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ANsATKUQTEWISITLIoSINNAU (Equality Constraints)

ASAMKUQTEWISITLaSINNAU (Equality Constraints) Wun1sAIKUQTEWISIOL0S 2 G2
KSoUNNIT (KidWan1sUs:zuIcuAmIDAIINNAU Standard Errors (SE) DANAU WU df mgtu
TuloawolRvuAUNISUYAUS=UIEUAT

U lavaan 33misvignaalumsfKualiws 0WosIinAu fon1sasiv label wuudgonu
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WU u1asiAUdLdazdgoAIa AU 9:88N3IUIASWUU Tau-equivalent ritldlagnism
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e il 4wt 1a label @ wihwisiimes
+ 2 =~ b*x2 + b*x3 + b*x4 4 ¢ '
+ ! W@ﬂﬁﬂ1iﬂi$h1mﬂ1
> outmtl <- cfa(mtl, data=dat, std.lv=TRUE)
> summary (outmtl)
Tavaan 0.6-12 ended normally after 17 iterations

Estimator ML

optimization method NLMINB

Number of model parameters 11

Number of equality constraints 3

Number of observations 200

Model Test User Model:

Test statistic 26.021
Degrees of freedom 7
P-value (Chi-square) 0.000

(Latent vVariables: \

Estimate Std.Err z-value P(G|z])
fl =~
x1 (a) 0.309 0.053 5.849 0.000
x5 (a) 0.309 0.053 5.849 0.000
2 =~
X2 (b) 0.471 0.034 13.754 0.000
X3 (b) 0.471 0.034 13.754 0.000
\\> x4 (b) 0.471 0.034 13.754 0.00?’/

Covariances:
Estimate Std.Err z-value P(|z|)

fl ~~
f2 0.727 0.141 5.142 0.000
variances:

Estimate Std.Err z-value P(G|z])
.x1 0.378 0.048 7.933 0.000
.X5 0.333 0.044 7.540 0.000
X2 A 4 T 9 o
.x3 W1S13JLG]E]§‘]J§$3J1mﬂ1‘HE]EJﬁ\1 3 7
'X4 a Jd o Y
f1 ﬂWiﬁﬂW1Tﬁu@65%11%ﬂ1ﬂ31%ﬁ4%1$ﬁu
f2

v Y
limydiuedaiivedin

> anova(out?2, outmtl)
Chi-squared Difference Test

DT AIC BIC Chisq Chisq diff Df diff Pr(>Chisq)
out2 4 1984.6 2020.9 19.550

outmtl 7 1985.0 2011.4 26.021 6.4707 3 0.09083 .

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 * ~’

1



Latent variables:
Estimate std.Err z-value P(G|z]|)

fl =~
x1 1.000
x5 1.000
2 =~
X2 1.000
x3 1.000
x4 1.000
Covariances:
Estimate Std.Err z-value P(G|z]|)
fl ~~
2 0.106 0.022 4.795 0.000
variances:
, Estimate sStd.Err z-value PG |z])
i ’;Ezzj‘l*xl Y e .x1 0.378 0.048 7.933 0.000
£ 2 —w 1%x2 + 1%x3 + 1%x4 .X5 0.333 0.044 7.540 0.000
+ ! .X2 0.233 0.032 7.202 0.000
> outmt? <- cfa(mt?2, data=dat, std.lv=FALSE) X3 0.348 0.043 8.161 0.000
> summary (outmt2) . ) x4 0.281 0.037 7.702 0.000
lavaan 0.6-12 ended normally after 18 +iterations f1 0.095 0.033 2.925 0.003
Estimator ML f2 0.222 0.032 6.877 0.000
Optimization method NLMINB
Number of model paraneters ’ ulaewilu Marker Variable Approach 14 hisuiludes
Number of observations 200

a$ Equality Constraints wszé2 Marker Variable

Model Test User Model: o ¥ o P < ° Y1 o 3 ~ o q ¥
ﬂ1WUQu1WUﬂ@Qﬂﬂ3$ﬂﬂUﬂhl1 ﬂﬁﬂ1WUQ1WWHﬂUﬂHhMWﬂ$WﬂW

Test statistic 26.021
Degrees of freedom 7

' ¥ Y] 4 4 1T W
povalue (Chi-square) 0.000 Aveiminesdlszneuduminy 1



ANsATKUQTEWISITLIoSINNAU (Equality Constraints)

nIsiKualiwasdasSINMAUD=EUo8 TUNSIUSYULNEUAUAUAUDOVUIASSIKITY
NAU S:K3VL0AT StKIWUKAVHUS:LTU WWodudusntuaudtivovuiasdall

Lanvnu (Measurement Invariance)

auudiduas3a 6 donwuazwous:lTuanuovau Tdoraiu 6 do 3 Jousnus:Lidu
91N1soad0WJla (Inattentive) wa: 3 Jokavus:lduoinisagllian (Hyperactive)

UN39801000vN1SQINNEUANUIAUDVUIASAUS:LTUgNDINWD LazNUSzoUaNdINLWL
UncuaultsidounuksSoly awnsanzuuuaulanuktviwaunuANvaovAUulaxksoll



ANsATKUQTEWISITLIoSINNAU (Equality Constraints)

* pIasdabdoaudvi (Uoin Vanderbilt ADHD Diagnostic Parent Rating
Scale)

1.

o o M W Db

Witdosiwa:Bua KoaswaourHawalantiaonlus:3v wu msritnistnu
JauidAuviuksononssuiGogveinaunqusidouliuiawvioaiAuwanuLN
AuAvnssURdovRNUBIAUSS1SUTAVY

Uoxdolinogluan k3alunlind

20N9NALYTUSIKIVANISD:UVA

aouUAnoUABUNAAUD:WADONINASU

e Asaouluvdu 5 s:au 0 = WAy, 1= ulu9 N, 2 = WUuvASY, 3 = Uy, 4 = UdY
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ANsATKUQTEWISITLIoSINNAU (Equality Constraints)

*  Ms8ugudinauauutiviasdaliycvnu (Measurement Invariance) awisauuv
oonu 5 s=Qu

1.

tasvaswlijasviu (Configural Noninvariance) N1s300vAUS:NoUUOVAIUVEUAOVNGUTL
(KJounu

tAsvasvasviu (Configural Invariance) N1S300VAUS:NOULOVAIUVEIUGOVNE
IkiJounu watiinisugionAmwisidmoesiatuaosvnauimnu

KUSUSQRBUIAYVAU (Metric/Weak Invariance) UKUinovAUs:noUuovAvaovnauIinAu
ATLLUUGULRRBUAU (Scalar/Strong) Invariance) 2000UovVadUYEUOVAVFOVAGULIAU

AAVIKAdYUNaINNgUNU (Residual/Strict Invariance) A2 1JUUSUSIUUDVAIAVIKAD
AU
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A. Configural Invariance B. Configural Noninvariance
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madh

=

+ fim
+ f2m
+ f1d
+ f2d
+ X1m
+ XZ2m
+ X3m
+ xdm
+ X5m
+ xbm
+
=

"

di

-
x1m
x4m
x1d
x4d
x1d
x2d
x3d
xdd
x5d
x6d

+ + + +

XZ2m + X3m
X5m + xXbm
x2d + x3d
x5d + x6d

9

f1 = Inattentive, f2 = Hyperactivity

m = Mom, d = Dad

° = o D) A A1 W K A o w du
VDATDINRYINU ﬂ1ﬂﬂﬂiglllu‘ﬂﬂ1\1ﬂu 1Wﬂ1ﬂﬂ£ﬁaﬂﬁnwuﬁﬂu

User Model wversus Baseline Model:

Comparative Fit Index (CFI)
Tucker-Lewis Index (TLI)

Loglikelihood and Information Criteria:

Loglikelihood user model (HO)
Loglikelihood unrestricted model (H1)

Akaike (AIC)
Bayesian (BIC)
sample-size adjusted Bayesian (SABIC)

Root Mean Square Error of Approximation:

outadhdl <- cfa(madhdl, data=datadhd, meanstructure=TRUE)

= summary(outadhdl, fit=TRUE, std=TRUE)
lavaan 0.6.16 ended normally after 68 iterations

Estimator
Optimization method

Number of model parameters

Number of observations

Model Test User Model:

Test statistic

Degrees of freedom
P-value (Chi-square)

ML
NLMINB
48

670

42.194
42
0.463

RMSEA

90 Percent confidence interval - Tower
90 Percent confidence interval - upper
P-value H_0: RMSEA <= 0.050

P-value H_0: RMSEA >= 0.080

Standardized Root Mean Square Residual:

SRMR

-7737.
-7716.

