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About Me

B.A. from UMD

Briefly at NYU

Ph.D. from ODU in 2012 (AE)
2-year postdoc from NIAAA

Two great loves:
— Alcohol research
— Complex data modeling




Contacting Me

* Handouts for this workshop series (and
others)

— https://sites.google.com/site/abbybraitman/home
/handouts

* abraitma@odu.edu
* MGB 132-B

Today

* Introduction to Mplus and basic functions

— Intro:
* Exporting data from SPSS
* Code terminology
* Reading output

— Basics:

* Path analyses

* Latent variable modeling

* Full SEM

* Indirect effects (mediation)
* Bootstrapping

* Diagrammer

* Troubleshooting



https://sites.google.com/site/abbybraitman/home/handouts

Today

* Intermediate functions
— Latent growth modeling
— Fixing and freeing paths
— Non-continuous outcomes
— Multilevel modeling
— Other forms of estimation
— Adding and relaxing equality constraints
— LPA/LCA

Today

* Hands-on training

— Sample dataset and suggested activities and
models

— Walk through an example together

— | will give immediate hands-on training for those
who are able to bring the software on their laptop

— |l will also provide ad hoc hands-on training for
those who want help as they explore the software
in their labs and offices for up to one week after
the workshop ends




Why Mplus?

Wide choice of data estimators and algorithms

— It excels at handling categorical, nominal, binary, censored, and
continuous non-normal data

Several output options
Beyond traditional SEM:

— Multilevel modeling (longitudinal and cross-sectional, up to three
levels of nesting)

— Mixture modeling (latent profiles, latent classes, growth mixture)
— Simulation analyses (Monte Carlo)

Error messages are somewhat helpful (model is not identified
versus need more iterations to reach convergence)

Support: manual, website, Muthéns themselves
New: Pictures!
— Helpful for double-checking yourself, and sharing with others
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What You Need

The editor (a big, grey expanse)
The Users Guide (in Program Files by default)
Data

gl sl | e Ty

@vel » My Computer (PSVCD369) » Local Disk () » Program Files (x86) + Mplus » Documentation

Organize Sharewith ~  Bum  Newfolder
* Favorites Name Dste modified Type
B Desktop Mplus Users Guide v6 paf 0PM  Adobe Acrobat D, i
& Downloads T Version 61 Language Addendum.pdf 36 PM  Adobe Acrobat D. 6 3,000

8 785047

i Dropbox

5] Recent Places

1145185
Libraries

- 3 196221

[ Documents

J Music

&= Pictures

B videos




Exporting Your Data
#3 examplesav [DataSet0] - IBM SPSS Statistics Data Editor = lE |
[ ] M u St b e File Edt View Data Transform Analze Graphs Utiiies Add-ons Window Help
£, . iy, Al @
. =11 e~ BLE HEEE2EH 400 %
n u m e r I C Visible: 9 of 9 Variables
v ¥2 v3 vh x1 x2 x3 xt x5 var
1 384517 5165364 1363764  -898108 573051 573051  -175230  -175230  -1.339954 =
° N A M E S 2 561655 902013 707320  4.081189  -368095 577052 1090042 425472 179867
3 318561 1879616 4.835230  4.403698  -577052  -694153 426472 766838 455033
4 3347049 3856002 3756754 3123650 1088520  -B17974 1149353  -1.559255 579605
5 122389 959823 237282  -395195  -694153 463916 -766538  -898300  -053513
m u St b e 6 261276 2382071 2511382 020043  -O17487  -096545 -1367410  -352276 253673
7 517996 1239996 3505963  4.293468  -817974 1027419  -1559255 677408 -001175
< 8 8 1888854 4208760  3.840733  7.287010  -658335 483444 1.007614 959731 1.104495
> 9 461254, 11448663 901303 -10.516666 463916 7B1720  -898300  1.901134  -2.223851
10 2237483 2434654 450566 1442562 1533398 723880 180512 .111837  -846025
11 480991 1463929 3136414 517670 096545  -295120  -352276 881524 966334
C h a ra Cte rS 12 165001 1.006946 503769 1379269 1341984  -320148 1445909 297111 5085501
13 1864947 1.097519 237815 2590670  1.027419  -805411 677408 766234  .496932
14 466245 TAGS674| 694669 3118448 138712 1809094 759287  -761962 2154671
Y 1 = 4 15 2567804 2160493 6423637 5538831 483444 2345841 959731 284032 253651
y y 16 024201  -392069 3050764 3096038  -507631 035250  -517296 858773 -271187
7 1912698 5745584 9114121 8769047 761720 989511 1901134 2269332  -174745
13 1350069 2143415 5993180 4433957  -736562 2920440 2318569  -798064 156104
[ ] X 1_X5 19 433773 1530933 676930 1427019 723880  -180285 11837 271133 -16208
20 977083 9.213920)  7.629695 -10.499123 155868  -1.394741 897112  -969746  -2.090380
21 1611976 4809767  -032690 1145186  -295120 446963 881524 080041  -B838566
2 767996 1276063 5597821 3796221  1.903001 1454362 1085233 -864173 855505 -
I¥]
Data View || Variable View 9
1B SPSS Statistics Processor is ready

Exporting Your Data
examplel.sav [DataSet0] - IBM SPSS Statistics Data Editor
File Edit View Data Transform Analyze Graphs Utilities Add-ons Window Help
XTI B P
Open 3 5
Open Database ¢ 13 Save Data As . [
@ Read Text Data...
= 3764 Lookin: | Mplus Wkshp
= 7320 4 example1.sav
5230 A
Save As... ) Iy
F= Save Al Data 7982 K
= Exportto Database.. 11382
@ Mark File Read Only 5963 4
EE Rename Dataset... fO733 Keeping 9 of § variab)
eeping 9 of 9 variables [ ]
Display Data File Information p P1303 1 Variables...
E3] Cache Data. p0556  -1| File name: examplel.sav | [ save ]
] e414 Save as type. | SPSS Statistics (*.sav)
3769
- SPSS 7.0 (".sav) =
Switch 8 e
S 7815 4 SPSSIPCH+ (".5y5) ]
Repository b obassg - Portable (*por
|4, Print Preview D3637 Tab delimited (*.dat)
Comma delimited (* csv)
=) Print... Ciri+P 69764 Fixed ASCI (* ciah
Recently Used Data » 4121 Excel 2.1 (*.xls)
Recently Used Files » P3180 W Excel 97 through 2003 {* xls) =
Exit 6930 1427019 723880 -.180285 111837 271133 -.162098
- = 29695  -10.499123 155868 -1.394741 - 897112 - 969746 -2.090380 10
24 4 cA407¢ A.2007¢6 022000 o B I BT 208420 JACOC JE24 020044 1=




Exporting Your Data

* Make sure it’s the right encoding

13 Save Data As 8~ &~ =)
Lookin: | 1. Mplus Wkshp -] @A

Keeping 94 of 94 variables.

]

Variables...

File name ‘MDIUSSJUII'SEM dat

Save as type: ‘Tab delimited (*.dat) =

Encoding:

Unicode (UTF-8)
Local Encoding
= =

[a]

(&)

Store File To Repository. .

Exporting Your Data

* Make sure you do not export the variable NAMES.

13 Save Data As @ - .- @
Look in: ‘ Mplus Wkshp '| ER

Keeping 94 of 94 variables

File name:  [Mplus3_full SEM.dat

|
Save as type: ‘Tab delimited (*.dat) = |
|

Encoding: ‘Lucal Encoding =

[T Write variable names o spreadshect
|| Save value labels where defined instead of data values
=
lal

Store File To Repository...




Data File

| example1.dat - Notepad o|E
File Edit Format View Help
. 354517 -5.165364 1.363764 . 898108 573051 573081 17523 - 17523
561655 .902013 .70732 4.081189 -. 368095 - 577052 .425472
.315551 ~1.879616 -4.83523 -4.403598 -.577052 L Gaaass .425472|=
3.347049 3. 856002 -3.758754 23.12365 1.08852 —.817974 1.14935
2122389 - 859823 -.237282 -.395195 ~694153 463916 -.76653
-25127 -2.38207 -2.511182 .020943 -. 017487 -. 096545 1.3674
731799 1.239996 3.505963 1.293468 -, 817974 1.027419
1.588 4.20876 3.840733 7.28701 -.658335 .483444 1.007614 .959731
LaEia%s 1. 448563 ~1901303 -10. 515656 463916 .76172 -.8983 -1.901134
2.237483 -2.434654 450556 -1.442562 1.533398 72388 .180512 .111837
480991 1.463929 3.136414 5.11767 -.096545 -.20512 1.352276 881524
165901 1.006946 21503760 1379260 -1.341994 -1320148 11,4459
1.864947 1.007519 37815 2.59067 1.027419 - 677408 .766234
~la66245 Z7.46567 1604660 -3.118448 -.138712 1.809004 1.75928
20567804 2.160493 6.423637 5. 538831 .483444 2.345841 .959731
-, 024201 -1 392060 3.959764 3.096038 1.507631 .935259 -, 51729
~1.012698 5.745584 9114121 8769047 76172 . 989511 -1.901134
-1.350069 2143415 5.99318 4.433057 -.736562 2.92044 2.318569
.433773 -1.530933 67693 1.427010 72388 -.180285 111837 .271133 -.16209
Z.977083 Z9.21392 ~7.629695 110.499123 .155868 -1.394741 - 89711
1.61197 -4.800767 -.03269 -1.145186 --20512 448963 851524 080041 - 83350
~.767996 1.276063 5.597821 3.796221 : i.45.
837057 -7.25733 -6.053076 -8. 681188 -.320148 . 064293 297111
412364 -3.898034 -5.4677 -4.697337 206923 -1.530256 -, 527616
574638 -2.584034 - 781561 - 628315 17805411 . 090957 766234
703489 -3.491514 -3 10598 -3.194734 120333 -.78157 .510023 -.58211
1226553 -5.634457 8. 880979 —9.41615? 1.809004 1il888720
-131945 -1.38739 -2.472728 Z1.823883 28685 -.941043 - 860617
3.241508 8.73706 2.33273 6.46955 2.345841 03434 .284032 3819  2.97015
21.762349 22.250556 1183508 2.36435 -.514367 361164 1172163
1. 593459 6.755035 1891482 6.053462 .935259 .29954 .858773 .482481
-1.03716 4.076356 2.3053  5.204814 -1.231314 .053378 3872
2.440433 ~2.088605 4844651 3.606092 J089511 1. 38047 2. 260332
~006972 1.409355 0668435 1096993 1.741643 - 1.45472
7512 ~1.175304 -6.945899 17.487132 2.92044 “3.81398 -.79806
“364904 6.191273 4.238531 8.131501 1.35079 53401 -1.084402 .472889
1293184 5.670602 5.209865 8.607597 ~l180285 144324 .271133 2.00787 _
a ;

Exporting Missing Data

Missing data cannot be blank

5,7,8,[.],32 becomes 5,7,8, 32

X1 X2 X3 Drinks | Age X1

X2

X3 Drinks

— .

5 7 8 32

7

8 32

You need some sort of indicator (that is not a

plausible value)

5,7,8,999, 32 becomes 5, 7, 8, [missing], 32

You must tell Mplus what your indicator is
— The language gets longer if you use different

indicators for different variables, but it is possible




Exporting Your Data

* You may want to copy-paste your variable
names from SPSS into Mplus when it’s time to
enter them 13 *examplel sav [DataSet0] - IBM SP!

