI

Chi-Sguare Test of ine HModel

Value 13053 . 665
Degrese=z of Fresdom 1260
FP-Value 0.ooon

Standardized Root Mean Square REesidual)

Values




MCODEL FIT INFORMATION FOR THE SCALAR MODEL

Humber of Fres Paransters 326
Loglikelihood
HO Value -52053.135
HO Scaling Correction Factor 1.4019
for MLE
H1l Value 50174 517
Hl Scaling Correction Factor 1.2491
for HLE

Information Criteria

Alaike (AIC) 104758 270
Bayesian (BIC) 106406 583
Sample-Size Adjusted BIC 105371.099

in* = (n + 23 ~ 24)

Chi—Sguare Test of Model Fit

Yalues 3123 549=

Degrees of Freedon 1078

F-Values 0.o0oo

Scaling Correction Factor 1.2029
for MLE

Chi—-Sguare Contribution From Each Group

WOMAN 1904 . 460
MAN 1219.089

* The chi-s=quare valus for HLM., MLMV, MLR., ULSMY. WILISH and T
for chi-=guare dlfference testlng in the regular way. HMLF
chi-=guare differs described on the Hplus we

EHSEA (Foot Mean Sguare Error Of Approximation)

E=ztimate 057

an Per;ept C.I.

Chi-Sguare Test o =2 Baseline Hodel

Yalue 13053 665
Degree=s of Fresdom 1260
F— 0.0000

HE (Standardized Root Mean Sguare Residual)

Value 0.080




Some examples from Trait El research

TITLE: Multiple Group Omnibus Measurement Invariance.
DATA:

FILE IS "C:\full_new_dataset_clinical.dat";

VARIABLE:

names= education occupation civilstatus age gender

t11t2t3t4t5t6t7t8t9t10t11t12t13 114115116117 t18 119120 t21 t22 123 t24 t25 t26 127
128 t29 t30;

usevar=t1t2t3t4t5t6t7t8t9t10t11t12t13t14t15t16t17t18 19120 t21 t22 123 124 t25
126 t27 t28 129 t30;

grouping is gender (1=Woman 2=Man);
ANALYSIS:

ESTIMATOR = MLR;

ROTATION = TARGET (orthogonal);
MODEL = CONFIGURAL METRIC SCALAR;

OUTPUT: sampstat;

MODEL :
fg BY t1-t38 (*1);

FS1 BY t5 t2e t9 t24 tl12 t27 t4~0 t19-~0

t7~0 t22~0 tl15~0 t38~0 tl~e

tl6~@ t2~8 tl7~0 t8~e t23~0 t13~0e

t28~0 te~0 t21~0 tl1le~0e

250 t11~0 t26~8 t3~0 t14~0 t18~8 t29~8(*1);

FS2 BY t4 t19 t7 t22 t15 t3@ t5~0 t20-0

t9~0 t24~0 tl2~8 t27~0 tl~e

tl6~@ t2~8 tl7~0 t8~0 t23~0 t1l3~0 t28~0

te~0 t21~0 tle~e

250 t11~0 t26~8 t3~0 t14~0 t18~8 t29~8(*1);

FS3 BY tl1 tle t2 t17 t8 t23 tl13 t28 t4~0

t19~8 t7~8 t22~80 tl15~8 t3e~0 t5~0

t2e~e t9~0 t24~0 tl2~8 t27~8 t6~e t21~0e

t16~0 t25~0 t1l~8 t26~0 t3~0 t14~8 t18~0 t29~8(*1);

FS4 BY t6 t21 tle t25 tll t26 t5~8 t2e~e
t9~0 t24~0 tl2~0 t27~0 t4~0e

t19~8 t7~0 t22~8 tl1l5~0 t3e~e tl~e tlé~e
t2~8 tl7~8 t8~0 t23~0 tl3~e t28~0

t3~0 t14~8 t18~8 t29~8(*1);