15570.
15786.
15634.

oOHO OO

. 000
. 000

303
206

606
955
552

.003
. 000
.026
. 000
. 000

.024

x*(42) = 42.19,p = .46, RMSEA = .003

CFI = 1.00, TLI = 1.00, SRMR = .024

sanunzana wiw Configural Invariance
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Latent variables:

fim =~
x1m
x2m
x3m
fam =~
x4m
X5m
xbm
fld =~
x1d
x2d
x3d
f2d =~
x4d
x5d
x6d

Covariances:

XIm e
.x1d
LX2M
.x2d
LX3M e
.x3d
LXAm o
.x4d
LX5M e
.x5d
LXBm e
.x6d
fim e~
f2m
fid
fad
2m ~~
fid
fad
fld ~~
f2d

Estimate

(= [= iy

(=Nl

. 000
. 886
.826

. 000
.988
.229

. 000
.783
.661

1.000
1.
1.437

406

Estimate

0.

0.

050

062

.066
.037
.056
.089
.066
.072
.021

.006
.060

.064

std.

[=N =]

oo

Err

.117

114

.131

156

102

.093

210

.213

CErr
.017
.015
.017
.016
.017
.019
.012
.015
.008

.010
.011

.012

4
1 (L 1A 1 1 [ o J 1
’E)EJ”IﬁlI’J”Iﬂ1!,1(?ﬁ”ll!lliJ(lG])'ﬂ”lﬁﬁﬁiJWU‘ﬁleﬂQﬂWﬂﬂlﬁﬁ’t’)

z-value

7

)

.569
7.

267

.521
. 384

.687
.103

.700
.745

z-value

.998
.101
.929
.329
.328
.722
.674
.737
.553

.576
.353

. 287

PC>1zl)

0.
0.

PC>|
0.

0.

.000
.000

.000

000

.000
.000

000
000

z|)
003

000

.000
.020
. 001
.000
.000
. 000
.011

.564
.000

. 000

std. Tv

[ R e o [ R R

o OO

. 382

.339
.316

.331
.327
. 407

465
. 364
. 308

. 280
.394
.403

std.all

.587
.544
476

oo o

0.494
.521
.609

(=)

.657
.532
.433

oo O

.423
. 548
.558

O OO

std. v std.all

.050
.062
. 066
.037
.056
.089
.520
.406
.194

.039
.642

.494

e
0.178

0.204

0.107

0.173

0.279
0.520
0.406
0.194

0.039
0.642

0.494

Intercepts:

.x1m
L X2m
.x3m
- xdm
.X5m
. x6m
.x1d
.x2d
.x3d
.x4d
.x5d
.x6d
fim
f2m
fid
f2d

variances:

.X1m
.xZ2m
. X3m
. X4m
.%5m
. Xbm
.x1d
.x2d
.x3d
.x4d
.x5d
.x6d
f1m
f2m
fid
f2d

Estimate
.924
.791
.694
.964
.170
.290
.700
. 607
.534
.843
001
.106
000
.000
. 000
.000

OO OO W WRRMMANWWMNRNMNR

Estimate
.278
L273
.341
340
. 287
282
.286
.336
411
. 362
363
.359
146
.110
217
.079

[ e Y e B oo v I e I o I e I e R e e i

Std.
.025
.024
.026
.026

%]
sy
(=N

o T o Y o T i e T e e o s s s

[ o i [ o e e [ o [ e e e e e |

Err

024

.026

027

.026

027

.026
.028
.028

-Err
.024
.021
.023

023

.021

025

.031
.025
.026
.023

029

.029

026

.021

035

.019

z-value

116.
116.
104.
114.
130.
127.
.631
.601
.239
.895
.925
.383

200
008
997
434
621
232

z-value

.401
.827
.566
.528
.830
.480
.214
.299
.541
. 464
.643
.360
.696
2131
.245
.249

PC=1z1)

o e ) e i e ) e o ) e o ) e e e

. 000
. 000

000

.000

000
000
000
000
000
000
000

. 000

P(>|zl)

ol ey e I o e e Y e e Y e [ e e e Y e e

. 000

000

. 000

000
000
000
000
000
000
000
000
000
000
000
000

. 000

std. v

[ T s T s T T S IR WY 5 Y N I S I N RS B W I N O B N S}

.924
.791
. 694
. 964

170

.290

700

.607

534

.843

001

.106

000

.000
. 000
. 000

std. Tv

HFHEHHEFFROOOODOODODODOOOO

.278

273
341
340
287
282
286
336
411
362
363
359
000
000
000

.000

std.
. 489
.482
.056
.421
.046
.915
.810
.809
.564
. 284
.169
.303
. 000
.000
.000
.000

[ R R R B O R I

Std.
.655
.704
774

HFHEHEFFHROOOODOODODODODOOO

all

all

756

.728

630

.569
.716
.813
.821

700

. 688

000

. 000
.000
. 000D

hildszyldmlaminuiae
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C. Metric Invariance D. Metric Noninvariance
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madhdz <- '
fim =~ x1m
f2m =~ x4m
fid =~ x1d
f2d =~ x4d
x1m ~~ x1d
X2m ~~ x2d
x3m ~~ x3d
xdm ~~ x4d
X5m ~~ x5d
x6m ~~ xo6d

o ¥ Y 4 1T W
ﬂWWUQUWWUﬂGQﬂﬂigﬂﬂUWHﬂU

c2*xZ2m + c3*x3m
c5%x5m + cb¥xbm
c2*x2d + c3*x3d
c5*x5d + cb¥xed

+ o+ o+

i e T 4

> summary(outadhd?2, fit=TRUE, std=TRUE)
Tavaan 0.6.16 ended normally after 55 iterations

Estimator ML
Optimization method NLMINB
Number of model parameters 48
Number of equality constraints 4
Number of observations 670

' Model Test User Model:

Test statistic 47 .287
Degrees of freedom 46
P-value (Chi-square) 0.420

outadhd? <- cfa(madhd2, data=datadhd, meanstruct

24
s
6

b2m
1

E<S

> anova(outadhdl, outadhd2)

Chi-Squared Difference Test

Df AIC BIC Chisq Chisq diff
outadhdl 42 15571 15787 42.194
outadhd2 46 15568 15766 47.287

RMSEA DT diff Pr(>Chisq)

5.093 0.020195 4 0.2779

Configural uay Metric Invariance Models

o w A

lhinanasnuedeilitisddy wen Metric Invariance
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Latent Variables: Intercepts:
Estimate Std.Err z-value P(>|zl) std.lv 5td.all Estimate std.Err z-value P(>|z|) std.lv std.all
fim =~ . xdm 2.924 0.025 115.512 0.000 2.924 4.463
x1m 1.000 0.401  0.613 . X2m 2.791 0.024 116.095 0.000 2.791 4.485
x2m (c2) 0.830 0.082  10.097 0.000 0.333 0.535 . x3m 2.694 0.026 105.643 0.000 2.694 4.081
x3m (c3) 0.737 0.076 9.636 0.000 0.296 0.448 . x4m 2.964 0.026 115.528 0.000 2.964 4.463
2m = . X5m 3.170 0.025 129.358 0.000 3.170 4.998
x4m 1.000 0.304 0.458 . X6m 3.290 0.026 127.430 0.000 3.290 4.923
X5m (c5) 1.152 0.123 9,398 0.000 0.350 0.552 .x1d 2.700 0.027 00_164 0.000 2.700 3.831
x6m (c6) 1.327 0.140 9.484 0.000 0.404 0.604 .x2d 2.607 0.026 98.508 0.000 2.607 3.806
fld =~ .x3d 2.534 0.028 91.669 0.000 2.534 3.541
x1d 1.000 0.445 0.632 . x4d 2.843 0.026 109.821 0.000 2.843 4.243
x2d (c2) 0.830 | 0.082 10.097 0.000  0.370  0.539 .x5d 3.001  0.028 109.132 0.000 3.001 4.216
x3d (3> 0.737 (0.076  9.636  0.000  0.328  0.459 . x6d 3.106  0.028 111.210  0.000  3.106  4.296
f2d =~ f1m 0.000 0.000 0.000
x4d 1.000 0.310  0.463 £2m 0.000 0.000  0.000
x5d (c5) 1.152 0.123  9.398 0. 000 0.357  0.502 £1d 0. 000 0. 000 0. 000
x6d (c6) 1.327 0.140  9.484 0.000 0.411  0.569 £2d 0. 000 0. 000 0.000
Covariances: variances:
Estimate Std.Err z-value P(>|z|) std.lv 5td.all Estimate Std.Err z-value P(>|z|) std.lv std.all
x1m e x1m 0.268 0.023  11.439 0.000 0.268 0.625
.x1d 0.050 0.017 2.979 0.003 0.050 0.177 .x2m 0.276 0.020 13.806 0.000 0.276 0.714
L X2M .X3m 0.348 0.022 15.648 0.000 0.348 0.799
.x2d 0.062 0.015 4.103 0.000 0.062 0.204 . x4m 0.349 0.022 15.574 0.000 0.349 0.790
. X3m . X5m 0.280 0.021  13.513 0.000 0.280 0.695
.x3d 0.066 0.017 3.919 0.000 0.066 0.175 " x6m 0.284 0.024 11.997 0.000 0.784 0.635
- XAM .x1d 0.208 0.027 10.944 0.000 0.208 0.601
-x4d 0.037  0.016  2.315  0.021  0.037  0.106 .x2d 0.333  0.024 13.813  0.000  0.333  0.709
- X5Mm .x3d 0.404 0.026 15.542 0.000 0.404 0.790
xé:Sd 0.056  0.017  3.364  0.001  0.056  0.172 .x4d 0.353  0.023 15.246  0.000  0.353  0.786
: - .x5d 0.379 0.026  14.405 0.000 0.379 0.748
1C.lxad 0.088 0.019 4.660  0.000 0.088 0.277 bd 0 aca 0.028 12 605 0. 000 0. 353 0 676
m -~
o 0.064  0.010 6150  0.000 0.523  0.523 fom 000: | 0016 5755 0000 1000 1000
fid 0.073 0.015 4.764  0.000 0.411 0.411 £1d 0 198 0 028 > 065 0.000 1.000 1.000
. f2d 0.025 0.009 2.704  0.007 0.200 0.200 f2d 0 096 0.017 5 750 0. 000 1000 1,000
e ) ) . ) ) ;
fid 0.005 0.009 0.565 0.572 0.038 0.038 . ¥ o . Do ,
[ fd 0.060  0.011  5.304 0.000 0.638 0.638  MyualiintnesndsznounuY tazdszuamaNuul s
f2d 0.069 0.012 5.011 0.000 0.496 0.496