File Edit View Data Trans

» If you accidentally omit one typing — & M «

MName || T

by hand, data will be mis-matched | | s
* This is the time to shorten them
if you haven’t already: — =
PROBLEMSt2 > PROBSt2 E

15

Getting Started




Getting Started

* Title: Optional, but helpful
* Data: Required
— Exported from SPSS
* Variable: Required
— NAMES ARE [your variable names];
— Lists ALL variables in the dataset
* USEVARIABLES ARE: Required if you're using only some of the variables in the
dataset for your model
¢ MISSING IS all (999);
— Saying 999 is the missing data indicator, and that’s true for all variables
* Model: How you specify what analysis you want

m.] exam

TITLE: this is an example of a basic linear regression
for a continuous dependent variable
with two predictors;
DATZ: FILE IS5 examplel.dat;
VARIZEBLE: MAMES ARE w1l v2 w3 v4 =x1 x2 =x3 =4 =x5:
USEVARTABLES ARE w1l x1 x3;
MISSTING IS5 all (993);
MCDEL: w1 ON =1 x3; 17

Basic Model Language

* y ON x1 x2 x3 y
(regression)

* x1 WITH x2
(correlation)

* fBY iteml item2 item3 item4 item5
(factors or latent variables)




Semi-Colons and Exclamation Points
e Semi-colons are how Today’s Uses of a Semicolon
you complete a
command/item in
mplus.
Every statement
must end with it.

. To separate
sentences

To make winky
. faces ;)

e Exclamation Points are how you make notes to
yourself (or inactivate code).

Semi-Colons and Exclamation Points

Mediation_PlacePlanLimit_TYPEcomplex.inp

TITLE: Mplus multilevel mediation for daily drinking
with PBS (daily) as mediator.

Flace Context and PBS as predictors.
Drinks as outcome.
No mediation yet to replicate HLM findings:

DRTA: FILE is DailyLlmplus.csv:

VARIABLE: Names are SONA WeekID Home Bar Rest Party
Cther Alone Friend Fam CPlace drinks pbsplan
pbsdo pbsall time Weekend age gendD raceD
greekD residD marryD;

USEvVariable= are Home Bar Rest Party
Other drinks pbsplan gendD;

CLUSTER = SCHA:

CENTERING = GRANDMEAN (pbsplan):

LNALYSIS: TYPE = COMPLEX:

Drinks ON Home Bar Rest Party Other pbsplan:
pbsplan ON Home Bar Rest Party Other;
drinks CN gendD;

pbsplan OH gendD;

SWITHINS

CN pb=do;
e Bar Rest Party Other;

20

10



* Make sure your data were read correctly by

* Match with your descriptives from SPSS

Double-Checking

asking for descriptives

Analysis: TYPE = BASIC;

]

EXd

TITLE: this i=s an example of a basic linear regression
for a continuous dependent wvariable
with two predictors;

DATL: FILE IS examplel.dat:

VARIABLE: NAMES ARE vl w2 v3 v4 x1 =®x2 =x3 x4 x5;

USEVARIABLES ARE vyl =1 =3;

MISSING IS all (999);

Lnalysi=s: TYPE = EBASIC;

TMCDEL: w1 CM x1 x3;

n]

Double-Checking

examplel.out

RESULTS FOR BASIC ANARLYSIS

Tl
X1
X3

Tl

X3

ESTIMATED SEMPLE STATISTICS

Means
Y1 X1 X3
1 0.485 0.001 -0.042
Covariances
Y1 X1 X3
2.40¢
1.078 1.094
0.64 0.028 0.357
Correlations
Y1 X1 X3
1.000
0.665 1.000
0.427 0.028 1.000

22
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Double-Checking

Descriptive Statistics
M Mean Std. Deviation
i 500 AB484627 | 1.553185733
1 500 00128901 1.0467E3906
¥3 500 | -.04216123 879130863
Walid M (listwise) 500

Correlations

w1 ¥1 %3
y1 Pearson Correlation 1 BES 427
Covariance 2412 1.081 B&0
M a00 ann a00
¥ Pearson Correlation RS 1 028
Cavatiance 1.081 1.096 028
M 400 a00 500
3 Pearson Correlatian 427 028 1
Covariance 680 .02z 849
Kl a00 500 500

Path Analysis

 Series of regressions: but DV’s can now also be
IV’s!

* Great for testing models/theories
* PICTURE and CODE and OUTPUT

12



Path Analysis: Health Belief Model

Perceived Benefits
Perceived and Barriers
Susceptibility \
Perceived Likelihood of
Threat Taking Action
Perceived /
Severity Cues
to Action

25

Path Analysis

PThreat

[ seemy [ cweana

Intent

A/

HealthBelief.inp

TITLE: this is an example of a basic path analysis
with all continuous wvariables.
Using the Health Belief Model though the data are fake;
DATA: FILE IS5 examplel.dat;
VARIAERLE: NAMES ARE deml intent CostBenR Pthreat demZ CuesZict dem3 Suscept Severity:
USEVARIABLES ARE intent CostBenR Pthreat CuesZhct Suscept Severity;
IMISSING IS5 all (999)
MCDEL:
Intent ON CostBenRCaesZAct:
ON Suscept Sewverity:

OUTPUT: stand cint; 26

13



Output

File Edit View Mplus Graph Window Help

NS eS|

|

EFEIEEETTTE

* Defaults:
— Fit statistics (not always relevant)
—~B,SE, t,p
* Can easily request additional information

— stand = standardized values (e.g., Bs)

— CINT = confidence intervals
* Gives 99%, 95%, 90%,

27

]

Reading Your Output

healthbelief.out

with all continuous

SUMMARY OF RNALYSIS

Humber of groups

Continuous

Information matrix

INPFUT READING TERMINATED NORMALLY

this i=s an example of a basic path analysis

variables.

Using the Health Belief Model though the data are fake:

Number of observations 500

Number of dependent wvariables 2
Number of independent variables 4
Number of continuous latent variables 1]

Chserved dependent wvariables

INTENT FTHRELT

Chserved independent wvariables

COSTBENR CUESZRCT SUSCEPT SEVERITY
Estimator ML 28
CBSERVED

14



x

Reading Your Output

healthbelief.out

THE MODEL ESTIMATION TERMINATED NORMALLY

MODEL FIT INFORMATION

Number of Free Parameters 9
Loglikelihood
HO Value -2357.703
Hl Value -1568.616

Information Criteria

Lkaike (RIC) 4733.407
Bayesian (BIC) 4771.338
Sample-Size Adjusted BIC 4742.772

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

Chi-Square Test of Model Fit
Value 1578.175
Degrees of Freedom 4
E-Value 0.0000

EMSER (Root Mean Sguare Error Of Approximation)

Estimate 0.887
S0 Percent C.I. 0.851 0.924
Probability RMSERZ <= .05 0.000

29

n]

Reading Your Output

healthbelief.out

MODEL RESULTS

B SE t
Two-Tailed
Esztimate S5.E. Es=st./S5.E. E-Value
INTENT ]
COSTBENER -0.305 0.085 -3.585 0.000
PTHRELT 0.883 0.047 8.861 0.000
CUES2RCT -0.557 0.166 -3.361 0.001
PTHRERT CH
SUSCEPT 3.656 0.144 25.380 0.000
SEVERITY 2.163 0.143 15.074 0.000
Intercepts
INTENT -1.515 0.082 -16.430 0.000
PTHRERT 0.6822 0.148 4,199 0.000
Residual Variances
INTENT 3.896 0.246 15.811 0.000
FTHRERT 10.97 0.694 15.811 0.000

15



Reading Your Output

] healthbelief.out
STANDARDIZED MODEL RESULTS
lsrnyx Standardization
Two-Tailed
Estimate 5.E. Est./5.E. E-Value
INTENT CH
COSTBENR -0.248 0.064 -3.862 0.000
PTHEEAT 0.979 0.028 34.627 0.000
CUESZACT -0.117 0.037 -3.200 0.001
PTHREAT O©ON
SUSCEFT 0.670 0.02 29.167 0.000
SEVERITY 0.398 0.027 14.744 0.000
Intercepts
INTENT -0.298 0.020 -15.002 0.000
PTHEEAT 0.110 0.026 4.172 0.000
Residual Variances
INTENT 0.151 0.015 10.196 0.000
PTHEEAT 0.345 0.025 13.81%9 0.000
!STDY Standardization 31
Reading Your Output
m ] healthbelief.out
R-SQUARE
Cbezerved Two-Tailed
Variable Estimate 5.E. Est./5.E. F-Value
INTENT 0.848 0.015 57.380 0.000
PTHREAT 0.655 0.025 26.183 0.000
QUALITY OF WNUMERICAL RESULTS
Condition Number for the Information Matrix 0.477E-02
(ratio of =smallest to largest eigenwvalue)
CONFIDENCE INTERVALS OF MODEL RESULTS
Lower .5%||Lower 2.5% Lower 5% Estimate Upper 5% | |Upper 2.5% Upper .59
INTENT cH
COSTBENR -0.524 -0.471 -0.445 -0.305 -0.165 -0.138 -0.086
FTHRELT 0.762 0.791 0.80& 0.883 0.380 0.975 1.003
CUESZACT -0.985 -0.88 -0.830 -0.557 -0.285 -0.232 -0.130
FTHRERT ON
SUSCEPT 3.285 3.374 3.419 656 3.893 3.939 4.027
SEVERITY 1.793 1.882 1.827 2.163 2.39%9 2.444 2.533




Indirect Effects

Also called mediation
A
X ‘ » Y
B M
a b
X ‘ » Y

e C = total effect
e c'=direct effect
* ab = indirect effect

33

Indirect Effects

Perceived

Threat \

[

l Intent

Neuroticism

Self-
Efficacy

TITLE: this i= an example of a2 basic path analysis
with all continuous wvariables.
Incorporating an indirect effect (data are =still fake):
DATH: FILE IS examplel.dat;
VARIARBRLE: HNAMES ARFE deml intent SelfEff Pthreat dem?2 CuesZict dem3
USEVARIARLES ARE intent Pthreat HNeuro SelfEff;
'MISSING IS all (993):
MCDEL:
Intent CN Pthreat S5elfEff Neurao:

Pthreat CN Neuro: MODEL INDIRECT:
SelfEff ON Neuro; .
y IND mediator x

rm

MCDEL INDIRECT: Intent IND Pthreat MNeuro;
Intent IND SelfEff Neuro:

CUTFUT: stand cint; 34

17
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http://www.google.com/url?sa=i&rct=j&q=&esrc=s&frm=1&source=images&cd=&cad=rja&uact=8&ved=0CAcQjRw&url=http://www.nrhpsych.com/mediation/logmed.html&ei=NhJcVKqOEc_uoASV54CADA&bvm=bv.79184187,d.cWc&psig=AFQjCNHmB3CxfEBLZrzRc5hsMivmi1s7JQ&ust=1415406494676789

Indirect Effects

Perceived
Threat \
Neuroticism { Intent
Self- /
5 Efficacy indir
TOTAL, TOTAL INDIRECT, SPECIFIC INDIRECT, AND DIRECT EFFECTS
Two-Tailed
Estimate 5.E. Est./S.E. P-Value
Effects from NEURC to INTENT
Sum of indirect 1.250 0.130 9.631 0.000
Specific indirect
INIENT
FTHREAT
NEURO 1.408 0.137 10.286 0.000
INTIENT
SELFEFF
NEURO -0.158 0.042 -3.803 0.000
STANDARDIZED TOTAL, TOTAL INDIRECT, SPECIFIC INDIRECT, AND DIRECT EFFECTS 35
Bootstrapping
* Bootstrapping example with means:
Original sample 1 sample 2 sample 3 sample 1000
[31.14] [31.157] [31.157 r31.15] [31.15]
| 26.41 | 26.41 | 26.41 31.15 | 26.41
| 3082 | 3082 | 3082 | 3082 | 26 41
|21.59 | 21.59 |30.82 | 21.59 | 21.59
2676 2676 26 76 26 76 26 76
| 26.02 | 2602 | | 26.76 | | 26.02 | 26.02
2832 2832 2832 2832 26 02
21.26 28.32 21.26 21.26 | 21.26
19 50 19 50 19 50 2126 19 50
[ 24.03 [19.50 | | 24.03 | | 24.03 | | 24.03 |
u's: 25.586 26.32 26.03 26.24 24.59

* Notice that some values are repeated in the samples

because they were sampled with replacement.