Some examples from Trait El research

INPUT READING TERMINATED NORMALLY Variables with special functions

Grouping variable GEMDER
Estimator MLR
Multiple Group Configural Invariance Gender Confi, Metric and Scalar. Rotation TARGET
Row standardization Varies
Type of rotation ORTHOGONAL
SUMMARY OF AMALYSIS . .
Information matrix OBSERVED
Maximum number of iterations 1866
Number of groups . 2 Convergence criterion @.5660-84
Mumber of observations Maximum number of steepest descent iterations 28
Group WOMAN 288 Optimization Specifications for the Exploratory Factor Analysis
Group MAN 248 Rotation Algorithm
Total sample zize 538 Number of random starts 38
Maximum number of iterations 1660000
. Derivati iteri @.1eah-a4
Mumber of dependent wariables 38 Sroofhn o aslinsrgalies i Ss e
Number of independent uariablesl 8 Input data file(s)
Mumber of continuous latent variables 5 C:%Wfull_new_dataset_clinical.dat
Observed dependent variables Input data format FREE
Continuous
Tl T2 T3 T4 L= TB
T7 T8 T9 Tle T11 T12
T1= T14 T1S Tl6 T17 Tl8
T19 TZ2@ T21 T22 T23 T24
T25 T26 T27 T28 T29 T38

Continuous latent variables

EFA factors
*]: FG F51 F52 F53 F54



MODEL FIT INFORMATION FOR THE CONFIGURAL MODEL

Number of Free Parameters 428
Loglikelihood
Ha Value -29786.873
H@ Scaling Correction Factor 1.3667
for MLR
H1 Value -29156.268
H1 Scaling Correction Factor 1.1476
for MLR

Information Criteria

Akaike (AIC) 68213.746
Bayesian (BIC) £1921.385
Sample-Size Adjusted BIC 6BR51.675

(n* = (n+2)/ 24)

Chi-Square Test of Model Fit

Value 1182.298*

Degrees of Freedom 598

P-Value a.8a08

Scaling Correction Factor #.9398
for MLR

MODEL FIT INFORMATION FOR THE METRIC MODEL

Number of Free Parameters 275
Loglikelihood
H8 Value -29827.804
H8 Scaling Correction Factor 1.2673
for MLR
H1 Value -29156.268
H1 Scaling Correction Factor 1.1476
for MLR

Information Criteria

Akaike (AIC) 68285 .689
Bayesian (BIC) £1379.618
Sample-Size Adjusted BIC 585866385

(n* = (n+2)/ 24)

Chi-5Square Test of Model Fit

Value 1219.382%

Degrees of Freedom 715

P-Value 8.8608

Scaling Correction Factor 1.1815
for MLR

MODEL FIT INFORMATION FOR THE SCALAR MODEL

Number of Free Parameters 275
Loglikelihood
H@ Value -29827.884
H& Scaling Correction Factor 1.2673
for MLR
HI Value -20156.268
Hl Scaling Correction Factor 1.1476
for MLR

Information Criteria

Akaike (AIC) 66285.689
Bayesian (BIC) £1379.618@
Sample-5ize Adjusted BIC £@85086.685

(n* = (n+2) / 24)

Chi-Square Test of Model Fit

Value 1219.382*

Degrees of Freedom 715

P-Value @.0000

Scaling Correction Factor 1.1815
for MLR

Chi-5Square Contribution From Each Group

Chi-Square Contribution and P-Value From Each Group (degrees of freedom = 295) Chi-5Square Contribution From Each Group