4 < 1 ] 1 [~ Y
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E. Scalar Invariance
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F. Scalar Noninvariance

N ’
Warmth ) (
A

—~ -
~ "

Control

J07.751.80 7\, 78,60 50790178 \80~.82

L % N\ “ L L v NN
Love | Praise | Support | Accept | Kiss H Monitor | Punish | Check | Curfew | Rules
o v r

T o 7 P o
30 28 31 29 1.0 25| 1.9 26| 32 29

rl r2 r3 rd rs r6 r7 rs r9 rll

¥
o

MINATE LRI T 2z NATOUIIYARAVBINIVITNIT0INGNNTINUKIO T3l

AU AAAINIAINAY HUBAINI AZLUUYDIN1IZFUTEFIU

[ = [ o Y a 1 ) 1 dal v A v 9
sgaumenum lvinaazuuuluugaza ey luszaumenualslu
& % 1 9 9y —
Wieanquaie 1wu mnglieuu daguun Warmth = 0 1u

9 H 9
- sdeenqu azuuuues LOve iy 3.0 Taomasnsaeingy
ldminnunnguuile Janngduiyguganitdnnquyii ey
HANANULANANALTRDII AZIUUAIE FUTYIIUEIN5D
= 1 1 9 (] A o

nieuiienszraengula nafe azuuy & @501

= 1 1 di 1 1 1 9
L‘Lﬁﬂumﬂmszﬂqu LW?J’]J?Jﬂ’NﬂQlIUquiﬂﬂﬂ’ﬂllﬂ

Tairu azuunvesnzdutivguszauRenu luldaztouni
YOIN M AUNB U UIZAUREINY AR FsYIN I T UL HF I
1 d’ 1 9 o 3’, = 1
(52wds Anndoszrinedemoiiaua) suSeuieninlas

1 (] 9
wnn hila

lirusiednsls

1. vhlddnidnaiiigada iy (Partial Invariance)
2. dadmianilymesniiay

3. ngait Metric Invariance

Q



gl

> madhd3 <-

+ fIm = xIm + c2*x2m + c3*x3m

+ f2m =~ x4m + c5*x5m + c6*x6m

+ fld =~ x1d + c2*x2d + c3*x3d

+ f2d =~ x4d + c5*x5d + c6*xbd

+ XxIm ~~ x1d

+ X2m ~~ x2d

+ x3m ~~ x3d

+ X4m ~~ x4d

+ X5m ~~ x5d

+ Xbm ~~ x6d

+ fim ~ NA*1

+ f2m ~ NA*1

+ f1d ~ NA*1

+ f2d ~ NA*1

+ X1m ~ 0*1

+ X2m ~ i2%1

+ X3m ~ i3%1

+ Xdm ~ 0*%1

+5m ~ 15%1 o o o 1 20 o
+ X6m ~ 16%1 MU UAIAAAVDIAIVIBININY
+ x1d ~ 0*1 2

+ x2d ~ i2%1

+ X3d ~ i3%1

+ x4d ~ 0*1

+ x5d ~ i5%1

+ X6d ~ i6%1

s

> outadhd3 <- cfa(madhd3, data=datadhd, meanstructure=TRUE)
> summary(outadhd3, std=TRUE)

lavaan 0.6.16 ended normally after 96 iterations

Estimator ML
Optimization method NLMINB
Number of model parameters 48
Number of equality constraints 8
Number of observations 670

Model Test User Model:

Test statistic 47 .675
Degrees of freedom 50
P-value (Chi-square) 0.567

> anova(outadhd3, outadhd2)

Chi-Squared Difference Test

Df  AIC BIC Chisq Chisq diff RMSEA Df diff Pr(zChisq)
outadhd2 46 15568 15766 47.287
outadhd3 50 15560 15740 47.675

0.3876 0 4 0.9835

Metric uaz Scalar Invariance Models
liuansenuedaiisdda don Scalar Invariance
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Latent Variables:

fim =~
x1m
x2m
x3m
2m =~
x4m
x5m
x6m
fid =~
x1d
x2d
x3d
f2d =~
x4d
x5d
x6d

Covariances:

LXIm e
.x1d
LX2M e
.x2d
LX3M e
.x3d
LXAm e
Lxdd
LXOM e
.x5d
LXBM e
.x6d
fim ~~
f2m
fid
f2d
f2m ~
fid
f2d
fld ~~
f2d

(c2)
(c3)

(c5)
(c6)

(c2)
(c3)

(c5)
(c6)

Estimate

OCOH R

[y

1.000
0.
0.732

827

.000
.180
. 347

. 000
.827
.732

. 000
.180
. 347

Estimate

0.

0.

0.

050

062

066

.038
.055
.087
.063
.074
.025

.005
.059

. 068

std.

Err

.073
.069

.118
.132

.073
.069

.118
.132

.Err
.017
.015
.017
.016
.017
.019
.010
.015
.009

.009
.011

.011

z-value

11.
10.

408
659

.901
173

. 408
.659

.991
.173

z-value

N Oy

W

.997
.138
.941
.379
.328
717
.275
.886
.715

.564
.529

.008

PC-lz])

0.
0.

000
000

.000
.000

.000
. 000

.000
0.

000

PC>1z])

.003
.000
.000
.017
.001
.000
.000
.000
. 007

.573
.000

.000

std. v std.all
0.402 0.614
0.333 0.535
0.295 0.446
0. 300 0.452
0.353 0.557
0.404 0.604
0.446 0.633
0.369 0.539
0.327 0.457
0. 306 0. 457
0.361 0.507
0.412 0.570
std.1lv std.all
0.050 0.176
0.062 0.204
0.066 0.176
0.038 0.108
0.055 0.170
0.087 0.276
0.523 0.523
0.410 0.410
0.200 0.200
0.038 0.038
0.639 0.639
0.496 0.49

Intercepts:

fim
f2m
fid
f2d
. xX1m
. X2m
. X3m
. x4m
. X5m
. X6m
.x1d
.x2d
.%3d
.x4d
.x5d
.x6d

variances:

. X1m
.XZ2m
.X3m
. X4m
.X5m
.xbm
.x1d
.x2d
.X3d
.x4d
.x5d
.x6d
fim
f2m
fid
f2d

timate

.923
2.971
.701
.836

(i2)
(i3

(QED)
(i6)

000
373

.554
. 000
.339
.714

(i2)
(i3

(QED)
Q1))

|
[=N=Nalelele [oleleialale (SN}

000
373

.554
. 000
.339
.714

Estimate

[=NeNoNeele ool N ol Nl ol o)

.268
277
. 349
.350
.278
284
208
333
405
354
377
.353
.162

.090
.199
.094

Std.

oo oo

o

Err

.024
.022
.026
.022

. 206

0.195

oo

[%a]
~+
(=

e T e Y e T s o I e e e i s T e e I e i e

.345
. 386

. 206
.195

.345
. 386

-Err
.023
.020
.022
.022
.020

023
026
024
026
023
026

.028
.022
.015
.027
.016

z-value

121.
133.
104.
126.

1.
2.

-0.
-1.

1.
2.

-0.
-1.