36
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Bootstrapping

e Applied to mediation:

.98 75 97 76 .99 74 1.1 T7

’ A ’ A ’ LY ’ LY
I }—>| 03 ov v }—>| 025 o % }—>| 04 ov % }—>| 035 ov
sample 1 sample 2 sample 3 sample 4

* Each parameter estimate gets a set of possible
values (in this case, 1000 of them)

Bootstrapping

* Final estimate = midpoint of ordered estimates

* Significance assessed with middle 95% of ordered
estimates

[0.968 [0.737] [0.713]
0.969 0.739 0.716
0.971 0.740 0.719

a=|1.031|,b=|0.762 .. ab=| 0.786

1.062 0.781 0.829

1.062 0.783 0.832
| 1.064 0.783 0.833

* Indirect effect = 0.833 (95% Cl: 0.719,0.829)

19



Bootstrapping

* No longer requires normally distributed variables (or
coefficients)

* Create our own (normal) sampling distribution
* Assess significance using 95% Cl (no 0 ~ p < .05)

n.] Indir
TITLE: this is an example of a basic path analysis
with all continuous wvariables.
Incorporating an indirect effect (data are still fake):
DATA: FILE IS5 examplel.dat;
VARIABLE: NAMES ARE deml intent S5elfEff Pthreat dem? Cues2hct dem3 Suscept H
USEVARIABRLES ARE intent Pthreat Neuro SelfEff:
[AHE:YSIS: BOOTSTRAP = 5000;
MCDEL:
Intent CN Pthreat S5elfEff Meuro;
Pthreat CN Neuro;
SelfEff CN Neuro;
MCDEL INDIRECT: Intent IND Pthreat Neuro;
Intent IND S5elfEff Meuro;

QUTBEUT: stand |cint (beboot)

1 39

Latent Variable Modeling (CFAs)

e Crux of SEM (1 minute review)

e Assumes underlying, unobserved, /latent
construct is driving observed items
 Different from composite scores
— Allows for Measurement Error
— Allows for best combination weighting of items

40




Latent Variable Modeling (CFAs)

Latent

Factor

TITLE: thi=s is an example of a basic CF&
with all continuous wvariables.
211 data are fake:;
DATE: FILE IS exanmplel.dat;
VLARIABLE: MNAMES ARE iteml item2 item3d itemd itemS x1 x2 X3 v;
USEVARIABLES ARE iteml item2 item3 itemd icem5;
'MISSING IS all (959):
MODEL:
F BY iteml itemZ item3 itemd item5: 41
IOMTPIIT: =tand ~int:

s

Latent Variable Modeling (CFAs)

MCDEL RESULTS

Two-Tailed e Defaultis to

Estimate 5.E. Est./5.E. E-Value
- set first item
ITEM1 1.000 0.000 933,000 999,000 .
ITEM2 -0.317 0.183 -1.731 0.083 IOadIng to 1
ITEM3 -0.297 0.184 -1.613 0.107
ITEM4 -0.416 0.252 -1.654 0.098 (to Scale
ITEMS 0.781 0.149 5.249 0.000
Intercepts faCtor)
ITEM1 0.485 0.069 §.987 0.000 . .
ITEM2 -1.108 0.187 -5.932 0.000 ° Alternat|ve IS
ITEM3 0.027 0.185 0.144 0.826
ITEM4 0.499 0.252 1.980 0.048 to set
ITEMS 0.001 0.047 0.028 0.978 .
_ variance of
Variances
F 1.375 0.287 4,788 0

-000 factorto 1

Residual Variances

ITEM1 1.032 0.260 3.963 0.000
ITEM2 17.294 1.087 15.764 0.000
ITEM3 16.982 1.077 15.761 0.000 4
ITEM4 31.518 2.000 15.757 0.000




Latent Variable Modeling (CFAs)

Latent )
Factor

Full SEM Models
* Combining CFAs with Path Analyses

:

gen3

Typical
Drinking

44
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Full SEM Models

* Code (old and new)

File Edit View Mplus Graph Window Help

D & @) ElL IEEE ,

]

TITLE: thisz iz an example of a full S5EH
model with all continuous variables.
B11 data are fake:

DATA: FILE IS fullSEM.dat;

VLRTILERIFE: NAMES RRE Q3 Q4 Q5 Q6 Q7 Q& Q5 Q10 Q11 Q12 Q13 Ql4
Qed Q61 Q62 QE3 Q64 Q65 Q66 Q6T Q68 Q&% Q70 Q71 genl genZ
gen3 gend genS targetl target? target3 targetd targets age
FTPT res greek gpa race hisp year athlete gender marry
DrinkTyp DrinkHvy Probs;

TUSEVARIABLES ARE genl genZ gen3 gend4 gen5 targetl target2
target3d targetd targetS age marry DrinkIvp:

IMISSING IS5 all (883):
!EHALYSIS: ITERATIONS = 10000;
MODEL:

F1 BY genl gen? gen3 gend4 gen5; .

F2 BY targetl targetlZ target3d targetd targets; FactorLoadlngs
DrinkTyp on F1 FZ2 age marry;

F2 CN _Fi: Paths

CUTPUT ;| mod (a2ll)| stand cint; 45

Full SEM Models

]
MODEL FIT INFCRMATICH
Number of Free Parameters 37
Loglikelihood
HO Value -4725.04¢
H1 Value -4616.352

Information Criteria

Rkaike (AIC) 9524.032

Bayesian (BIC) 9668.083

Sample-Size Adjusted BIC 9550.689
(n* = (n + 2) / 24)

Chi-Square Test of Model Fit

Value 217.388
Degrees of Freedom 62
F-Value 0.0000

RMSERA (Root Mean Square Error Of Approximation)

Estimate 0.083

80 Percent C.I. 0.071 0.085

Probability RMSEA <= .05 0.000
CFI/TLI

CFI 0.9835

TLI 0.920

46
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Full SEM Models

n]

MODEL RESULIS

Two-Tailed

Estimate 3.E. Est./S3.E. P-Value

F1 BY

GEN1 1.000 0.000 293,000 293,000

GENZ 1.311 0.145 a.021 0.000

* Fact

GEN3 0.946 0.093 10.217 0.000 actor

GEN4 1.532 0.136 11.244 0.000

GENS 1.389 0.130 10.546 0.000 LoadlngS
Fz BY

TARGET1 1.000 0.000 399.000 399.000

TARGETZ 1.002 0.047 21.182 0.000 .

TARGETS 1.067 0.046 23.003 0.000 ° Ma|n Paths

TARGET4 1.115 0.042 26.279 0.000

TRRGETS 1.111 0.042 26.550 0.000
F2 OH .

F1 0.942 0.126 7.455 0.000 [ ] Covar|ate
DRINKTYP ON

F1 -4.652 1.133 -4.107 0.000 Paths

Fz 1.181 0.509 2.260 0.02
DRINKTYP ON

LGE -0.003 0.049 -0.065 0.948

MARRY -0.315 0.258 ~1.221 0.222
Intercepts

GEN1 4.738 0.036 132.289 0.000

GENZ 4.337 0.049 87.845 0.000

Full SEM Models

fu

[ MODEL MCDIFICATION INDICES I

Minimum M.I. value for printing the modification index 10.000

M.I. E.P.C. 5td E.P.C. 5tdiX E.P.C.

CN/BY Statements

TARGET1 ON F1 /
F1 BY TARGET1 10.248 -0.241 -0.102 -0.110

CN Statements

F1 ON TRARGET1 10.252 -0.2586 -0.604 -0.582
F2 CH TARGET1 10.277 0.812 0.974 0.906
GENZ2 O GENS 15.868 0.410 0.410 0.337
GEN2 CN TRRGETZ 13.831 0.170 0.170 0.185
GENS OH GEHN2 15.867 0.185 0.185 0.2286
TARGET1 CN GEN4 14.424 -0.122 -0.122 -0.108
TARGET1 CN TARGET3 11.81¢9 0.180 0.180 0.204
TRARGETZ ON GENZ 43.512 0.291 0.2491 0.222
TARGET3 OCN TARGET1 11.812 0.333 0.333 0.285
TRARGET4 ON GEN4 14.800 0.135 0.135 0.10%
TARGETS ON GENS 14.237 0.138 0.138 0.105
WITH Statements

GENS WITH GEN2 15.868 0.107 0.107 0.276
TARGRET1 WTTH F1 10.246 -n.n43 -n.102 -n.249




Diagrammer

sy Mplus - [fullsem]

5] File Edit View Mplus  Plot | Diagram | Window Help

0= u| $ [ =} | & | Open Diagrammer | ? |
Mplus VERSION 7 View diagram Alt+D

MUTHEN & MUTHEN
09/24/2013 4:29 PM

INPUT INSTRUCTICNS

TITLE: this is an example of a basic CFA
with all continuous wariables.
L1]1 data are fake;

DATA: FILE IS5 examplel.dat;

VARTIABLE: HMAMES ARE iteml item? item3 itemd4 item5 itemé item7 items vy
ITJSEVARILELES LARE iteml item? item3 itemd itembs:
IMISSING IS5 all (99%9):

MODEL:
Fl BY item7 item2 item3 itemd;
F2 BY item5S itemé iteml item8;
Y on F1 F2:
F2 ON F1;

CUIPUT: stand cint mod;

Iy2 = intent;
'y3 = CostBenR:;

49
'y4 = Pthreat;
.
Diagrammer
File Edit Veew| Disgram Window Help
D & @ & k 0O O % %W - - + & 0 @ a =
¥ fullsem.dgm = vy

951 (.060) ——» item?

1.000 (.000)
6.002 (397) —» jtem2 \
43.051 (22.229)
~—
006 (.006)
s

4.765 (2.517) ¥ ’-— 930 (.0
46,040 (23.757

1.299 (1.060
2030 (267) ez N Ls3a (6120 1060 045 (015)

74.806 (38.571)

SL757(433) —» jtemd

1.0001-.032 (.051)[-.016 (.043)

item1 item8

P r 1 1 50

=207 (1.057) 1.142 (.072) 1.513 (.732) 1.065 (.067)

items item6
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Diagrammer

E Mplus - fullsem.dgi

Diagram Window Help

(i} v View residual arrows E@D %%F‘ — — + fon

©
yO)

aQa m

View residual variables

¥ fullsen
v Parameter estimates
STDVX estimates
STOY estimates
STD estimates

Show no estimates

Show only estimates

Show standard errars

Show confidence intervals

Show parameter labels
Show only significant

v Show covariance between independent variables

1 (.000)

Specify decimal places
6.00 Change diagram font settings

Change group

Zoom in
Zoom out 4.765 (2517)7
46.040 (23.757
1.299 (1.060) 5
4.030 (267) —» jtem3 -534 (6.,

Diagrammer

File Edit View Diagram Window Help
D & ®| & kgl o % B - -« & g oo a Qq m

B Mplus Diagraml

name of the data set

names of the variables in the data set

B v - i S

File Edit View Diagram Window Help

0O @& B & k
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Diagrammer
[

elp
& E o W ¥ - -
EE@ B Mplus Input File

Qa Q

TITLE:
DATA:
! enter the name of the data set
FILE = ;
VARIABLE:
! enter the names of the variables in the data set
NAMES = ;
MODEL:

Variable name l ﬂ

Give the variable name:
item1

T

53

Diagrammer

B Mplus - Mplus Disgrare T "

File Edit View Diagram Window Help
D @ B & kh O O % B, - - o+ & Q Q m
8 Mplus Diagram1 o [=E) @ B diagrammerCFA.inp

TITLE: Using the Diagrammer to creatd

DATA:
! enter the name of the data set

FILE = examplel.dat;
VARIABLE:
abbyl ! enter the names of the variabld
NAMES = abbyl abby2 abby3 abby4 4
MODEL:

54
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Mplus - Mplus Diagra

File Edit View Diagram Window Help

Diagrammer

(] = (=] 8 xS O O v s — - + G @ Q m
B Mplus Diagraml = [ (a2 | B diagrammerCFAing

TITLE: Using the Diagrammer to create your model;

DATR:
! enter the name of the data set
FILE = examplel.dat;

VARIABLE:
! enter the names of the variables in the data set
NAMES = abbyl abby2 abby3 abby4 abby5 abbyé abby7 abY

MOD! H

abby2 abby2 oN abbyl

abbyl

abby3

55

EMp\us - Mplus Dia

File Edit View Diagram Window Help

O F & &

K

Diagrammer

O O % 9 - o .