WOMAN 512.679  9.909 HOMAN P WOMAN 549.447
MAN 589.618  9.909 HAN TR MAN 578.856
*  The chi-square value for MLM, MLMV, MLR, ULSMV, WLSM and WLSMV cannot be used o UmE BEeEETE W T LD i L MLt G ETT Ll SIS I A *  The chi-square value for MLM, MLMV, MLR, ULSMV, WLSM and WLSMV cannot be used
for chi-square difference testing in the regular way. MLM, MLR and WLSM for chi-square difference testing in the regular way. MLM, MLR and WLSH for chi-square difference testing in the regular way. MLM, MLR and WLSM

chi-square difference testing is described on the Mplus website. MLMV, WLSMV,

chi-square difference testing is described on the Mplus website. MLMV, WLSMV, ; -HE -
and ULSMV difference testing 1s done using the DIFFTEST option.

and ULSMV difference testing is done using the DIFFTEST option.

chi-square difference testing is described on the Mplus website. MLMV, WLSMV,
and ULSMV difference testing is done using the DIFFTEST option.

RMSEA (Root Mean Square Error OF Approximation)

RMSEA (Root Mean Square Error OF Approximation) RMSEA (Root Mean Square Error OF Approximation)

: = Estimate @.852 . .
Estimate 8.857 8.a5

98 Percent C.I B.052 0.063 96 Percent C.1. Seiar) CHEy S;t;mte tC.I 0.047 0.057

[ L : : Probability RMSEA <= .85 0.283 greeft L. - ' :
Probability RMSEA <= .85 p.811 : : Probability RMSEA <= .85 p.283
CFI/TLI CFL/TLI CFI/TLI

. CFI 9.386 i
CFI 5.885 CFI 5.886
TLI B.838 TLI fEs2 TLT B.862

Chi-Square Test of Model Fit for the Baseline Model

Chi-Square Test of Model Fit for the Baseline Model

Value 5311.345
Degrees of Freedom 878
P-Value 9.0000

SRMR (Standardized Root Mean Square Residual)

Value

=~
a1

[ra}

Value 5311.345
Degrees of Freedom 878
P-Value 9. booa

SRMR (Standardized Root Mean Square Residual)

Value @.852

Chi-5Square Test of Model Fit for the Baseline Model

Value £311.345
Degrees of Freedom 878
P-Value 2.ooo0

SRMR (Standardized Root Mean Square Residual)

Value

=~
=]
o



Some examples from Trait El research

TITLE: Multiple Group Configural Measurement Invariance Across Genders

DATA:

FILE IS "C:\full_new_dataset_clinical.dat";

VARIABLE:

names= education occupation civilstatus age gender

t1t2t314t5t6t7t8t9t10t11t12113t14t15t16t17 t18 119120 121 122 123 124 t25 t26

t27 128 129 t30;

usevar=1t1t2t3t4t5t6t7t8t9t10t11t12t13t14t15t16t17 t18 t19 120 121 122 123 124

t25 126 t27 t28 129 t30;
grouping is gender (1=Woman 2=Man);
ANALYSIS:

ESTIMATOR = MLR;

ROTATION = TARGET (orthogonal);

/ (*1);

FS1 BY t5 t2e t9 t24 tl2 t27 t4~0 tlo~e

t7~@ t22~0 t15~0 t30~e tl~e

t16~0@ t2~0 t17~0 t8~0 t23~0 t13~0

t28~0 t6~0 t21~0 tle~e

t25~0 t11~0 t26~0 t3~8 t14~0 t18~0 t29~8(*1);
FS2 BY t4 t19 t7 t22 t15 t3@ t5~0 t2e~e

t9~0 t24~0 t12~0 t27~8 tl~e

tle~0@ t2~0 t17~0 t8~0 t23~0 tl3~0 t28~0

t6~0 t21~0 tle~e

t25~0 t11~0 t26~0 t3~8 t14~0 t18~0 t29~8(*1);
FS3 BY t1 tl6 t2 t17 t8 t23 t13 t28 t4~e
t19~8 t7~0 t22~0 t15~0 t30~0 t5~0

t20~0 t9~0 t24-0 t12~0 t27-0 t6~0 t21-~8

t10~0 t25~0 t11~8 t26~0 t3~0 t14~0 t18~8 t29~0(*1);