393
768
928
701

811
843

985
850

811
843

985
850

z-value

717
. 048
.782
.763
.582
.224
.238
. 064
.686
.443
437
.782
. 304
.938
.482
.917

P(>
0

0
0
0

oo oo oo

oo

P(>
0

OO0 000000000000

lz1)
.000
.000
.000
.000

.070
.004

.325
.064

.070
.004

.325
.064

Iz1)
. 000
. 000
. 000
. 000
. 000
.000
. 000
. 000
. 000
. 000
. 000
. 000
. 000
. 000
. 000
. 000

std. Tv
. 268
.919
.050
.270
000
373
.554
. 000
.339
.714
000
373
.554
. 000
.339
.714

-~

|
[ e e e e o e e e o e R ¥ Y = P

std. Tv
.268
V277
.349
.350
.278
284
298
333
405
354
377
.353
. 000
. 000
.000
.000

[

HFHEHEFFROOoODODOOOOOOOoOOD
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mua ldgadasitemnnu wazlszananundouss

s S 1 A vy ' =K
nﬂﬂﬂﬂﬂigﬂaﬂ€MHﬁu31ﬂuﬁaﬂﬂ1ﬂwauaﬂﬂjuwﬂﬁﬂuﬂﬂ
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o
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=
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.all
. 268
.919
. 050
L 270
. 000
.599
. 840
. 000
.534
. 069
. 000
.544
775
. 000
. 476
. 988

.all
.623
.714
.801
.796
.690

635
599
709
791
791
743

.675
. 000
. 000
.000
.000



G. Residual Invariance

o

H. Residual Noninvariance suan Putnick & Bornstein, 2016
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L e e i i I T T T T T T T I e S e T T 4

el
madhd4 <-
fim =~ x1m
2m =~ x4m
fid =~ x1d
f2d =~ x4d
x1lm ~~ x1d
X2m ~~ X2d
*x3m ~~ x3d
X4m ~~ x4d
X5m ~~ x5d
x6m ~~ x6d
fim ~ NA*1
f2m ~ NA*1
fld ~ NA*1
f2d ~ NA*1
x1m ~ 0*1

X2m ~ i2%1
x3m ~ i3%1
x4m ~ 0*1

X5m ~ i5%1
xbm ~ i6*1
x1d ~ 0*1

x2d ~ i2*%1
x3d ~ i3*1
x4d ~ 0*%1

x5d ~ i5*%1
x6d ~ i6*1
x1lm ~~ el*x1m
X2M e @2%X2m
X3m ~~ @3%x3m > anova(outadhd4, outadhd3)
X4m ~~ ed*xdm
X5m ~~ e5%x5m

C2¥X2m + ¢3*x3m
C5*x5m + cb6*xbm
c2*x2d + c3*x3d
c5*x5d + cb*x6d

+ o+ o+ o+

Chi-squared Difference Test

* o
iiﬂ - Eiiiﬂ myuanulslsIuves Of AIC BIC Chisq Chisq diff  RMSEA DF diff Pr(>Chisq)
od o aieod . a1 outadhd3 50 15560 15740 47.675
3l o e3iad AAUHADININUY outadhd4 56 15572 15725 71.332 23.657 0.066275 6 0.0006037 *¥*
x4d ~~ edxdd Signif. codes: 0 *¥%’ 0.001 %' 0.01 ‘* 0.05 .’ 0.1 ¢ ' 1
x5d ~~ e5%x5d . .
X6d ~ e6*x6d Scalar waz Strict Invariance Models

dhd4 <- cf dhd4, d =d dhd, 5 = 1 o I A v o W .
outa cfa(madhds, data=datadhd, meanstructure=TRUE) uanaanuethaliisddey aen Scalar Invariance



variances:

Estimate Std.Err z-value P(=|z|) std. v std.all
. X1m (el) 0.281 0.019 14. 468 0. 000 0.281 0.647
.X2m (e2) 0.305 0.017 18.417 0.000 0.305 0.745
L X3m (e3) 0.379 0.018 21.314 0. 000 0.379 0.826
. X4m (ed) 0.355 0.017 21.300 0.000 0.355 0.818
. X5m (e5) 0.325 0.018 18.102 0.000 0.325 0.735
. Xbm (e6) 0.316 0.020 15.649 0. 000 0.316 0.678
.x1d (el) 0.281 0.019 14.468 0.000 0.281 0.571
.x2d (e2) 0.305 0.017 18.417 0.000 0.305 0.680
.x3d (e3) 0.379 0.018 21.314 0. 000 0.379 0.775
.x4d (ed) 0.355 0.017 21.300 0.000 0.355 0.783
.x5d (e5) 0.325 0.018 18.102 0.000 0.325 0.690
.x6d (e6) 0,316 0.020 15.649 0. 000 0.316 0.628
fim 0.153 0.021 7.156 0.000 1.000 1.000
f2m 0.079 0.014 5.828 0. 000 1.000 1.000
f1d 0.211 0.027 7.922 0.000 1.000 1.000
f2d 0.008 0.016 6.030 0.000 1.000 1.000

Y < ! 1 A o w Y 1w 1 a
naaaliiiunanuulsisiuvesmauniogndina ldmnuszrinamsisziu
4 .
nainagzyie od1elsnau Tumailli'ld1¥egudy mzlfas Strict

Invariance Model



ANsATKUQTEWISITLIoSINNAU (Equality Constraints)

Strict Invariance WunsuoN31 UsSuneuANAVIKAoNNTNans:nUciounastiAu
StKIVRUSELTU
uctuldmisudiohdadousouuovicazaouvds:KIRUSTURIAU WSI1AD U
WUSUSOUYDVOVAUS:NOUTLINAUSTKITVRIUS:LTU

naofo A2 WNEVYOVLINS AD=TULANAUSKIVRUS:LOUGIY

WeiogvisAcU Strict Invariance €oUULAQVAVAIIIINAYUYOVUIASSIKITVL
Us:loulddnan Scalar Invariance

wuztintinaaould WWouaaviivs:auAIUIMAYUAUYOVNNSIASKIVAOVNE



ANsATKUQTEWISITLIoSINNAU (Equality Constraints)

RU %5 Marker Variable Approach tumisszutulaa aw1sald Fixed Factor
Approach tuniss:zululaalawunu wcistemsazlgansasviulaas=3usou
lanUoy
MSTEAUVEUIAITAIMAU WEUVAITALIAAU 9:8ndNss:ulEnnAu
Uvaou (Partial Invariance) iJ 2 38

— BuoNTEAIvVAUNNAD udosUliiAURazo

— BuoNMEINAUNNAD udos:ulicvAufa:do
s1ga:l3uaNvKUQD:UNa1UEoY Measurement Invariance across Groups 3n
ASVKTY



ANsATKUQTEWISITLIoSINNAU (Equality Constraints)

*  msAKualEWISIDLaRSINAUSASULUUKTY Ao NisAKuadoyauns ununo:

(] 2. — -~ 1
fT'IHUOOOEJW”IS'IUlC]OS LUU Latent variables:
Estimate Std.Err z-value P(=|z])
1l =
X1 (al) 0.309 0.053 5.849 0.000
> mtla <= X5 (a2)  0.309 , 0.053  5.849  0.000
+ L=~ alixd + a2 sz? 1) 0 47Tmmg 034 13.754  0.000
— k4 * * - - - -
N z — Zé X2+ barxd + b3mxa . x3 (b2)  0.471  0.034 13.754  0.000
lanseanuennnu lu label wWoada x4 (b3)  0.471 , 0.034 13.754  0.000
+ bl == b2 ) ) AN
+ bl == b3 equality constraints Covariances :
+ ! Estimate Std.Err z-value P(>|z]|)
> outmtla <- cfa(mtla, data=dat, std.Tv=TRUE) fl —
> summary (outmtla) f2 0.727 0.141 5.142 0.000
lavaan 0.6.16 ended normally after 17 iterations ]
variances:
Estimator ML Estimate Std.Err z-value P(=|z])
Optimization method NLMINB -x1 0.378 0.048 7.933 0.000
. X5 0.333 0.044 7.540 0.000
Number of model parameters 11
. . X2 0.233 0.032 7.202 0.000
Number of equality constraints 3 %3 0. 348 0. 043 3 161 0.000
X4 0.281 0.037 7.702 0.000
Number of observations 200 f1 1.000
f2 1.000
Model Test User Model:
Constraints:
Test statistic 26.021 |STack|
Degrees of freedom 7 al - (a2) 0.000
P-value (Chi-square) 0.000 bl - (b2) 0.000

bl - (b3) 0.000



ANsATKUQTEWISITLIoSINNAU (Equality Constraints)

GooevnIsnin Equality Constraints sUluuU Ao Nisszylulaawuu Effect Coding

1
— v — S—

WU3SAWIUND1IN Marker Variable Method WalIG3vAUAIUYSKTY LAlEaoUvE
nndidrAKuauias MtkAagevAUs:nou (a) WuAadgUUaoViKINYOVaD
Uv3 (M) awnsadkualdloy

— MBIKINOVAUSNOULDAYIINAU 1

— Mt&oadauovasuviiadstingu 0
nss:zululaauuu Effect Coding wlidus:laslttunsasivatnaluovAus:=nou
(hidtululoanBudoudoUldauin Ivlulalussnidsunoudsn



.