& Q L]

B Mplus Diagraml

MODEL:

EIE‘E B diagrammerCFA.inp

TITLE: Using the Diagrammer to

DARTR:
! enter the name of the daf]
FILE = examplel.dat;

VARIABLE:
! enter the names of the vq
NAEMES = abbyl abbyZ abby3 4

i abby2 ON abbyl;
a‘bb Move v v -
abby3 ON abbyl abbyZ;
Delete object

Rename object

Select object

Deselect object

Deselect all

Select factor/growth model

abbyl

Select factor/growth indicators enly
Rotate selected objects clockwise

Rotate selected objects counterclockwise
Color object

Add/edit label

Properties

28



File Edit View Diagram Window Help

D = B & L O

Diagrammer

O} N L

O || ® - - v oE

B Mplus Diagraml

[r= =) [23m | P Mplus Input File

TITLE: Uszing the Diagrammer to create

DAT.

! enter the name of the data set
FILE = I still have to type this;

VRARIABLE:
! enter the names of the variables

HAMES = I still have to type this;

MODEL:

Input . &J

0' How many observed variables?
@

57

File Edit View Diagram Window Help

0D & B & L O

Diagrammer

(@] E@F‘ ?%F — — i <,

B Mplus Diagraml

EIEIE B Mplus Input File

TITLE: Using the Diagrammer to

DRTR:
! enter the name of the dat
FILE = I still have to type

l VERIRBLE:
3 ! enter the names of the va
NAMES = I still have to typ

yl ¥ | |moDEL:
f BY vl v2 ¥3 y4 v5;

Variable names u &J

Specify how variables should be named:

Use default variable names | Enter variable names

58
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Diagrammer

O WO - e 4 Q Q |
yl y2 v3 v4 5
59
Diagrammer
File Edit View Diagram Window Help
O = =] & I o o = B - e + X @ q m

B Mplus Diagraml

EIE@ B Mplus Input File

TITLE: Using the Diagrammer to

DRTR:
! enter the name of the dat

FILE = I still have to type

VERIRBLE:
1

—

enter the names of the va
NAMES = I still have to typ

yl ¥ | |moDEL:
f BY vl v2 ¥3 y4 v5;

[

Variable names l

Specify how variables should be named:

Use default variable names ‘ [ Enter variable names
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Diagrammer
& Lk O o % W - - . g

(O} Q Ful|

EIE@ o] Mplus Input File

TITLE: Using the Diagrammer to create your model;

DATR:
! enter the name of the data set
FILE = I still have to type this;

VARIRELE:
1

enter the names of the variables in the data
NEMES = I still have to type this;

vl ¥y | [oDEL:
£ BY vl v2 ¥3 v4 y5;

Factor model: factor name @

Specify factor name:
Abby's Factor

61

Diagrammer

ram Window Help
W & &k 0 O Vv W - -
==~ = | B Mplus Input File

TITLE: Using the Diagrammer to create your model;

DATA:
! enter the name of the data set

FILE = I still have to type this;

l VARIABLE:
3 ! enter the names of the variables in the data s
NAMES = I still have to type this;

- xzl sl onEr.. ~

(2] === R

nter the variable names:
abbyl
abby2
abby3
abby4
abbys|
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Diagrammer

File Edit View Diagram Window Help

D & W& & Lk 0O

O ¥ W ~ -~ s+ <

@ a

i Mplus Diagraml

IS N S S

abbyl abby2 abby3 abby4 abbys

63

Diagrammer

O} a P

|

l

EIEIE E Mplus Input File

TITLE: Using the Diagrammer to create your model;

DRTR:
! enter the name of the data set
FILE = I still have to type this;

VARIABLE:
! enter the names of the wariakles in the data set

NRMES = I still have to type this;

MODEL:

abbyl

abby2

Bbby's Factor BY abbyl abby2 abby3 abby4 akbys;

32



Diagrammer

File Edit View Diagram Window Help

0O =

=

k O

O W W - -

@ Q M

B Mplus Diagrami

abbyl

abby2

abby3

abby4 abby5

AbbyByHany

B diagrammerCFA.inp

TITLE: Using the Diagrammer to cr

DATA:
! enter the name of the data
FILE = examplel.dat;

VARIABLE:
! enter the names of the vari
MAMES = abbyl abby2 abby3 abb|

MODEL:
abby2|ON
abby3|ON
abby4|on
abby5|ON
abbyl|ON

byByHand;
byByHand;
byByHand;
byByHand;
byByHand;

65

File Edit View Diagram Window Help

0O =

&

kO

Diagrammer

o W W

a Q

2| Mplus Diagraml

l

\

/

l

abbyl

abby2

abby3

abby4

abby5

AbbyByHang]

| diagrammerCFA.inp

DRTR:

VARIABLE:

MODEL:
abbyZ |CN
abby3|ON
abby4 |CN
abby5 | ol
abbyl|CoN

byByHand;
byByHand;
byByHand;
byByHand;
byByHand;

TITLE: Using the Diagrammer to cr|

! enter the name of the data
FILE = examplel.dat;

! enter the names of the vari
NEMES = abbyl abbyZ abby3 abb

66
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File Edit View Diagram Window Help

Diagrammer

b & @ & Kk O O % W -
P Mplus Diagram1 [ diagrammerCFA.inp

TITLE: Using the Diagrammer to create your of

DATR:
! enter the name of the data set
FILE = examplel.dat;

VARIRBLE:
! enter the names of the variables in tf
NAMES = abbyl abbyZ abby3 abby4 abby5 a

MODEL:

abby?2 abby2 ON abbyl;

abbyl

abby3

abby3 ON abbyl abbyZ;

I]MDDEL INDIRECT: abby3 IND abby2 abbyl;] ]

67
Di
File Edit Diagram Window Help
0 ¥ View residual arrows E@’ %%F — + @ Q m
——— Wiew residual variables
gMprus = Bl (3 gd\agrammErCFA.mp
v Parameter estimates TITLE: Using the Diagr er
STDYX estimates
STDY estimates DAT

STD estimates

Show no estimates
Show only estimates
v Show standard errors

Show confidence intervals

v Show parameter labels

Show only significant

v Show covariance between independent variables

Specify decimal places
Change diagram font settings

Change group

Zoom in

Zoom out

! enter the name of the
FILE = examplel.dat;

VRERIRELE:
! enter the names of the
NREMES = abbyl abby2 abby|
MODEL:
abby2 ON abbyl;
abby3 CON abbyl abbyZ;
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Troubleshooting

* The manual
* The website
* The software itself

69

The Software

The input setup produced syntax warnings/errors causing Mplus to
/_IA abort. Please refer to the output file for these warnings/errors and fix
the input setup accordingly.

alysis

erias t oo oo marempm e

VARIRBLE: HMAMES ARE
USEVARIRELES RRE
IMISSING I5 all (99%9);

MODEL:

F BY iteml item2 item3 itemd itemS;
1QUTPUT: stand cint;

'y2 = intent;
'y3 = CostBenR;
!y4 = Pthreat;
x4 = Suscep;
'x5 = Severity:

data are fake:;

iteml item2 item3 dem? dem3 demd4 itemd4 itemb:
iteml item2 item3 itemd item5;

T

##% ERRCR in VARIABLE command

all new wariables created using the DEFINE command.
wiolating this order are: INTENT

On the USEVARIABLES list, wvariables from the NAMES list must come before

The wariables ts}7O
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Using the Manual

Following is the set of CFA examples included in this chapter:

N

.1: CFA with continuous factor indicators

.2: CFA with categorical factor indicators

5.3: CFA with continuous and categorical factor indicators
5.4: CFA with censored and count factor indicators*

5: Two-parameter logistic item response theory (IRT) model*
: Second-order factor analysis

.7: Non-linear CFA*

5.8: CFA with covariates (MIMIC) with continuous factor
indicators

5.9: Mean structure CFA for continuous factor indicators
5.10: Threshold structure CFA for categorical factor indicators

o
o

Following is the set of SEM examples included in this chapter:

5.11: SEM with continuous factor indicators

5.12: SEM with continuous factor indicators and an indirect effect
for factors

5.13: SEM with continuous factor indicators and an interaction
between two factors®

Following is the set of multiple group examples included in this ¢

* Lots of
examples
(hundreds)

* Start with their
code and alter
to fit your
data/model

71

Using the Manual

EXAMPLE 5.8: CFA WITH COVARIATES (MIMIC) WITH
CONTINUOUS FACTOR INDICATORS

In this example, the CFA model with covanates (MIMIC)

* Examples include
code, pictures,
and written
explanation

72
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Using the Manual

The first BY statement specifies that £1 is measwed by y1, 2, and y3. | © EXp lain
The second BY statement specifies that f2 is measured by y4, y5, and y6

The metric of the factors is set automatically by the program by fixing d efa u Its Wh e n

the furst factor loading in each BY statement to 1. This option can be

ovemmidden. The intercepts and residual variances of the factor re | eva nt

indicators are estimated and the residuals are not comelated as the

default. The residual vanances of the factors are estimated as the _ H

default. The residuals of the factors are correlated as the default because Settl ng fa Ctor

residuals are correlated for latent vanables that do not influence any metrlc

other variable m the model except their own indicators. The ON

statement describes the linear regressions of f1 and f2 on the covariates H

x1,x2, and x3. The ESTIMATOR option of the ANALYSIS command Correlatl ng

can be used to select a different estimator. An explanation of the other

commands can be found in Example 5.1. faCtorS
0: MEAN STRUCTURE CFA FOR CONTINUO — Correlating
PICATORS exogenous

4 .
variables
73

Using the Website

 http://www.statmodel.com/
£ Avdadliavic

The Mplus Demo
download at no ¢

demo. The demo
Short Courses capabilities of the
Short Course Videos only limited by t
and Handouts that can be used

test News Student Pricin

Mplus User's Guide

Mplus Diagrammer * Mplus Version 7.11 is now available. Click here to see Spedial student ¢
the new features. Registered users who purchased Mplus  student version ¢
within the last year or those with a current Mplus Upgrade ~ "=9u/er versien-:

and Support Contract can download using our online Mplus Versior

Mplus Examples system at no cost. Examples
Papers

REisgnces ¢ Revised paper: Asparouhov & Muthén (2013). Multiple-  cjick here for the
group factor analysis alignment. Web note 18: Version 3. and to download

Alignment (MG CFA) Mplus scripts are available here. the Mplus User's
BSEM esian SEM)

s Mplus pre-conference workshop at the European Survey Mplus Web Tr
Research Association (ESRA) meeting in Ljubljana, )
. ) . Videos and hand
Missing Data Slovenia, July 15: New Developments in Latent Variable Mplus Shart Cou
Randomized Trials Modeling Using Mplus (Bengt Muthen). Handouts for the viewing on the v
workshop and related July 16 talk are available here. includes web talk
U e | . sy
nfuare lefergnce * New FAQ: Growth mixture model confidence intervals for
il e CLIL estimated trajectory means.

r Calculation
Maonte Carlo Utilicy

Papers Using

. Bewses:l paper: Asparou_hm.r & Muthén (2013). Au;_(lllary Click here to fin
variables in mixture modeling: 3-step approaches using date.

Mplus. Web note 15: Version 7.




Using the Website

Message/Author

Monica Oxford posted ori Wednesday, November 29, 2000 - 8:51 am

I am running a 3 class 13 wave quadratic growth mixture model and have two questions.