FS4 BY t6 t21 tle t25 tll t26 t5~0@ t20-~8
t9~0 t24~0 t12~0 t27~0 t4~e

t19~8 t7~8 t22~0 t15~0 t30~0 tl~0 tlé~e
t2~8 t17~0 t8~0 t23~0 tl3~e t28~0

t3~0 t1l4~0 t18~0 t29~8(*1);

MODEL:

fg BY t1-t30 (*1);

FS1 BY t5 120 t9 t24 t12 t27 t4~0 t19~0 t7~0 t22~0 t15~0 t30~0 t1~0
t16~0 t2~0 t17~0 t8~0 t23~0 t13~0

t28~0 t6~0 t21~0 t10~0 t25~0 t11~0 t26~0 t3~0 t14~0 t18~0
t29~0(*1);

FS2 BY t4 119 t7 t22 t15 t30 t5~0 t20~0 t9~0 t24~0 t12~0 t27~0 t1~0
t16~0 t2~0 t17~0 t8~0 t23~0 t13~0 t28~0 t6~0 t21~0 t10~0 t25~0
t11~0 t26~0 t3~0 t14~0 t18~0 t29~0(*1);

FS3BYt1t16t2t17 t8 t23 t13 128 t4~0 t19~0 t7~0 t22~0 t15~0 t30~0
t5~0 t20~0 t9~0 t24~0 t12~0 t27~0 t6~0 t21~0 t10~0 t25~0 t11~0
t26~0 t3~0 t14~0 t18~0 t29~0(*1);

FS4 BY t6 121 t10 t25 t11 126 t5~0 t20~0 t9~0 t24~0 t12~0 t27~0 t4~0
t19~0 t7~0 t22~0 t15~0 t30~0 t1~0 t16~0 t2~0 t17~0 t8~0 t23~0
t13~0 t28~0 t3~0 t14~0 t18~0 t29~0(*1);

[t1-t30];

t1-t30;

[fg@0]; [FS1@0]; [FS2@0]; [FS3@0]; [FS4@0];

OUTPUT:

sampstat standardized SVALUES stdyx modindices(15);



Configural Measurement Invariance

THE MODEL ESTIMATION TERMINATED NORMALLY Chi-Sgquare Contribution From Each Group
WOMAN 546,447
MAN 678.856

MODEL FIT INFORMATION
* The chi-square wvalue for MLM, MLMV, MLR, ULSMV, WLSM and WLSMV cannot be used

Number of Free Parameters 275 for chi-square difference testing in the regular way. MLM, MLR and WLSM
chi-square difference testing is described on the Mplus website. MLMV, WLSMV,
Loglikelihood and ULSMV difference testing is done using the DIFFTEST option.
He Value -29827 . 804 RMSEA (Root Mean Square Error OF Approximation)
H@ Scaling Correction Factor 1.2673
el Ll Estimate 8.852
H1 Value , -29156.268 9@ Percent C.I. 8.847 ©.857
Hl 5caling Correction Factor 1.1476 Probability RMSEA <= .85 A.283
for MLR
Information Criteria CFI/TLI
A BBR
Akaike (AIC) 68285 .6089 %ti E'EEE
Bayesian (BIC) 61379.618 '
Sample-5ize Adjusted BIC 6B586.685 . .
(n* = (n + 2) 7 24) Chi-Square Test of Model Fit for the Baseline Model
Chi-Square Test of Model Fit Value 5311.345
Degrees of Freedom 378
Value 1219.382% P-Value 8.oeea
Degrees of Freedom 715
P-Value a.0880 SRMR (Standardized Root Mean Square Residual)
Scaling Correction Factor 1.1815
for MLR Value @.852



Some examples from Trait El research

TITLE: Multiple Group Metric Measurement Invariance Across Genders

[t1-t30];

t1-t30;

ltem intercepts

ltem uniqueness

Factor means
«—

[fg@0]; [FS1@0]; [FS2@0]; [FS3@0]; [FS4@0];