+ Vv

—VV+++++++ A+ + o+

EIVATANA )

\ 1 g}/ o v o
nerr < 1ans NA uaz label Tudiam@eniy
al*x1l + NA*X1 + a2*x5

b1*x2 + NA*X2 + b2*x3 + b3*x4

fl =~
2 =~
fl ~~
2 ~~
X1 ~
X5 ~
X2 ~
X3 ~
X4 ~
fl ~
2 ~
# (al
# al
al ==
# (bl
# bl
bl ==
# (il
il ==
# (j1
j1 ==

v1*fl

v2%f2
i1*1
i2¥%1
J'la'rl

sy S o 1 2 @
i2*1 a9y NA uaz label ludsa@ennu

j3*1
ml*1l + NA*1
m2*1 + NA*1
+a2)/2 ==1
+ a2 ==

2 - a2

+ b2 + b3)/3 ==
+ b2 + b3 ==

3 - b2 - b3

+ 12)/2 ==

0 - 12

+ 32 + 33)/3 ==
0 - j2 - 3j3

! Yo [ 4
Lﬂ%@\iﬂll']ﬂ # hl')ﬁ’]ﬂjllﬂ't’]uuluv'l

o

[ d‘ Y g
uaadn s lagums e liimiin
pansznoumanily 1

(2

' A Y
uﬁﬂﬁﬂTiqaﬁNﬂ1§LW®1ﬂﬂﬂ@ﬂ

Q

Y '
dusmnaniu O

outleff <- cfa(mleff, data=dat)

summa

ry(outleff)

avaan 0.6-12 ended normally after 48 iterations

Estimator ML
optimization method NLMINB
Number of model parameters 20
Number of equality constraints 4
Number of observations 200

Test
Degre
P-val

Model Test User Model:

statistic
es of freedom
ue (Chi-square)

1 Jd 1w A
ﬂﬂﬂaumimmumiizuiummmmu

19.550
4
0.001

Latent Variables:

fl =~
X1
X5

2 =~
X2
X3
x4

Covariances:

Tl ~~
T2

Intercepts:

X1
.X5
X2
.X3
X4

f1

2

variances:

f1

f2
X1
X5
X2
X3
X4

(al)
(a2)

(b1)
(b2)
(b3)

i
(i2)
(GED)]
(32>
(33
(m1)
(m2)

v
(v2)

Estimate

1.097
0.903

1.047
1.179
0.774

Estimate

0.106

Estimate
-0.152
0.152
0.116
-0.601
0.484
.168
.248

NN

std.

[eNeNe]

std.

std.

Err

.157
.157

.092
.097
.086

Err

.022

Err

0.342

[eNeoNeNoNeNe)

.342
.210
.220
.196
.037
.040

z-value

6.
5.

11.
12.
9.

980
751

331
160
027

z-value

4.

819

z-value

-0.
0.
0.

-2.
2.

58.

56.

v Y
AUANNASUDINIUIY

Estimate

0.096
.226
.359
.349
.221
.293
.319

QOO OOO

std.
.033
.032
.055
.045
.040
.051
.038

[eNeoNeNoNoNoNe]

Err

444
444
555
729
478
646
309

z-value

coOUTUININOYOY N

.930
.968
.496
.749
.546
.706
.430

PCG1z])

0.000
0.000

0.000
0.000
0.000

PCG1z1)

0.000

PC>1z1)
.657
.657
.579
.006
.013
.000
.000

[sNeNeNeNe e Nl

PC>1z1)
.003
.000
.000
.000
.000
.000
.000

[sNeNeNeNeNe N



ANSANKUQBIVYWASTIDI0SHWUIUTA

* (n3AsTRorodovnistiiAwWIsI0IoSUVANoLUGoVAdoVAIS U

—  AN2:8UTUZIUKTVIIAYAIUYENIVUINUAzaU dovMsTRAIUYENIVUINEUNKUNOVAUS:NOU
NvYUIN

— k300710100 UYKINANAIULUSUSIUYDOVANAVIKIDTaaU GovAsti ML KIANUoYWISIOLO0S
AULUSUSOULOWI=ATIINNIT O tndu

— AN residual variance < 0 9:158n91 Heywood case
* Lavaan aovsSuAn > KSo < lunisAKuasovYNLWUIUTaGuoYWISIOLO0S

* {udWans:znucio df Wovo1INIIUIUAIWISITLIODSAAOVAISUSUIUAIEVLINILGU
IWavwAMKuagavnwululainidau

* widstinoWKUzaua10o:tosav Wiovornsovwisidlaoshousyia WavUKLYA
MR WWUUldgvaa



h : Latent variables:

.> mlinequal <- ' Estimate Std.Err z-value P(>|z]|)
+ 1 =~ al*x1l + a2*x5 f1l =—
+ 2 =~ bl*x2 + b2*x3 + b3*x4 x1 (al) 0.315 0.074 4.240 0.000
+ X1 ~~ el¥x1 x5 (az2) 0.303 0.071 4.263 0. 000
+ al > 0.01 f2 =
+ bl > 0.01 o o 1 A ﬂ 11P1y a 2 X2 (b1) 0.505 0.054 9.382 0. 000
+el > 0.01 VINATRMUU I IAUDINITIUNDT x3 (b2)  0.452  0.042 10.683  0.000
+ b3 > b2 x4 (b3) 0.452 0.042 10.683 0. 000
+ )
'} outmlinequal<- cfa(mlinequal, data=dat, std.Tv=TRUE) Covariances:
> summary(outmlinequal) Estimate Std.Err z-value P(lzl)
lavaan 0.6.16 ended normally after 162 iterations 1l ~
f2 0.708 0.141 5.039 0. 000
Estimator ML
Optimization method NLMINB variances:
Number of model parameters 11 Estimate Std.Err z-value P(=|z|)
Number of inequality constraints 4 .X1 (el) 0.375 0.052 7.159 0.000
- x5 0.336 0.048 7.046 0. 000
Number of obserwvations 200 X2 0.214 0.041 5.214 0. 000
.X3 (0.355 0.044 8.055 0. 000
.Mode‘l Test User Model: x4 0.289 0.039 7.483 0.000
f1 1.000
Test statistic 25.313 f2 1.000
Degrees of freedom 4 )
P-value (Chi-square) 0.000 Constraints:
|sTack|
al - (0.01) 0.305

bl - (0.01) 0.495
el - (0.01) 0.365
b3 - (b2) 0.000

‘l y b2 = b3 a8 mszlumalisinarwdr b3 < b2 uamidrdasald

b3 > b2 dnaidullldgegaluTandi fadumisi b2 = b3



WISTOL0SIWULEL

U lavaan soUGY SEM packages dU auisaasvwisiiglaosSwwulau donn
WYAGUDINWASITLOoSIAUTE WU ADIULANCIVSEKIIVAILOAYF0vOVAUSNOU

5 = un1suon lavaan 31 label NMYEIYIHIAUWYABUYOVATWISITLODSIWIULGU
UavwacoasinowwHUI-auyavluLlaa

ATWISITLDSUIVAT NMISNSED189INNNSAU (Sampling Distribution) WlAWUTAY

Unad (Normal Distribution) nsK1szGuUgaIAty 0191835 Bootstrap 10 Tauldon
se="boot" Waouldiav cfa



m2eff <- '
fl =~ al*xl + NA*x1 + a2*x5
T2 =~ bl%x2 + NA*X2 + bh2*x3 + b3*x4

fl ~ v1*fl
4+ T2 e V2%F2
x1 ~ i1*1
x5 ~ i2*1
x2 ~ j1*1
X3 ~ j2*1
X4 ~ §3r1
fl ~ ml*1l + NA*1
2 ~ m2*1 + NA*1
# (al + a2)/2 == 1
# al + a2 =

al == 2 - a2

# (b1 + b2 + b3)/3 ==1
#bl + b2 + b3 == 3

bl == 3 - b2 - b3

# (i1 + 12)/2 ==

il == 0 - 2

# (1 + j2 + 33)/3 =0

vratio 1= vl/v2 -

A GAE A

outzeff «- cfa(m2eff, data=dat)
summary (out2eff)

=
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
=
=

HO: 0'12 = 0-22

"‘
2
0.
HO:_IZ = 1
03
2

A 0

1
Hy——1=0
A

j == 0 - j2 - j3 A a 4 1 1 1
T o - m2 MNHIIR0T W HIANULANANTZHI N
1 1 Ad' 1 4
Aunae tazaNuulsdsiuszvigesnlsenen

Model Test User Model:

Test statistic 19.550
Degrees of freedom 4
P-value (Chi-square) 0.001

ANz Ay luAnAI AL

Defined Parameters:

Estimate Std.Err
-0.081 0.044
0.425 0.151

z-value P(=|z|)
-1.856 0.064
2.809 0.005

mdiff
vratio

ANuuanANIZHINAIRae lidszauisddy uazdadiuanuulslsou

au 1 uanaenn O sdnaliiedian

g

uaasnanuulslsuvesesslsznoui 2 gandesssznoui 1

o

GEANUNTLAGE!