1) The model converged and terminated normally, however, the variance estimate for
intercepts for the 1st and 3rd classes were negative. This seems to indicate some problems
with the model, what are your suggestions (this doesn't happen in the linear model, only in the
quadratic)?

2) The standard errors for some of the estimates are quite large for the quadratic 3 class model
(e.g., class 2 the variance and mean of the intercept). What might be the problem? Again this
is not the case with the linear model.

Thanks in advance.
Moncia Oxford

lbmuthen posted or{ Wednesday, November 29, 2000 - 10:03 am

The fact that growth mixture modeling has more than one class tends to reduce the within-
class variation and in some cases it can be set at zero. You may not get a significant worsening
of fit (e.g by likelihood-ratio chi-square difference testing) if you fix the negative variance
estimates at zero. If you do get a significant worsening of fit, this could indicate that the model
is not appropriate for the data.

If you have class-specific parameters, standard errors could be large due to small class sizes.
The fact that your quadratic model seems to have more problems than the linear might point to

the fact that you might only need a linear model once you allow several classes. A good way to
vizualize your model-data fit on an individual level is mentioned in the growth mixture

75
meodeling paper number 87 as listed on this web site,
Using the Websit
YoCHE3%
Y1 with ¥2;
[r1vz];
Individual
|1
bmuthen posted on Sunday, December 12, 2004 - 7:38 pm TFOU ble'
ingl
You have to do this by using starting values that make whatever class you want the last class. ShOOtI ng *

So you rerun your analysis giving some key starting values for the last class which you take
from class 2 of your current solution.

Anenymous posted on Sunday, December 12, 2004 - 9:54 pm

Thanks a lot for the suggestion. I have tried it and got some strange results. When there was
no starting value, the correlation between two variables in one class was positive while it
became negative when starting values were given.

All other fit statistics and parameter estimates were exactly the same except the mentioned
correlation.

Linda K. Muthen posted on Monday, December 13, 2004 - 6:42 am

Send the two outputs to support@statmodel.com so I can see exactly what you are doing --

values.
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Section 2

Advanced model language
Latent Growth Models
Non-continuous outcomes

Multi-group analyses
— Fixing and freeing paths
— Adding and relaxing equality constraints

Latent Profile/Class Analysis
Multilevel Modeling

78

39



Basic Model Language

* y ON x1 x2 x3 y
(regression)

* x1 WITH x2
(correlation)

* fBY item1 item2 item3 item4 item5
(factors or latent variables)

Mathematical Operators

Symbol .
CODE m

+ Addition y + x;
- Subtraction y — X;
* Multiplication y * x;
/ Division y / x;
*% Exponentiation y**2;

. Alternate
SO58 Symbol CODE
EQ Equal == CODE

NE Not Equal /= AND |ogical and
GE Greater than or Equalto >= OR logical or
LE Less than or Equal to <= NOT logical not
GT Greater Than >

LT Less Than <

80
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Advanced Model Language: DEFINE

DEFINE NewVariable = mathematical expression;
* Depress = MEAN (depl dep2 dep3 dep4d dep5);}
* DepSum = SUM (depl dep2 dep3 depd depbd);
¢ |F-THEN NewVariable transformation statements;
— IF (gender EQ 1 AND ses EQ 1) THEN group
— IF (gender EQ 1 AND ses EQ 2) THEN group
— IF (gender EQ 2 AND ses EQ 1) THEN group
— IF (gender EQ 2 AND ses EQ 2) THEN group
e CUT variable or list of variables (cutpoints);
— CUT yl (30 40);
— 0 =less than or equal to 30,
— 1= greater than 30 and less than or equal to 40
— 2 =greater than 40

Decided to create
composite instead of
CFA

Sw N

~e Ne Se N

Continuous into ordered groups;
Variable keeps same name;
Cutpoint is included is lower group;

e _MISSING '
— IF (y EQ 0) THEN newvar = MISSING; } Changing a value to
— MISSING, or MISSING
— IF (y = MISSING) THEN newvar = 0;

to a value

Advanced Model Language

* USEOBS or USEOBSERVATIONS
— conditional statement to select observations
—USEOBS ARE gender EQ 1 | jmmememeseivin

— USEOBS ARE x3 NE 1 } Use everyone EXCEPT group 1
— USEORS ARE age GE :|_81L Excluding those who are underage

e Combine with DEFINE

— DEFINE: IF (drinks LT 5‘AND probs EQ
O) THEN group l,' } Identifying low to moderate drinkers

(< 5 drinks, no problems)
— USEOBS ARE group NE 1;} Use everyone EXCEPT them

82
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Language Matters

GO Sle | how can u| g “

how can u get hiv
how can u get ebola
how can u get herpes
how canu get hep ¢

Press Enter to search

GO gle ‘ how can one person| 0} “

how can one person make a difference
how can one person change society
how can one person inspire others
how can one person change your life

Press Enter to search

83

Advanced Model Language

Constraints

* * frees a parameter, or denotes a specific
starting value

- The variance of y1 will be freely estimated, starting
— example: y1*.5;  with examining the likelihood that it is 0.5

* @ fixes a parameter at a a specific value

— examp|e: y]_@o’ - The variance of y1 is constrained or set to 0
* (number) constrains parameters to be equal

- example: f1 ON x1 (1)1 The influence of x1 predicting f1 is the

same as the influence of x1 predicting f2.
—f2 ON x1 (1); S X2 predicting

84
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Advanced Model Language

[intercept] versus not

* |ist of variables without brackets refers to
variances and residual variances
— example: f1 y1-y9;
— f1@0; -The variance of f1is set to 0 Var. if exogenous; resid. var. if endogenoug

* [list of variables] refers to means, intercepts,
thresholds
— example: [f1, y1-y9];

- [fl] @O, - The mean of f1 is set to 0 Mean if exogenous; intcpt if endogenous

85

OPTIONAL
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Latent Growth Models

* Can specify with long code:
— Int BY timel@l;
Int BY time2@1; Uy “ ”
Int BY time2@1l: Int” and “Slope” are names | created.
Int BY time2@l; - Not already in the data.
Slope BY timel@O; lus d . ifi
Slope BY time2@1; - Mplus does not require any specific name.
Slope BY time3@2; timel-time4 are variable names
Slope BY time4d@3;
Int WITH Slope;
[timel time2 time3 time4]QO0;
?
* Or use Mplus’ shortcut
— Intercept slope | timel@0 time2@l time3@2 timed@3;
— Assumes intercept is 1’s all around
— Creates paths you specify for slope
— Allows intercept and slope to correlate
— Sets variable intercepts to 0 so that all prediction is in the mean of the
latent variables (Intercept and Slope)

“Intercept” and “slope” are still labels | created. Can be whatever you want.
87

Latent Growth Models

M Mplus - LGM.ing
File Edit View Mplus Graph Window Help

1) | 0| b [ 1 :

r

5| LGM.inp

TITLE: this is an example of a linear growth
model for a continuous outcome

DATL: FILE IS ex6.l10.dat:

VARILBLE: NAMES ARE yll-yl4 x1 xZ a3l-a34;
USEVARIABLES ARE wll-vyl4;

MODEL: i s | y11@0 yi12@1 w1382 v14@3:

| shortened intercept and slope to “i” and “s”; they can be whatever name you want

timel-time4 are labeled y11-y14 (studying adolescents)

88
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MODEL RESULTS

Two-Tailed

Estimate 5.E. Es=st./5.E. F-Value
I |
¥i1 1.000 0.000 998.000 999.000
¥12 1.000 0.000 999.000 999.000 Loadings we specified.
¥13 1.000 0.000 999.000 999.000
Y14 1.000 0.000 999.000 999.000 § .
All 1’s for intercept.
5 |
¥i1i 0.000 0.000 998.000 999.000 .
¥iz 1.000 0.000 998.000 999.000 0'1'2'3 forllnear grOWth
¥13 2.000 0.000 999.000 999.000 slope.
¥14 3.000 0.000 999.000 999.000
3 WITH
I 0.55%9 0.080 g8.282 0.000
Means Focus of analysis. What is
< 0.620 0.088 g.048 0.000 initial value for construct?
5 1.049 0.035 25,972 0.000 .
What is growth?
Intercepts
Y11 0.000 0.000 999,000 999.000 Set to zero so that
Y1z 0.000 0.000 999.000 993,000 predicﬁonisa||captured
¥13 0.000 0.000 998.000 999.000 .
Y14 0.000 0.000 998.000 999.000 n the means
WVariances
I 1.943 0.152 12,772 0.000
3 0.480 0.040 12.148 0.000
Reszidual Variances
¥i1 0.545 0.074 7.412 0.000 89
¥12 0.624 0.056 12.343 0.000

Latent Growth Models

Linear

90
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Latent Growth Models

TITLE:

thiz iz an example of a linear growth
model for a continmuous outcome

DATA: FILE IS5 exé6.10.dat;

VLRIARLE: NAMES ARE yll-v14 =x1 x2 a3l-a34;
USEVARIABLES ARE wll-yl4;

MODEL: i = @ | v11@0 v12@1 v13@2 v14@3:

Added “q” for the quadratic term

» Assigned loadings for linear term

. “, n
* Mplus knows t loadings f
pPIUsS KNOws 1o square 10adings 1or
91
Two-Tailed
Estimate S.E. Est./S.E. B-Value
1 |
¥i1 1.000 0.000 895.000 999.000
Y12 1.000 0.000 895.000 999.000
¥i3 1.000 0.000 895.000 999.000
¥i4 1.000 0.000 895.000 999.000
5 |
¥i1 0.000 0.000 895.000 999.000
¥i2 1.000 0.000 895.000 999.000
¥i3 2.000 0.000 895.000 999.000
¥i4 3.000 0.000 895.000 999.000
? ]
¥i1 0.000 0.000 893.000 999.000
¥i2 1.000 0.000 893.000 999.000 Q |oadings are Squared S |oadings
¥i3 4.000 0.000 893.000 999.000
Y14 9.000 0.000 893.000 999.000
5 WITH
I 0.722 0.272 2.656 0.008
Q WITH
I -0.0 0.0865 -0.812 0.362
3 -0.122 0.080 -2.027 0.043
Means
1 0.61 0.069 8.889 0.000 Construct starts at 0.611
g égiz ggi: 13-;35 gggg Grows 1.082 each year/week/etc.
Quadratic growth term was not sig.
Intercepts
Yii 0.000 0.000 999.000 999.000 92
Yi2 0.000 0.000 999.000 999.000
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Latent Growth Models

mod
(xl*x2)

Time 1 Time 2 Time 3 Time 4
Score Score Score Score
al ‘ ‘ a2 ‘ ‘ a3 ‘ ‘ ad 9

Latent Growth Models

TITLE:

USEVARIAELES ARE y1l-yl4 xl x2 231-234[med: | - Notin dataset. Create in DEFINE.

this is an example of a linear growth
model for a continuous outcome with predictors;
DATA: FILE IS ex6.10.dat;

VARIABRLE: NAMES ARE yll-yl14 x1 x2 a3l-a34;

|DEFINE:

mod = X1 * x2; I

MODEL:|i s | v11@0 y12@81 v13@2 ylﬂ@s:] - LGM language

is
v1l
ylz
v13
vi14

O
O
o
CH
O

x1 =2 mod;

a3l:
aiz;
a3s;
a34y|

- ON statements
(path analyses)

* Combining LGM language with ON statements
* Time-invariant predictors foriand s
* Time-varying predictors for individual timepoints