Factor loadings are freed
here so no need to include
“Model Man” anymore

T18 WITH T3;
T19 WITH T4;
T24 WITH T9;
T30 WITH T7;
T17 WITH T2;
T25 WITH T10;

Correlated
uniquenesses




Metric Measurement Invariance

THE MODEL ESTIMATION TERMINATED NORMALLY

MODEL FIT INFORMATION

Number of Free Parameters 245
. . . MODEL MODIFICATION INDICES
Loglikels Chi-Square Contribution From Each Group
oglikelihood
"o Value 39854, 004 WOMAN 566.828 NOTE: Modificatiorj indices for dim.ect effects of.obserﬂved dependent variables
He Scaling Correction Factor 1.3127 MAN 789.589 regressed on covariates may not be included. To include these, request
for MLR MODINDICES (ALL).
H1 Value -29156. 268 . , . .
H1 Scaling Correction Factor 1.1476 The chi-square value for MLM, MLMV, MLR, ULSMV, WLSM and WLSMV cannot be used o o o . .
for MLR for chi-sgquare difference testing in the regular way. MLM, MLR and WLSM Minimum M.I. value for printing the modification index 5.000
. o chi-sguare difference testing is described on the Mplus website. MLMV, WLSMV,
M FEhT) @Rl and ULSMV difference testing is dome using the DIFFTEST option. M.1. E.P.C. Std E.P.C. Std¥X E.P.C.
Akaike (AIC) 60198 . 887 L Group WOMAN
Bayesian (BIC) £1243.936 RMSEA (Root Mean Square Error Of Approximation)
Sample-Size Adjusted BIC 6B466.239
(n* = (n+2)/ 24) - A [T
Estimate S WITH Statements
Chi-Square Test of Model Fit 98 Percent C.I. 6.047 0.057
Probability RMSEA <= .@5 @.247
e o T18 WITH T3 29.896 0.723 0.723 8.375
Degress of Freedom 745 CEI/TLI T19 WITH T4 19.887 0.709 6.709 0.296
P-Value @.8888
Scaling Correction Factor 1.6933 T24 WITH T9 17.8686 0.477 0.477 0.397
for MLR CFI @.88 T28 WITH T6 29.682 ©9.822 0.822 0.382
TLI @.868 T36 WITH T7 16.293 ©9.810 0.810 8.265
Chi-Sguare Test of Model Fit for the Baseline Model Group MAN
Value 5311.345
Degrees of Freedom a7e
P_Value B, 8000 WITH Statements
SRMR (Standardized Root Mean Square Residual) 1 WITH T9 15.189 0.438 0.430 0.390
117 WITH T2 17.364 B8.712 8.712 8.296
Value 8.854 T25 WITH T1@ 18.598 8.934 8.934 8.3082




Some examples from Trait El research

TITLE: Multiple Group Scalar Measurement Invariance Across Genders

[t1-t30]; . ltemintercepts are now invariant across groups

t1-t30; — Item uniqueness (residuals)

[fg@0]; [FS1@0]; [FS2@0]; [FS3@0]; [FS4@0];

Factor means were set to be equal

[fg*]; [FS17]; [FS2*]; [FS3*]; [FS4*]; «—— Factor means set to be freely estimated across groups