Wnaareszenmsnaaoui Wald test wie Delta Method



masnwdeuiednydaeds bootstrap  swaumsdu bootstrap sunnasd

‘> out2eff2 <- cfa(m2eff, data=dat, se="boot", bootstrap=500)

warning message:

In lav_model_nvcov_bootstrap(lavmodel = Tavmodel, Tavsamplestats = lavsamplestats,

Tavaan WARNING: 28 bootstrap runs resulted in nonadmissible solutions.
g summary msnaasuazilu Wald test wmilewau deqld parameterEstimates

> parameterEstimates (out2eff2, boot.ci.type = "bca') an A G DAL nooAa "
‘ Ths op rhs Tabel est se z pvalue ci.lower ci.upper ATMIMTNYOUU @1%1% perC hio bca

1 fl =~ x1 al 1.097 0.173 6.339 0.000 0.725 1.432 UL ! . . . .

2 f1 = X5 22 0,903 0.173 5.223 0.000 0.568 1.275 N lAmIG Samp“ng distribution

3 2 =~ X2 bl 1.047 0.086 12.132 0.000 0.883 1.229 ﬂ Is} ‘]_] A

4 2 = x3 b2 1.179 0.130 9.059 0.000  0.993  1.528 ‘UUIFNUNA

5 2 =~ x4 b3 0.774 0.094 8.213 0.000 0.583 0.941

5} fl f1 vl 0.096 0.031 3.125 0.002 0.037 0.153

7 2 e f2 vZ2 0.226 0.030 7.561 0.000 0.177 0.295
-8 x1 ~1 il -0.152 0.377 -0.403 0.68&7 -0.878 0.661

9 x5 ~1 i2 0.152 0.377 0.403 0.68&7 -0.661 0.878

10 x2 ~1 j1 0.116 0.200 0.582 0.560 -0.285 0.513
‘ll x3 ~1 j2 -0.601 0.288 -2.089 0.037 -1.388 -0.181

12 x4 ~1 j3 0.484 0.209 2.321 0.020 0.115 0.934

13 fl ~1 ml 2.168 0.036 60.494 0.000 2.098 2.238

14 f2 ~1 m2 2.248 0.040 56.495 0.000 2.177 2.336

15 X1~ x1 0.359 0.065 5.489 0.000 0.237 0.476

16 X5 o X5 0.349 0.045 7.695 0.000 0.260 0.444

17 X2 o X2 0.221 0.045 4.879 0.000 0.140 0.311 ,

18 X3 o x3 0.293 0.056 5.201 0.000 0.143 0.379 . w94 . a2 | N |
’19 A " 0.319 0.036 B8.777 0.000 0.250 0. 400 ﬂ’J”IiJl,mﬂ@NﬁwTT’J”I\‘lﬂ"ILTmEJllﬁJLMﬂ@YN%"Iﬂ O BYN

fl ~~ f2 0.106 0.022 4.844 0.000 0.068 0.154 ﬁﬁﬂﬁ?ﬁm
25 mdiff := ml-m2 mdiff -0.081 0.046 -1.743 _0,081 -0,176 0,004 o
26 vratio := vl/v2-1 vratio -0.575 0.153 -3.756 0.000 -0, 830 -0.258 o

dagruanuulsdsiuuanaenn 1 edraiifod Ay

&8



A=LLUUDVAUS:=NDU

ANSKIA:LWUUDVAUS:=NoOU (Factor Scores) A9 AMSKIAYOVOVAUS:=NoauyavLLcia:
unna Woldlumsus:liiusiguAna

uono Nl TWLaRtN3duad1vTULIDIDEUGoULIN DUGVILASIKLEnTUEoUY
udounA:uuuavAUs=nouRldonTulaanuenbudous JuludlAsizKco WU 38s
JIASI:KIBLIASVASIVKAVNISIQ (Structural after Measurement) KSon1sritNaUTD
A0 (Parceling)

ANSKIASLLUUOVAUS=NDU a1u1saluvdsoon(aog1vviy 2 33 Ao
— A:lWUDVAUS:-nouagIva:ldga (Refined Factor Scores)

— A:lWUUDVAUS:-NDUDYUIVKUIU (Coarsen Factor Scores)



A=LLUUDVAUS:=NDU

KlunaidovAUs:=NoU K 2 d9usudomaiu J do azwuudomaudon j uovaun i
2:1AQDINALLUUOVAUS=NDUAYT

Xij = ,u] + /’leFli + /’{szzi + ee + AijKi + eij

971 CFA 1$19:N$WAN U Ua: A udo uaznwwdiesinsium X; j uao 91ndoyall
1s1dovNIsKIAT Fy; ua: e;;



AzLLUUDVAUS:=NDU
J e K Jm
Xip F U+ Arﬁi + A Fo + -+ AlkFI)"[ €1
KXip & U + Ao Fry + Ago By + -+ A Fi [ €2
Xis F us + A3y Fr; + Ao Fop + -+ A i [ €43

X; U +/11 1+/12F2++/1kFK-I- ;
i T Hy JQ 212 J L/ﬁu

*  KINUJoAaW J Jo uazidovAus=nou K do o naunist doyavov 1 AU

— A=uwUUANSIUAT (Knowns) Ao X TAYKUQ J A1

—  AsWUURNSIUAT (Unknowns) Ao F TAVYKUQ K A1 uas e iJ J AN



A=LLUUDVAUS:=NDU

0:1%U31 AzLUUNNSIUAN (J) doandAzuuunlunsIuAn (J + K) miEiuauisasiAn
F ua: e Nuiosvid
— naofo A1 F ua: e NOUTUTdUNLNY ArtiAuoeuld X anudoyantiuld

— Sgnusingnsaltion AowlbuuusuyavA:LlUUDVAUS:=NOU (Factor score indeterminacy)

[ 2.

Un398lidduso AzuUU F ua: e tudszsinstluogvis uazlliglagangan:zuuuinu
ANAALVAUA:LUUUS:BINS UNJd8viilduAidonsauova:uuuniinauauUa

doanadaovAululaa wazuno:=thalmevauus=s1ns



A=LLUUDVAUS:=NDU

WonoWa=aon UnaatdvKId8AIUdfuUA=LLUUOYAUS:NoULLGA=G DINALUUGU
wnu
Fir = wikdin + wodip + -+ Wy dy;

dij = Xij — 1

lag d WudoyandruguanaviunAoay kSo ANLDYVLIUU (deviation score) NSKY
AzLLUUDVAUS=NDUSI9YARaauIsalgaulusuwnsnslaavi

fix1 = WKx]d]xl
a10u N AU Wouldavi
Fyxkx = DNX]W]xK



A=LLUUDVAUS:=NDU

AzLUULUUAzBYa Ao misiEonthkiniriiti F nndo awisatuiasva:zuuudula
nanofo WonlhkunAmtkaunmsduavduosy

Xij = ,U] + /1le11' + /1j2F2i + e+ AijKi + el-j
GnadasvviossiAt Wy Arhtkaumsdiouududsy uasussadagus=avAn
dovNs

Thurstone (1935) 1au935n1S3LAS1:KO000Y (Regression Method) 1auld35n1SK
Cov(x,y)

tunisdAszKkaanoulaaasavd
Var(x) v

JuUs=an3 W nargauniskt b =

W=X"1Ad



A=LLUUDVAUS:=NDU

33n1sUov Thurstone =R KA IUEUWUSS=KITVA=LLUUDVAUS=NOURARIUDEUTG was
AzllUUDVYAUS=NoulUluLaa (tuldvnquf) Agvaa

281v(sAMU 33N1SUOY Thurstone UUEUH'lﬁFhaHé_UVVuéS:HO"l\)F]:LLUUOVﬁUS:ﬂOU
AdUI WAasYAUAIWESUWUSSKIvovAUs=noumuiuLaa



A=LLUUDVAUS:=NDU

33n1suov Barlett WUSN33NISKUVALTU lavaan WK1 W Tagwsnguaand Iy
umnc*iws:ﬁo'w\)n:uuuovﬁUs:nour‘iLtﬁo§\>TuUs:mﬂsua:n:uuuovﬁUs:ﬂour‘imma

2.