94
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Two-Tailed
Estimate 5.E. Est./S.E. E-Value
I |
¥11 1.000 0.000 939.000 999.000
¥12 1.000 0.000 939.000 999.000
¥13 1.000 0.000 299.000 299.000
¥14 1.000 0.000 939.000 999.000
5 |
¥11 0.000 0.000 939.000 999.000
¥12 1.000 0.000 939.000 999.000
¥13 2.000 0.000 939.000 999.000
¥14 3.000 0.000 999.000 999.000
1 OoN di sinfl
X1 0.569 0.054 10.475 0.000 - Predictors’ influence on
X2 0.713 0.055 12.887 0.000 baseline values
MOD -0.110 0.055 -1.290 0.047
5 OoN ) .
1 0.262 0.025 10.393 0.000 - Predictors’ influence on
X2 0.474 0.028 18.436 0.000
MOD 0.021 0.028 0.834 0.404 growth slopes
¥11 ON
a31 0.186 0.044 4.197 0.000
¥12 oN . .
a32 0.323 0.038 8.447 0.000 - Controlling for time-
speC|f|c covariates
¥13 ON . di
B33 0.344 0.038 g.982 0.000 (or main predictors)
¥14 ON
B34 0.301 0.081 5.947 0.000 9
Multigroup Analyses
x1 x2 x3
Males:
fi 2
(v ][y J s [y ]lvs [Lys |
x1 X2 x3
Females:
f1 f2
4 5 6 %
yl y2 y3 Y \i Y
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Multigroup Analysis Code

Approach changed in newer versions

Version 6 and older
— The “MODEL” describes the overall model to be estimated for each group
— Default is that ALL code under the “MODEL” command was constrained to
equality across groups unless an exception was made
— Exceptions were specified using “MODEL [group]” command after the overall
command
Version 7 and newer
— The “MODEL” describes the overall model to be estimated for each group
— Default is for measurement to be constrained, but structure to be different
* Factor loadings are held equal across groups

* Intercepts (for continuous variables) and thresholds (for categorical variables) are
held equal across groups

* Paths such as ON and WITH are estimated separately for each group

— Exceptions were specified using “MODEL [group]” command after the overall
command

97

n

Multigroup Analyses:
Version 6 and older

TITLE: this is an example of a multigroup
analy=is with all continuous indicators.
Tezting invariance, too.

211 data are fake;
DATR: FILE IS5 multigroup.dat:

VLARILERLE: MAMES BAEF w1 vw2? y3 w4 yb yé x2 x3 gendexr;
GROUPING I5 gender (l=male Z2=female);
MODEL:

Fl BY vl v2 v3;
F2 BY v4 v5 ve;
Fl F2 ON x1 x2 x3;

Specifying grouping variable AND group labels

F2 QM Fi:
MODEL female: Second set of model code allows
F1 BY w1 w2 y3; estimates to be different from
F2 BY ¥4 v5 v&; original model
Fl F2 CN =1 x2 x3;
F2 ON Fi: Inactivated CFA code because
OUTPUT: stand cint; construct needs to be consistently

measured across groups
98

How you indicate you are doing a multigroup analysis:
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Multigroup Analyses:
Version 7 and newer

O

5| multigroupTEST.inp

TITLE: testing multigroup code in wversionm 7.

A1l data are fake;

DATA: FILE IS5 multigroup.dat;

VARIARLE: MNAMES are wl w2 v3 v4 vo vb X1 X2 X3 gender;
GRCUPING IS5 gender (l=male Z2=female);

MODEL:
FL1 BY vl v2 v3; How you indicate you are doing a multigroup analysis:
F2 BY v4 v5 vé; Specifying grouping variable AND group labels
F1 F2 ON x1 =2 x3;
F2 ON F1: Second set of model code allows estimates

'MODEL female: to be different from original model

1 Fl1 BY vl y2 v3;
F2 BEY v4 v5 v&: Inactivated CFA code because construct needs
Fl F2 ON x1 %2 #5: to be consistently measured across groups

! __F2 ON Fi:

OUTEUT: stand cint: Inactivated path code because new default for

v7+ is to allow these to vary across groups
99
Multigroup Analyses
Males:
Females:

100

(v ][y v [vallvs ]| ve ]
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n ]

Multigroup Analyses

MODEL RESULTS

Two-Tailed

‘ Estimate .E. Est./5.E. B-vValue

Group MALE
F1 EY

Y1 1.000 000 935.000 993.000

Y2 1.01& 021 8.830 0.000 Factor |Oading5

¥3 0.644 026 24.837 0.000
F2 EBY

¥4 1.000 .000 999.000 999.000

Y5 1.001 .0is8 55.703 0.000

Y& 1.007 .01s8 54.582 0.000
F2 CH

F1 0.285 .050 5.744 0.000

Predictive paths

F1 CH

X1 0.515 .027 18.963 0.000

Xz 0.598 .03z 18.596 0.000

X3 0,719 .045 15.863 0.000
Fz CH

X1 0.517 .034 15.0086 0.000

X2 0.419 .040 10.447 0.000

X3 0.218 .052 4.204 0.000

101

Incercepts

ol 0 g1 100 0 cce 0 577

&

¥

Multigroup Analyses

Group FEMALE
Fi BY
Y1 1.000 0.000 999.000 999.000
Y2 1.01& 0.021 8.830 0.000
Y3 0.644 0.028 24,837 0.000
F2 BY
Y4 1.000 0.000 999.000 999.000
Y5 1.001 0.018 55.703 0.000
Y& 1.007 0.018 54.562 0.000
F2 CH
F1 0.404 0.055 T7.385 0.000
F1 CH
X1 0.422 0.023 18.415 0.000
X2 0.572 0.027 20.841 0.000
X3 0.615 0.037 16.510 0.000
F2 CH
X1 0.511 0.032 15.82%9 0.000
X2 0.407 0.040 10.055 0.000
X3 0.258 0.049 5.268 0.000
Intercepts
Y1 0.061 0.108 0.558 0.577
Y2 0.036 0.110 0.330 0.741

Factor loadings
(identical)

Predictive paths
(unique)

102

51



Testing Measurement Invariance

i

TITLE: this is an example of a multigroup
analys=si=s with all continuous indicators.
Testing invariance, too.

Lll data are fakes
DATA: FILE IS5 multigroup.dat;

VARILZEBLE: HNAMES ARE vl v2 v3 v4 v5 vo X1 x2 X3 gender;
GROUPING IS gender (l=male 2Z=female);

MODEL:
Fl1 BY w1 w2 y3;

=

F2 BY v4 v5 vé;
Fl F2 ON =1 =2 =3;
F2 CH F1:

MODEL female:
F1 BY vl v2 v3: Activated CFA code for females
F2 BY v4 v5 vea:
F1 FZ CN =1 xZ x3:
F2 CN F1:

COUTEUT: =tand cint;

* Run with factor loadings free, and constrained
* Compare model fit

* Can conduct likelihood ratio test (nested models) .

Testing Measurement Invariance

n] Constrained Model 2] Unconstrained Model
MCDEL FIT INFCRMATION MODEL FIT INFORMATION
Number of Free Parameters 42 Number of Free Parameters 48
Loglikelihood Loglikelihood
HO Value -9093.735 HO Value —-8809.887
H1 Value -8790.546 H1l Value —-8790. &
Information Criteria Information Criteria
Bkaike (RIC) 18271.470 Akaike (AIC) 17715.774
Bayesian (BIC) 18481.598 Bayesian (BIC) 17955.921
Sample-5ize Adjusted BIC 18348.196 Sample-Size Adjusted BIC 17803.4862
(n* = (n + 2) / 249) (n* = (n + 2) / 24)
Chi-Square Test of Model Fit Chi-Square Test of Model Fit
Value 606.3728 Value 38.683
Degrees of Freedom 48 Degrees of Freedom 42
F-Value 0.0000 P-Value 0.6174
Chi-Square Contributions From Each Group Chi-Square Contributions From Each Group
MALE 451.523 MALE 20.286
FEMALE 154.856 FEMALE 18.387
RMSER (Root Mean Square Error COf Approximation) RMSEA (Root Mean Square Error Of Approximation)
Estimate 0.145 Estimate 0.000
90 Percent C.I. 0.135 90 Percent C.I. 0.000
Probability RMSER <= .05 0.000 Probability RMSEA <= .05 1.000
CFI/TLI CFI/TLI
CFI 0.938 CFI 1.000
2 _ . .- - e 104
x%(6) = 567.696, p <.001 — Significant Misfit
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Multigroup Analyses Cont’d

x1 x2 x3
Males:
Testing to see if paths B =
L L
(structural models)
are consistent across .
FOUDS constrained
group a b\ ¢ d e \f loadings
(v ] [va J[ya ] [va]lys ][ ve]
x1 X2 x3
Females:
5 2
a b \ c d f cons.trained
loadings
(vi J[va |[va] [va][vs [[ve]
y y Y
. ’ .
Multigroup Analyses Cont’d:
Version 6 and older
&
TITLE: this is an example of a multigroup
analysis with all continuous indicators.
Testing invariance, too.
211 data are fake;
DATA: FILE IS multigroup.dat;
VARIARBLE: NHAMES ARE vl w2 w3 v4 v5 y6 x1 x2 x3 gender;
GRCUPING IS5 gender (l=male 2=female);
MODEL:
F1 BY vyl y2 y3;: . .
F2 BY v4 v5 ye: * Equality Constraints
FL ON =1 (1): . .
FLooN X2 (2); e Making each path consistent
F1 ON x3 (3):
F2 ON x1 (4):
F2 oN iz (5): across groups
F2 ON x3 (6): .
F2 ON F1 (7) * Paths with the same (#) are
MCDEL female: . . .
O F1 sy v w2 vss constrained to equality with
F2 BY y4 v5 y6;:
FT oY T one another
F1 ON x2 (2):
F1 ON x3 (3): Not technically necessary under “MODEL female” because default
gf gg xl f?f is to keep everything the same unless otherwise specified
F; oN i; :6: Does not hurt to include them to be sure software is doing exactly
F2 ON F1 (7}): what you want. 106

CUIFUT: stand cint:
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Multigroup Analyses Cont’d:

.
Version 7 and newer
]
TITLE: this is an example of a multigroup
analysis with all continuous indicators.
Testing invariance, too.
R1l data are fake;
DATA: FILE IS multigroup.dat;
VARIABLE: HAMES ZRE vl w2 v3 v4 w5 v6 x1 x2 x3 gender;
GRCUPING IS5 gender (l=male 2=female);
MCDEL:
F1 BY vl v2 w3; H H
F2 BY y4 ¥5 yér * Equality Constraints

F1l CN =1 (1)

FLoN x2 (2); * Making each path consistent

Fl ON %3 (3):
F2 CON =1 (4):

F2 CON =2 (5): across groups
F2 CON =3 (&)

£2 oN F1 (1) * Paths with the same (#) are

MCDEL female: . . .
Comsray constrained to equality with
FTON T TTT7 one another
F1 ON x2 (2);
F1 ON x3 (3): Are definitely necessary under “MODEL female” because default in
F2 ON x1 (4): V7+is to allow ON paths to be estimated separately for each group

F2 ON x2 (5):
F2 ON x3 (6):
F2 ON F1 (7): This code specifies that they should be the same across groups. 107
CULEFUT: stand cint;

unless otherwise specified.