Scalar Measurement Invariance

MODEL FIT INFORMATION Chi'SE]L.IEI‘"E Contributisn From Each Qr-oup
WOMAN 578.2448
Number of Free Parameters 258 MEN 733,334
Loglikelihood *  The chi-square value for ML, MLFV, MLR, ULSMV, WLSM and WL MODEL MODIFICATION INDICES
for chi-square difference testing in the regular way. MLM, . ] .
H& Value -29845.373 chi-square difference testing is described on the Mplus wet NOTE : F".Ddl‘FlCE‘thlr? indices for dlr*f:ct effects u:uflcubser*ved dependent variables
He Scaling Correction Factor 1.4181 and ULSMV difference testing is deone using the DIFFTEST opt regressed on covarliates may not be included. To include these, request
for MLR MODINDICES (ALL).
H1 Value -29156. 263 RMSEA (Root Mean Square Error OFf Approximation) Minimum M.I. value for printing the modification index  15.@@@
H1 Scaling Correction Factor 1.1476
for MLR Estimate 8.854 M.T. E.P.C. 5td E.P.C. Std¥X E.P.C.
98 Percent C.I. 8.849 8.858 Group WOMAN
Information Criteria Probability RMSEA <= .85 8.107
WITH Statements
Bkaike (AIC) 60198.747 CFI/TLI
Bayesian [:BI[) 51258.0821 _ T15 WITH T3 38.9385 8.724 8.724 @.375
Sample-Size Ad<usted BIC 6844 453 CFI B.874 T19 WITH T4 19.749 B.694 8.694 B.293
EMC e TZER AU ' TLT @.851 724 WITH T8 18.848 @.479 8.479 @.398
(n* = (n+2)/ 24) T28 WITH T6 29.846 B.589 B.589 B.381
Chi-Square Test of Model Fit for the Baseline Model T3a WITH T7 16.7a4 @.8a7 8.8a7 @.264
Chi-5quare Test of Model Fit
Value 5311.345 Group MEN
Value 1381.574% Degrees of Freedom a7e
Degrees of Freedom 748 P-Value @.ao08 WITH Statements
P-Value 8. 6000 . .
Scaling Correction Factor 1.@589 SRMR (Standardized Root Mean Square Residual) T1l WITH T9 15.583 @.429 8.429 8.374
for NLR T17 WITH T2 18.177 @.715 8.715 @.299
' Value 8.853 T25 WITH T1@ 18.983 B.928 8.928 8.308



Some examples from Trait El research

TITLE: Multiple Group Strict Measurement Invariance Across Genders

t1-t30; — Item uniqueness (residuals) are now invariant across groups

[fg*]; [FS1*]; [FS2*]; [FS3*]; [FS4*]; Factor means are freely estimated across groups, as when
testing scalar invariance.



Reporting of Measurement Invariance

Pérez-Diaz & Petrides, 2021

Table 4. Multiple group measurement invariance model comparisons.

Models ,:{2 A ,:{2 df CFl A CH RMSEA A RMSEA RMSEALD RMSEAUb SRMR A SRMR
1

Configural 1506.16 — 879 0.917 — 0.046 — 0.042 0.050 0.036 —
Metric 2031.69 525.53 1129 0.880 0.037 0.049 0.003 0.046 0.053 0.054 0.018
Scalar 2253.93 222.24 1179 0.857 0.023 0.053 0.004 0.049 0.056 0.061 0.007
2

Configural 1121.93 — 586 0.927 — 0.043 — 0.039 0.047 0.032 —
Metric 1398.02 276.09 711 0.907 0.020 0.044 0.001 0.041 0.048 0.044 0.012
Scalar 1593.17 195.15 736 0.884 0.023 0.048 0.004 0.045 0.052 0.049 0.005
3

Configural 783.80 — 584 0.946 — 0.039 — 0.031 0.046 0.037 —
Metric 1013.49 229.69 709 0.918 0.028 0.043 0.004 0.037 0.049 0.052 0.015
Scalar 1053.43 39.94 734 0.914 0.004 0.044 0.001 0.038 0.050 0.055 0.003
4

Configural 1135.40 - 588 0.916 - 0.046 - 0.042 0.050 0.034 —
Metric 1414.86 279.46 713 0.892 0.024 0.048 0.002 0.044 0.051 0.047 0.013
Scalar 1576.47 161.61 738 0.871 0.021 0.051 0.003 0.048 0.055 0.053 0.006