{a
W = 2]‘1A(A’21_1A)_1

ASLLUUYOY Barlett UDNDIND=WEHNHTUIWUAIISUWUSS=KIIVA=LLUUDVAUS=NOUN
AUDEUTlA AUAzLLUUDVYAUS=NDUNWLNDSYUUSBINSWLAad gviuaanduauwusnu
AzLLUUDYAUS=NDUBUNAVINTIUEUWUSA2Y (d1Agyaiouril EFA LUUKLULAULUAIN)

LCI23N1SUoY Barlett AgvidUsyKIKLUoUNU Thurstone NADIUEUWUSSKIIVA=LLUU
avAUs:=naunlaul asvAuAIWaUWUSS:=KI1VovAUSs=naulululaa



A=LLUUDVAUS:=NDU

Anderson & Rubin (1959) ua: ten Berge et al. (1999) awunsaasivazuuu

OVAUS=NOURTAIIUEUWUSAU ThAlAgVAUAIIUSUWUSSKIvovAUs=noutululaa
wailuidtu lavaan

— 9:iJlu psych package nseurin EFA ﬁvo:vgoﬁvmou@au EFA 3nASVKTY

AUNTUOV lavaan Ao I8 regression YoV Thurstone



=
> mneed <- '
+ naff =~ x2 + x6 + x10 + x13
+ nach =~ x1 + x5 + x9
+ ndom =~ x4 + x8 + x12 + x15
+ nauto =~ X3 + x7 + x11 + x14
+ )
> outneed <- cfa(mneed, data=datneed, std.
> fscores <- lavPredict(outneed)
> head(fscores)
naff nach ndom

[1,]1 0.2036527 1.2912463 0.56577283
[2,] 1.4227386 1.5613940 0.73154407
[3,] 0.2323873 0.6957316 -0.07018300
[4,] 1.4294810 1.1706076 -0.31319461
[5,] -0.1093437 0.8583938 -0.07940991

2.4289915 -1.3070585 0.47954739

6,1 -

Tv=TRUE)

datneed <- read.table("lecture8manifestneed.csv", sep=",", header=TRUE)

ldds predict wie lavPredict Tumsmaziuuesdlsznoy

nauto

.4190600
.9222163
.2944772
.5142991
.4176451
.0201066

Y

m1nd A regression method dwsudnididuunderiios

> fscores?2 <- lavPredict(outneed, method="Bartlett')

> head(fscores?2)

naff
[1,] 0.08648834 2
[2,] 1.62352031 2
[3,] 0.13733687 1
[4,7 1.62352031 1
[5,] -0.44825791 1
[6,] -3.22368623 -1.

nach

.021546
.021546
. 070601
-452098
.452098

364726

ndom
.6437006
. 0248302
.1030289
.3187202
.1030289
.6437096

nauto

.5060543
.0311580
. 3300581
.6915272
. 5142757
.9713116

asudsmsdszunamazuuuesndseneuidluisves Bartlett



= lavInspect(outneed, "cov.lv")
naff nach

naff 1.000

nach 0.523 1.000

ndom nauto

ndom -0.041 0.100 1.000

nauto -0.461 -0.225

> cov(fscores)
naff
naff 0.78298424
nach 0.47889032
ndom -0.04355769
nauto -0.44409304
> cor(fscores)
naff
naff 1. 00000000
nach 0.64183274
ndom -0.05668882
nauto -0.53899028
> cov(fscores2)
naff
naff 1.32172899
nach 0.52356107
ndom -0.04078519
nauto -0.46196627
> cor(fscores?2)
naff
naff 1. 00000000
nach 0.37639183
ndom -0.03062566
nauto -0.37249518

oo RO oo HO oo o0

oo HO

0.305 1.

nach

.4788903
. 7110094
.0871921
.2211318

nach

.6418327
. 0000000
.1190827
.2816417

nach

.5235011
-4639016
.1001965
.2255011

nach

.37639183
. 00000000
.07149092
17277239

000

ndom
. 04355769
08719210
. 75401803
. 29228055

[ R R

ndom
.05668882
.11908267
. 00000000
. 36148688

[ el

ndom
. 04078519
. 10019654
. 34181234
. 30540537

o OO

ndom
-0.03062566
0.07149092
1.00000000
0.24440629

nauto
-0.4440930
-0.2211318
0.2922806
0.8670278

nauto
-0.5389903
-0. 2816417
0.3614869
1.0000000

nauto
-0.4619663
-0.2255011
0.3054054
1.1636887

nauto
-0.3724952
-0.1727724
0.2444063
1.0000000

wuunsnsanuudsdsiuimvesesndsznoulu Tuaa

a 4 1 J H
mwnsnganuulsiUsuimaesnziunesdlsznenis Regression

a 4 v o J J H
NInFAndNNUTVeInzLUBIATEN1IT Regressmn

wnsnaanuudsUsiuinvesnzuuuesnlszneuls Bartlett

W3 nanduiuivesnzuuuenlszneuls Bartlett

o v J J
ﬂ?qﬂuﬂﬁﬂﬁTHH@gﬁﬂﬁnWUﬁm@Qﬂ$Muu@Qﬂﬂ§$ﬂ@Um@Q

g}/ A ) %
ﬂﬁﬁ@ﬁ?ﬁqhﬁﬁﬁﬂﬂluiluﬂﬁ



Fmsmuraazuuuedlszneuandoyalmi Wldadeyalmilugl data.frame

newdat <- datneed 1w newdata
newdat <- newdat[1,]
newdat[,paste0("x", 1:15)] <- 1
newdat
ID x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 x12 x13 x14 x15
1111 11 1 1 1 1 1 1 1 1 i 1 1
- > lavPredict(outneed, newdata=newdat)
naff nach ndom nauto
[1,] -4.945 -4.69 -2.477 -1.083
=
> newdat[,paste0("x", 1:15)] <- 5
> newdat
% ID X1 x2 X3 x4 x5 x6 x7 x8 x9 x10 x11 x12 x13 x14 x15
x‘fl i 5555 5 5 5 5 5 5 5 5 5 5 5
> lavPredict(outneed, newdata=newdat)

Wow oW

- natff nach ndom nauto
o [1,] 0.996 1.541 2.735 2.512



A=LLUUDVAUS:=NDU

—

8n1s Regression WU3sNIASUAWTEUGYaaTUNSKIAzLLUUOVAUS:NOUTU SEM

1
— vl e ede—

SUov Bartlett WIATKATUaAUUBONGNI135 Regression

avUu anlutiao:(s wu=UuntKEd3 Regression tUNISKIAzLWUUOYAUS:NOULLUU
a:l3ualu Ws1:a1l8538 Bartlett 019G0v03UNY Reviewers LWULGL

35UV ten Berge WU3ISNISNG WS1=0=MIKWINSNEAWLUSSUDUSoUTovTULQa

— el

a=oNA:LUUOVAUS=NoUThalAgvAu lEdyaranluiddanistlu lavaan



A=LLUUDVAUS:=NDU

AsLLUUDVAUS=NOUWUUKENU (Coarsen Factor Score) WJu33n1SKIA=LLUU
ovAUs:=NouU Tagliulaavoraunistddoviduosy

Xij = HUj + /1le11' + AjZFZi + -t AijKi + €ij
na1oAo UNdAS1sEKIUNKUNO:=(sAlA uWuunkunuavAa:wuudu (IUtsAwuviuu)
LANINASIULBYLAU (Linear Combination) tWaUs:ziu1euAIAsLLUUDVAUS:NDOU

Fik = WigXis + WagXip + - + Wi X

38misNvisnaa Ao 1 w = 1 dSudoninkinovAus:noulduuon uaz w = -1
gxSudonunKtnovAUs=nouluau A=uuunldffonasiuyovA:LUUauLcasio



> parameterEstimates (outneed)

Ths op rhs est se z pvalue ci.lower ci.upper
1 naff =~ x2 0.399 0.025 15.995 0.000 0.351 0.448
2 naff = x6 0.516 0.026 19.898 0.000 0.465 0.567 A ¥ o 7 < Z
3 naff =~ x10 0.452 0.025 18.090 0.000 0.403 0.501 majmﬂmwuﬂmﬂﬂiz?amﬂumﬂmwm
4 naff = x13 0.539 0.028 19.408 0.000 0.484 0.593 v ¥ R q Y S o
5 nach —~  x1 0.522 0.034 15.398 0.000  0.456  0.589 iy SIH W i 1 siavua
6 nach =~ x5 0.543 0.031 17.703 0.000 0.483 0.603
7 nach =~ x9 0.380 0.031 12.133 0.000 0.319 0.441
8 ndom =~ x4 0.725 0.037 19.529 0.000 0.652 0.798
9 ndom =~ x8 0.707 0.037 19.166 0.000 0.635 0.779
10 ndom =~ x12 0.499 0.036 13.938 0.000 0.429 0.569
11 ndom =~ x15 0.349 0.036 9.669 0.000 0.278 0.419
12 nauto =~ x3 0.877 0.035 25.308 0.000 0.809 0.944
13 nauto =~ x7 0.631 0.034 18.538 0.000 0.564 0.697
14 nauto =~ x11 0.958 0.034 28.247 0.000 0.892 1.025
15 nauto =~ x14 0.705 0.035 19.986 0.000 0.636 0.774
> datneed[,"naff"] <- with(datneed, x2 + x6 + x10 + x13) ﬂleﬁJ@ﬁ?ﬁJi%ﬂ@luihiwaijuﬂﬂﬂ$ﬁﬂﬁ1ﬂ1u
> datneed[,"nach"] <- with(datneed, x1 + x5 + x9) A . y v A ,
> datneed[, "ndom"] «<- with(datneed, x4 + x8 + x12 + x15) ‘ﬂﬂgﬂ181@60?ﬁJi$ﬂﬂll(ﬂ%i%ﬁJu?nrﬂa8§$ﬁ310
> datneed[,"nauto"] <- with(datneed, x3 + x7 + x11 + x14) o 1 Ady v
> head(datneed) ﬁﬁﬂﬂ%ﬂqﬂ)