Multigroup Analyses Cont’d

]
MODEL RESULTS
Iwo-Tailed
Estimate 5.E. Est./S5.E. E-Value
Group MALE
F1 BY
¥1 1.000 0.000 399.000 399.000
¥2 1.017 0.021 49,122 0.000 . .
¥3 0.628 0.025 25.508 o.000 | Factor loadings equal (like before)
F2 BY
¥4 1.000 0.000 399.000 399.000
¥5 0.999 0.018 55.773 0.000
6 1.007 0.018 54.575 0.000
F2 oN
F1i 0.328 0.037 8.994 0.000
F1 ON L
®1 0.461 o.018 25.536 o0.000 | Predictive/structural paths
x2 0.586 0.02 27.379 0.000
X3 0.657 0.028 22.319 0.000
F2 ON
®1 0.522 0.024 21.978 0.000
x2 0.421 0.029 14,744 0.000
X3 0.249 0.035 7.042 0.000
Intercepts
¥1 0.135 0.082 2.38 0.017
¥2 0.173 0.082 z.098 0.036 108
¥3 0.138 0.061 2.268 0.023
14 0,078 0,078 1 0.317




Multigroup Analyses Cont’d

]
Group FEMALE
F1 BY
Ti 1.000 0.000 999.000 999.000
Y2 1.017 0.021 49.122 0.000 .
¥3 0.626 0.025 25.508 0.000 Factor loadings equal
(like before)
EFz BY
T4 1.000 0.000 999.000 999.000
Y5 0.999 0.018 55.773 0.000
T6 1.007 0.01g 54.575 0.000
Fz CH
F1 0.329 0.037 §.994 0.000
F1 CH
X1 0.461 0.01g 25.5%96 0.000 P
2 P, o0 021 2 ama o 000 | Predictive/structural paths
®3 0.657 0.029 22.319 0.000 now ALSO equal
Fz CH
X1 0.522 0.024 21.978 0.000
X2 0.421 0.029 14.744 0.000
X3 0.24%9 0.035 T7.042 0.000
Intercepts
Y1 0.195 0.082 Z2.38 0.017
Y2 0.173 0.082 2.098 0.036
Y3 0.138 0.061 2.268 0.023 109
T4 0.076 0.076 1.001 0.317
Mu Itlgrou P Ana Iyses Cont’d
= Constrained Model Unconstrained Model
MODEL FIT INFORMATICH
MODEL FIT INFORMATICON
Number of Free Parameters 42
Number of Free Parameters 35
Loglikelihood
Loglikelihood
HO Value -9093.735
HO Value -9104.524 H1 Value -8790.546
H1l Value -8790.548
Information Criteria
Information Criteria
Bkaike (RIC) 18271.470
Rkaike (RIC) 18279.048 Bayesian (BIC) 15481.598
Bayesian (BIC) 18454.158 Sample-S5ize Adjusted BIC 158348.198
Sample-5ize Adjusted BIC 18342.987 (n* = (n + 2) / 24)
(n* = (o + 2) / 24)
Chi-S5quare Test of Model Fit
Chi-Square Test of Model Fit
Value 606.3728
Value €§27.957 Degrees of Freedom 48
Degrees of Freedom 55 E-Value 0.0000
P-Value 0.0000
Chi-5quare Contributions From Each Group
Chi-Square Contributions From Each Group
MALE 451.523
MALE 480.793 FEMALE 154.856
FEMALE 147.164
RMSEAZ (Root Mean Sqguare Error Of Approximation)
RMSEZ (Root Mean Square Error Of Approximation)
Estimate 0.145
Estimate 0.138 80 Percent C.I. 0.135
90 Percent C.I. 0.128 Probability RMSER <= .05 0.000
Probability RMSER <= .05 0.000
CFI/TLI
CFI/TLI
CFI 0.938
CFI —_ =£. 9 1 ifi 1 1 110
x2(7) = 21.578, p =001 — Significant Misfit
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Noncontinuous Variables

« CATEGORICAL ARE (or IS): names of
binary and ordered categorical (ordinal)
variables;

« NOMINAL ARE (or IS): names of unordered
categorical (nominal) variables;

* COUNT ARE (or IS): names of count
variables;
— Poisson distribution models
— Zero-Inflated Poisson (ZIP) models

Noncontinuous Variables

e Still must follow rules of SEM (and regression)

* No nominal predictors
— Need to dummy code into relevant groups (0,1)
— EXAMPLE: Marital status = 6 groups (unordered)

USEVARIABLES ARE genl geng gen3 gend genS targetl targetl
target? target4 target5 age marry DrinkTyp:;
IMISSING IS all (939):
NCMINAL ARE marry;

BENMRLYSI5: ITERARTICNS = 10000;

MODEL:
F1 BY genl genZ gen3 gend gen3;

F2 BY target] target? target3 targetd4 targets;
DrinkTyp on Fl F2 age marry;

F2 ON F1;

a] fullsem_nominalx.out

*#% ERROR in MODEL command
4 nominal variable may not appear on the right-hand side o_i‘_pan CH
statement: MARRY -
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Noncontinuous Variables

* CAN run analyses with categorical outcomes
* Somewhat equivalent to logistic regressions

USEVARTABLES ARE genl gen? gend gend gens targetl target?
target3 targetd4 targets age marry DrinkTyp:!
IMISSING IS all (99%9);
[NOMINAL ARE marry;|
RMALYSIS5: ITERATICNS = 10000:
MCDEL:
F1 BY genl gen2 gen3 gend genb;
F2 BY targetl target2 target3 targetd4 targets;
DrinkIyp on F1 F2 age;
[Marry CON DrinkTyp:|

DrinkTyp

F2 ON Fi:
CUTPUT: modiall) stand cint; marry
113
N ti Variabl
[X| fullsem_nominaly.out
TRRGET3 1.0886 0.048 22.072 0.000
TARGET4 1.115 0.067 16.727 0.000
TARGETS 1.111 0.087 16.639 0.000
Fz ON
F1 0.942 0.154 6.110 0.000
DRINKIYP CH
F1 —2.809 1.361 -3.534 0.000 | Traditional structural paths
F2 1.185 0.337 3.514 0.000
DRINETYP CH
LGE -0.00& 0.048 -0.124 0.301
MARRY$1 ON
DRINKIYP 0.353 0.060 5.894 0.000
Logistic structural paths
MARRY32 oN
DRINKTYP 0.336 0.024 14.258 0.000 FOr k CIaSSeS, has k-l eStimateS:
MRRRY$3  ON Reflect probability of being in
DRINKTYP 0.243 0.035 7.032 0.000 N
current class versus final class,
MARRY#4 CoH gi\/en X
DRINKIYP 0.275 0.064 4.268 0.000
MARRYES  ON Default is to use final class for
DRINKIYP 0.309 0.025 12.404 0.000 Comparison purposes
Intercepts (may want to recode prior to
GEN1 4,738 0.038 13z2.288 0.000 | .
GEN2 4.337 0.048 87.645 o0.000 analysis) 114
GEN3 4.779 0.032 151.544 0.000
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Noncontinuous Variables

* Poisson (count) variables

5| FullSEM_Poisson.inp

TITLE: thi= is an example of a full 5EM
model with all continuous variables.
R11 data are fake:

LAT FILE IS5 fullSEM.dat:

VARILELE: NAMES ARE 3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12 Q13 Ql4
Q15 Qle Q17 Q18 Q19 Q20 Q21 Q22 Q23 Q24 Q25 Q26 Q27 Q28 Q29
Q30 Q31 Q32 Q33 034 Q35 Q36 Q37 Q38 Q39 Q40 Q41 Q42 Q43 44
Q45 Q46 Q47 Q48 Q49 Q50 Q51 Q52 Q53 Q54 Q55 Q56 Q57 Q58 Q59
QE0 QEl Q&2 QB3 QE4 Q65 Q66 Q67 Q% Q6% QT0 Q71 genl genZ
gen3 gend4 genS targetl target? target3 target4 targetS age
FIPT res greek gpa race hisp year athlete gender marry
DrinkTyp DrinkHvy Probs;

USEVARIABLES ARE genl gen2 gen3 gen4d genS targetl target2
target3 target4 target5 age DrinkTyp:

all )
COUNT RRE DrinkTvp

BNALYSTS: ITERATICHNS = 10000;

MCDEL:

F1 BY genl genZ gen3 gend gen5;
F2 BY targetl target2 target3 targetd4 targets;
DrinkTyp on F1 F2 age:
F2 CN F1;
CUTPUT: modiall) stand cint:

Processing

P Mplus - FullSEM_Poisson.inp

File Edit View Mplus Graph Window Help
0O = -~

EH C:\Windows\system32\cmd.exe (e o
nj MJ Total number of integration points: 225

L=l

ITER LOGLIKELIHOOD ABS CHANGE  REL CHANGE ALGO TIME TOTAL TIME
4 @.9AaA0n A.0400088 EM as
6 1634.17086828 244418
—@.52751542D+@4 371.7193122
—B.50240050D+84
@.48866882D+84
—@.4330A0A3 D+A4
—@.48033994D+@4
—B.47879462D+04
—B.47772872D+84
—B.47691327D+84
—@.47625155D+@4 -
—@.47569403D+04 5.5752318
—B.47521132D+04 4.8278884
@.47478457D+84 4.2674555
.4744@1 28 D+@4 3.8329422
@.47405300D +A4 3.4827523
—B.47373480D+84 3.1980575
—B.473440827D+84 2.9372403
—@.47316899D+@4 2.7128365
—B.47291803D+04 2.5@95551

XY}

1

2

3

4

5

6

7

]

?
ia

010N U L3 N (150 80 A T LT

EIIEEEEERE®
NRRRHRRRHERARIIEEEE®®

: mod(all) stand cint:

MODEL:
F1 BY genl gen2 gen3 gend gen5;
Fz BY targetl target2 target3 targetd targets: Please wait for Mplus to fissh its execution...
DrinkTyp on F1 F2 age: To cancel, press Control-C in the MS-DOS window.
F2 ON F1:
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Noncontinuous Variables

7| fullsem_poisson.out

TARGET4 1.116 0.068 16.503 0.000
TARGETS 1.124 0.071 15.931 0.000

F2 on
F1 1.856 0.426 4.358 0.000 Traditional

DRINKTYP ON coefficients

F1 -7.010 1.651 -4.246 0.000 (adjusted)
F2 2.628 0.5523 4.701 0.000

DRINKTYF ON

LGE 0.008 0.013 0.676 0.499
Intercepts
GEN1 4,738 0.036 132.315 0.000
GEN2 4.337 0.049 87.647 0.000
GEN3 4.779 0.032 151.582 0.000
GEN4 4.586 0.044 105.039 0.000
GENS 4.630 0.041 113.954 0.000
TARGET1 4.593 0.049 93.616 0.000
TRARGETZ 4.436 0.054 g2.281 0.000
TARGET3 4.535 0.055 81.867 0.000
TARGET4 4.499 0.054 82.837 0.000
TARGETS 4.552 0.054 84.542 0.000
DRINETYP 0.778 0.157 4.953 0.000
Variances
Fl 0.104 0.043 2.394 0.017

Noncontinuous Variables

» Zero-Inflated Poisson (ZIP models)

USEVARILRELES ARE genl genZ gen3 gend gent targetl
target3 target4 targetS age DrinkTyp:;
MISSING IS5 all (955
[COUNT ARE DrinkTyp [(i)l:]
ANALYSIS: ITERATICNS =—20000;
MODEL:
F1 BY genl gen2 gen3 gend genb;
F2 BY targetl target2 targetd targetd targeths:
DrinkTyp on Fl1 F2 age;
DrinkTyp#l on F1 F2 age:
F2 ON Fi1:
CUTPUT: mod(all) stand cint;

BeinkTye




Noncontinuous Variables

7| fullsem_zippoisson.out

Fz oN
F1 1.281 0.217 5,893 0.000
Traditional
DRINKTYP ON o
F1 -3.048 0.847 -4,711 0.000 coefficients

Fz2 1.531 0.307 4.988 0.000

DRINKTYP#1 CN . .
Fl —_— -0.732 1.352 -0.541 0.588 Additional IOglt

F2 1.245 0.987 1.281 0.207 coefficients

DRINKTYF ON Ifthey are a

AGE -0.005 0.011 -0.483 0.629 ;
drinker, how does
DRINKTYP#1 ON age/f1/f2 impact
AGE — -0.038 0.026 -1.455 0.146 how much they
Intercepts drink?
GEN1 4,738 0.036 132,562 0.000 How does
2 8 . 87.7 . .
GEN2 4,33 0.049 19 0.000 age/f1/f2 impact
GEN3 4.779 0.031 151.862 0.000 o
GEN4 4,586 D.044 105.232 0.000 the probability of
GENS 4,631 0.041 114.157 0.000 being a drinker (a
TARGET1 4,535 0.043 34,161 0.000 5 119
TARGET?2 4,437 0.054 82.631 0.000 non-zero):

Noncontinuous Variables

* One exception to rule:
e LATENT VARIABLES may be nominal predictors
* Most common version of this...