Note. Model 1 - UK validation sample, N — 537; Chilean general population, N —335; and Chilean clinical population, N — 120. Model 2 — UK validation sample
and combined Chilean samples. Model 3 — Chilean general and clinical samples.Model 4 — UK validation sample and Chilean general population. y* — Chi
Squared, Ay — Chi Square difference, df — degrees of freedom, CFl-— Comparative Fit Index, ACFl— CFl difference, RMSEA — Root Mean Square Error of
Approximation, A RMSEA — RMSEA difference, RMSEALb — RMSEA Lower bound, RMSEAUb — Upper bound. SRMR - Standardized root mean residual, A
SRMR = SRMR difference.



Reporting of Measurement Invariance

Pérez-Diaz et al., 2021

TABLE 1 | Muitiple group measurement invariance comparisons by sociodemographic characteristics.

Models 12 A 7\2 df CFI A CFI @MSEA >A RMSEA RMSEALb RMSEAUb QSRMR ) A SRMR
1. Gender

Configural 1070.90 - 703 0.917 - 0.045 - 0.039 0.050 0.049 -
Metric 1120.81 49.91 733 0.913 0.004 0.045 0.000 0.039 0.050 0.052 0.003
Scalar 1099.95 20.86 728 0.916 0.003 0.044 0.001 0.039 0.049 0.051 0.001
2. Age

Configural 1085.76 - 586 - 0.057 = 0.052 0.062 0.040

Metric 1164.16 78.40 737 0.017 0.047 0.042 0.052 0.051
Scalar 1323.80 169.64 732 0.028 0.055 0.008 0.051 0.060 0.051 0.000
3. Education

Configural 1576.51 - 1114 0.901 = 0.049 - 0.043 0.054 0.061 -
Metric 1664.21 87.70 1174 0.896 0.005 0.049 0.000 0.043 0.054 0.065 0.004
Scalar 1646.01 18.20 1164 0.897 0.001 0.049 0.000 0.043 0.054 0.062 0.003
4. Civil status

Configural 1642.57 - 1117 0.884 - 0.054 - 0.049 0.060 0.063 -
Metric 1861.72 122.09 1192 0.894 0.010 0.051 0.001 0.047 0.056 0.067 0.012
Scalar 1755.58 106.14 1180 0.87 0.019 0.055 0.004 0.050 0.061 0.069 0.002
5. Occupation

Configural 1713.73 - 1123 0.861 - 0.060 - 0.054 0.066 0.067 -
Metric 1798.56 84.82 1183 0.855 0.006 0.060 0.000 0.054 0.065 0.072 0.005
Scalar 1792.44 6.11 1173 0.854 0.001 0.060 0.000 0.055 0.066 0.069 0.003

Model 1 = gender, N = 528, nWomen = 280, nMen = 248. Model 2 = age, N = 528, nYoung = 230, nSenior = 298. Model 3 = education, N = 528, nSecondary = 187,
nUniversity = 257, nGraduate = 84. Model 4 = civil status, N = 479, nSingle = 273, nRelationship = 118, nMarried = 88. Model 5 = occupation, N = 438, nFPrivate = 164,
nPublic = 114, nStudent = 160. 2 = chi squared, Ay? = chi squared difference, df = degrees of freedom, CFl = comparative fit index, ACFI = CFl difference, RMSEA = root
mean square error of approximation, A RMSEA = RMSEA difference, RMSEALD = RMSEA lower bound, RMSEAUb = RMSEA upper bound. SRMR = standardised root
mean residual, A SFMR = SRMR difference.
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While exploratory factor analysis (EFA) provides a more realistic presentation of the data with the
allowance of item cross-loadings, confirmatory factor analysis (CFA) includes many
methodological advances that the former does not. To create a synergy of the two, exploratory

structural equation modeling (ESEM) was proposed as an alternative solution, incorporating the
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