ID x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 x12 x13 x14 x15 naff nach ndom nauto

i1 5 4 2 3 5 4 4 3 5 4 3 4 5 3 4 17 15 14 12
2 5 5 2 3 5 5 3 4 5 5 1 4 5 1 3 20 15 14 7
3 3 4 4 2 2 5 5 2 3 4 5 2 4 3 3 3 17 13 12 9
4 4 4 5 1 2 5 5 1 2 5 5 1 4 5 1 5 20 14 13 4
5 5 4 4 2 2 5 4 2 3 5 4 2 4 4 2 3 16 14 12 8
6 6 4 4 4 3 3 2 4 3 3 2 3 4 3 2 4 11 10 14 13



A=LLUUDVAUS:=NDU

UN398183031A: LUUOVAUS=NOULUUKEIUD:ILUNSV IUUAIVINSTKITVNGUTI0EY
AzLWUUDVAUS=NDULUUABA MTELToRU2EUDINNAUAD0ENVKEY 9 IAUKUNUUU
kv udFuouBNoog VKL d:ldiKNGALUUKTY TR WLLUSU

UonN9INU ALLUUDVAUS:NOUILUUKENUAISAAUDeUTAYIY SvldsSunouboulu

ASUS=UIcUAIALLUUDVYAUS:=NOU UUOSaoutikey

uIasRMSVNSIAgUA:LUU K3oDTUSUASURUDtUALLUU UAiNEUTI0EY
9IvovUUNQlhe 919t8A=LWUUDVAUS=NDULLUUAzDYAQ WU U1asdasioudeyayiuov
Wechsler



A=LLUUDVAUS:=NDU

dovs:Uas:aviSovnissouA:iuu NdaUvBuda:tiodoveoglualnaldaanu (WWu tho
DINMISUS=UA:LUULEOY 1-5 kdounu) anlldagtuunasiaaonu Aositkldu
ALLUUUNASZIUNDUSIUA:LLUU

UIvAU LlauadliounikinovAUs:nouU UNEIIUUNKUNTUNSaSIVNASOULBYLAU 38
UlUWKUNzaU ws1:UKUNovAUS:NoUKIEvTUUNSK31VNaUa081v 1asiasns
AUdLUAzLUUDVAUS:NOUDE VA B NTAIUANADVINNIN0EUAD



ADULAYY

AULREYIOUSQ&oURUDNIT AzLLUUDYAUS=NDURUS:UIEUNISIAUU 1AQDINALLUU
ovAUS=NoURLADSYINNTDULWEVTQ
- chﬁu 5§ﬂ']SH']F1‘-:llUUO\)ﬁUS:ﬂOUﬁIllClﬂCh\)ﬁU ﬁa’vwatﬁtﬁonmuLr‘iavr“iumﬂch\)ﬁu
- léUCal_U O§U']EJF]O"IUlﬁ&]\)ﬁ:lﬁﬂiﬂﬂﬂtllUUO\)ﬁUS:ﬂOUO']ﬂ5§llUUHEﬂU ﬁ.lj"lHljﬂO\)ﬁUStﬂOUln"]ﬁU
1, O, ua: -1
AUUEST AzLLUUDYAUS:NOUKTY Lhad1nKNasoy 3 Gouvdnulaaldulnsvasvuuu
V1® (Simple Structure) NAUVSKUVOSUNEIWEVLLADVAUSNOULGED
Fiy =X +Xp + Xz Xij =45 + 41 F1; + ey
Fii = + A1 Fi + ey + o + Ap1Fyy + eip + s + A31Fy; + eg3

3 3 3
Fiy = zﬂj + F1i2/1j1 +zeij
=1 =1 1

j=
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KA IJUUSUSIUNASIUUOVALLUUCIUVE

3 3 3
Var(ﬁli) =Var 2 uj + Fy Z Ajr + Z ejj
j=1 j=1 j=1

3 3
Var(Fy;) = Var z uj |+ Var| Fy; Z A1
j=1 j=1

U ld' a a2
AIUNINAVN F PN

3
Var(ﬁu') 11 zlﬂ
j=1
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AULRYYVOETELEUIT unIsSWayUWavALaduoInKasIulu 1Aao1novAUS=noU
AauAWosSBUA BunAlionauus:anslowA (Coefficient Omega)

b (T 1A,k)2
)% (Z ]k) +Z

Wy =

oA Ao AWLUSUSIUNLAInTUDINOVAUS:NOU Ua:aadou Ao AOWLUSUSIU
YOVNASOUA:LLUU NIRODINAVOVAUS:NOUILAANAVIKED

a1 /1]- UArAuUNnA1 (K8ontBunditulaa tau-equivalent) ATTowAN0:0AN
IMAUSEUUS:ANS5awn (Coefficient Alpha) ASuUtUIBINNSIaLA=NTISUSLTU
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uono Nl AdaouavanslowMAasiunWUUSUSIUTOVHASIUAILUU BVaIuIsa
fuseuldaovuuu Fo MusauoinTulaalthkuslugasnuwvuaaviu Kéorfuoeu
DINAIUUSUSIUUOVNASIUDSVY vl

_ bk (Z] 1 ]k)z
Var (1 %)

Wk =

MSANUDEUAUUS=ANEToWMSULUUTD:IKUN:aUUINNST wsTTulaaldku1go1oll
aoQnaovNUUTDAaYSLY o1widnIRawalauaviulaauvy (Minor misspecification)
misAusturUKasouTagasy v:sounWHawatatulaaluudd uazgasigv
IKUzautunsainTUL0adAIWEUWUSSKIWAIAVIKEDADY



> library(semTools)

> compRelSEM(outneed, obs.var=TRUE) mmmmgmummmmmu mammn“luimm
naff nach ndom nauto

0.754 0.659 0.692 0.831 4 . o v s oy 2

> compRelSEM(outneed) ANMUNYILVUMUINAITIY A28A10U U5 IHveInsBUUNaTIN Buzi I
naff nach ndom nauto

0.754 0.659 0.692 0.831

= compRelSEM(outneed, tau.eq=TRUE)

naff nach ndom nauto < oo v qul o o R NI Loy
0.751 0.629 0.693 0.830 anueanuinaliiminesdlszneumiiny Tnazdeust alpha aliuugih

J v dy Y o LY v 1 L;)
Wandutlazminsa Iesnllsznoumnuras ImUeIAILeY
a3 o J T W v 3 o
nthihminesndsgneulimiiny O Taelvitmin O wie 1

9 v
iy lifilademsaudenlinsnauis

9 dy v Aa J Y [ 1 o w ] dya s Y

winez ldgasil indinsizidesnduaznuuneuiidi ¥z iaie Tuaa
a ) a oA 1 H “1: 1 H 1 9
wu semTools filsisumsimsizvion reliability uawanooninaeudis
1 9Y o P 1A 1 H o $ 9
e1men 39 Idomanilassulmiyein COMPREISEM faunsadnunnuieds
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*  FIKSUADIULRYVYOVALLUUOVAUS=NOULUUAEYAQ KSoWUUKINURILUEHasIU

2

o )% (Zle ijfljk)
o Var (Z§=1 ijXj)

*  ASEUNISKIAsLUUDVAUS=NOULUUAzLBYQKIU lavaan awwnsals script Audeuavl

fscores <- lavPredict(outneed, fsm=TRUE)

wfs <- attr(fscores,"fsm")[[1]]

lambda <- inspect(outneed, "est")[["Tambda"]]
psi <- inspect(outneed, "est")[[Mpsi™]]

nl =- wfs %*% Tambda %*% psi %*% t(lambda) %*% t(wfs)
dl <- cov(fscores)
diag(nl) / diag(dl)
naff nach ndom nauto
.8010853 0.7333659 0.7590879 0.8692057

WOWOW W W WYY

o
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wuoNVIuNstinaWKLIEA WY (Kline, 2005)

— 7 Ao wolj

— 8A0Q

— .9 Ao auN
Juogfudnqus:avAanstddos KinAaudovmsiduuudatunisdiadu (Wu w1ol
Utyey1) AULAEYASO=GVIUIN UEKINUIUTEUNISIduitu AOUAEYS:AUG
KSowo (3 gvaioolsla
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