120
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Latent Profile/Class Analysis

LPA LCA

“c” is a latent
CLASS variable
(unordered

categories)

][ ][ ][]l

y1-y5 = continuous indicators ul-u5 = categorical indicators

121

Latent Profile/Class Analysis

e Mplus calls this “mixture modeling with cross-
sectional data” (chapter 7)

* Longitudinal version is often called Growth
Mixture Modeling (chapter 8)

* Only covering cross-section data today
(LPA/LCA), but same principles apply to
longitudinal data (GMM)
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Latent Profile/Class Analysis

« Zimbardo’s Time Perspective (5 Facets)

How many classes in c?

Run separate models
wherec=1, 2, 3, 4,5, etc.
and compare model fit

Past Past Present Present

L . . - Future
Positive Negative Hedonistic Fatalistic

123

Latent Profile/Class Analysis

5 LPA_cZinp

TITLE: Latent Profile Analysis of Zimbardo Time Perspective.
Continuous indicators.

DATA: FILE IS5 LPA.dat:;

VRARIRBLE: NAMES ARE id sex relat alcl-alcé typweek heavweek BTP AETP
peakBAC TDDtyp TDDheawv age raceD liwveD greekD Qtyp Qheaw

ztpi pp zopi pn ztpi ph ztpd pf zeopd £

USEVARIABLES ARE ztpl pp ztpl pn ztpl ph ztpl pf ztpi f:

[CT_:LSSES = c (3): I C does not exist in the data. Creating it (like any other latent factor).
Missing are RLL (993):; “(3)” indicates we believe there are three groups/profiles.
Lnalysis:

TYPE = MIXTURE; <&-Default type is GENERAL, so need to include code to change it to MIXTURE
starts=20 5; <Number of initial starts and final stage optimizations. Default of 10, 2 is
UUTERUT often not enough.

Techll:;

fsavedata: . <&Allows you to save the probabilities of being in each class for each
Isave=cprobabilities; L. . -

T participant. Helpful if you plan on predicting classes from

ffile is cprob.dat; covariates, or using class to predict outcomes. Not necessary YET.

Tech11 output includes Lo-Mendell-Rubin Adjusted LRT

. 124
(compares fit for current number of classes to one fewer)
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Latent Profile/Class Analysis

* Warning!

7 Ipa_c.out

RANDOM STARTS RESULTS RANKED FROM THE BEST TO THE WORST LOGLIKELIHCOD VALUES

Final stage loglikelihood values at local maxima, seeds, and initial stage start numbers

-1856.443 462953 7
-1856.443 unperturbed 0
-1856.443 107446 12
-1863.848 573096 20
-1863.848 650371 14
WARNING: WHEN ESTIMATING & MODEL WITH MORE THAN TWO CLASSES, IT MAY BE Already took care of
NECESSARY TO INCREASE THE NUMBER OF RANDOM STARTS USING THE STARTS CPTION . .
TO AVOID LOCAL MAXIMA. this with

STARTS 20 5;

THE MODEL ESTIMATION TERMINATED NORMALLY

MODEL FIT INFORMATION

Number of Free Parameters

Loglikelihood

HO Value

Should say
HELPFUL TIP: When
estimating..

e L RS 125

Latent Profile/Class Analysis
 Fit (abbreviated list)

5| Ipa_c3.out
MCDEL FIT INFCRMATICHN
Humber of Free Parameters 22
Loglikelihood
HO Value -1856.443
HO Scaling Correction Factor 1.140
for MLE
Information Criteria
Lkaike (RIC) 3756.886
Bayesian (BIC) 3849.253
Sample-Size Adjusted BIC 3779.425
(n* = (n + 2) / 24)
FINAL CLASS COUNTS AND PROPCRTICNS FOR THE LATENT CLASSES
BASED CN THE ESTIMATED MCDEL 126
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Latent Profile/Class Analysis

* Relative Entropy and class counts/proportions

m.] Ipa_c3.out

CLASSIFICATICN QUALITY

I Entropy 0.700

CLASSIFICATICN OF INDIVIDUALS BASED OM THEIR MOST LIEFKELY LATENT CLASS MEMBERSHIFP

Class Counts and Proportions

Latent
Classes
1 36 0.07317 7.3% of sample in class 1
2 338 0.6869%9
3 118 0.23984

127

Latent Profile/Class Analysis
* Lo-Mendell-Rubin adjusted LRT

5 Ipa c.out
[TECHNICAL 11 OUTEUT I

Random Starts Specifications for the k-1 Class Analysis Model
Humber of initial stage random starts 20
Humber of final stage optimizations 5

VUONG-LO-MENDELL-RUBIN LIKELIHOOD RATI4 TEST FCOR 2 (HO) VERSUS 3 CLASSES

HO Loglikelihood Value -1878.1%82
2 Times the Loglikelihood Difference 43.497
Difference in the Number of Parameters )
Mean 15.586
Standard Deviation 16.985
B-Value 0.0648

LC-MENDELL-RUBIN ADJUSTED LRT TEST

Value 42.358
E-Value 0.0694

128
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Latent Profile/Class Analysis

* Compare model fit across number of classes

Adjusted | Relative Proportion of
AlC BIC LMR p smallest
BIC Entropy eroup

3952.805 3994.790 3963.050 =

3788.383 3855.559 3804.775 0.620 .0000 341
3756.886 3849.253 3779.425 0.700 .0694 .091
3736.655 3854.213 3765.341 0.754 .1910 .012
“ 3722.782 3865.530 3757.614 0.773 .1497 013 GT;:“’S
wi
n 3715.194 3883.134 3756.174 0.753 7717 .012 ptn <.05
3703.795 3896.925 3750.921 0.766 .7638 .011
Separate Analyses:
CLASSES = c(1), CLASSES = c(2), CLASSES = c(3), CLASSES = c(4),
CLASSES = c(5), CLASSES = c(6), CLASSES = c(7) 129
Latent Profile/Class Analysis
* Class Means (for final set of classes)
B Ipa_c3.out
Two-Tailed
Estimate S.E. Est./5.E. P-Value
Latent Class 1 5.0
Means 45 i
ZTPI_FP 3.828 0.050 76. 4.0 B Past Positive
ZTPI_PN 3.493 0.153 22, 3.5 A B Past Negative
ZTPI_PH 3.989 0.138 2830 4
ZTPI_PF 3.424 0.153 22. 25 4 I Present Hedonisﬂc
ZTPI_F 3.161 0.156 20.
2.0 1 B Present Fatalistic
Variances 15 4
ZTPI_PP 0.191 0.015 1249 | M Future
ZTPI_PN 0.399 0.025 16.
ZTPI PE 0.177 0.018 2 Class1 Class2  Class 3
ZTPI PF 0.157 0.020
ZTPI:F 0.219 0.016 13.565 0.000
Latent Class 2
Means
ZTPI_PP 3.528 0.031 114.823 0.000
ZTPI PN 3.244 0.044 74.001 0.000
ZTPI_PH 3.537 0.038 82.097 0.000
ZTPI:PF 2.861 0.057 46.373 0.000
ZTPI_F 3.412 0.044 78.050 0.000
var;:;i:? 0.191 0.015 12.783 0.000 130
IDI DN 0,339 0,025 16,2196 0,000

65



Latent Profile/Class Analysis

« Zimbardo’s Time Perspective (5 Facets)

No nominal predictors, so...

Dummy Code!

Alcohol
Use Gender

Class1

Alcohol
Use

Class3

Past Past Present Present

Future
Positive Negative Hedon. Fatalistic

131

Latent Profile/Class Analysis

* Model with classes predicting drinking

| LPA_c3_qtyp.inp

TITLE: Latent Profiles predicting typical drinking.

Bootstrapping results (because drinking is non-normal) .

DATA: FILE IS5 LPAwithclasses.dat;

VARIAELE: NAMES ARE id =sex relat alcl-alcé typweek heavweek BIPF ABTE

peakBaAC TDDtyp TDDheav age raceD liwveD greekD Qtyvp Qheaw
ztpi_pp ztpi_pn ztpl ph ztpi pf ztpl flclass classl class3;
USEVARILBLES ARE =ex Qtyp|classl class3;
Missing are ALL (989);
Analysis:
Bootstrap = 5000; + Copy-pasted classifications from cprob.dat
Estimator = ml; . L. ld
MODEL:[Qtyp OF classl class3] sex; MU0 MYy original dataset
output: * Exported into LPAwithclasses.dat
sampstat stand cint (beboot); * class =nominal variable (1, 2, 3)
* classland class3 are dummy coded (0,1)
with second class as category of reference
(largest class)

132
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Latent Profile/Class Analysis

* Prediction results

7| Ipa_c3_gtyp.out
MODEL RESULIS

Two-Tailed
Estimate 5.E. Est./5.E. P-Value
QYD on Dummy coding:
CLR351 2.110 1.863 1.133 0.257 B _ b f d . k
CLASS3 -2.701 1.068 -2.528 0.011 = average number ot drinks
SEX 4.157 1.219 3.327 0.001 increase/decrease compared
Intercepts to class 2
QTYP 5.244 0.604 8.685 0.000
Residual Variances
QTYP 106.851 19.453 5.493 0.000
Remember, dummy coding is
STANDARDIZED MODEL RESULIS one of the cases where we
S Sy . only want to standardize Y,
Estimate Estimate Estimate bECBUSE now B represents
oTYE oN the standardized increase for
CLAS51 0.052 0.198 2.110
clnses oane 0l2ea s one class versus another
sEX 0.126 0.381 4.157 (x=0 versus x=1)
133

Intercepts

Latent Profile/Class Analysis

5 LCAinp

TITLE: +this i=s an example of a LCA with

binary latent class indicators.

DATL: FILE IS5 LCA.dat:

VARIABLE: NAMES ARE ul-u4 x®1-x10:;
USEVARIABLES = ul-u4;
CLASSES = c (2):
CATEGORICAL = ul-u4;

ANLLYS5I5:  TYPE = MIXTURE;: ’ ul H w2 ‘ ’ U3 ‘ ’ us

|

OUTPUT: TECH11:
1

Remember, CATEGORICAL means binary or ordinal.
If you have unordered 3+ categories, you need to use NOMINAL.

134
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Latent Profile/Class Analysis

5 Ica.out
MCDEL FIT INFORMATICH
Number of Free Parameters ]
Loglikelihood MOdeI Flt
HO Value -965.244
HO Scaling Correction Factor 1.013
for MLR
Information Criteria
Bkaike (RIC) 1948.488
Bayesian (BIC) 1986.420
Sample-5ize Adjusted BIC 1957.853
(n* = (n + 2) / 24)
Entropy 0.904
CLASSIFICATION OF INDIVIDUALS BASED ON THEIR MOST LIEELY LATENT CLASS MEMBERSHIP
Class Counts and Proportions Entropy
Latent and
Claszses proportlons
1 127 0.25400
2 373 0.74600
135
Latent Profile/Cl Analysi
7 Ica.out

Latent Class 1

Ul

.

Category
Category

9

-

Category
Category

8]

us

-

Category
Category

8]

U4

[

Category
Category 2

Latent Class 2

Ul

s

Category
Category

%)

s

Category
Category

9

us

.

Category
Category

9

U4

.

Category
Category

8]

o

[=1

o

o

RESULTS IN PRCBABILITY 3CALE

-151
.849

.911
.08

.830
.110

-101
.899

=)

=)

=)

o

o

o

o

-037

-037

.038

.031
.031

Probability of
membership for each

3.025 0.002 . .
23 708 0 200 indicator by class
3.934 0.000
22.058 0.000
2.0
Class 1 no no yes yes
3+ Class 2 yes yes no no
50.018& 0.000 )
6.181 0.000 Lo-Mendell-Rubin
4s.a73 0.000 adjusted LRT
256 0.000 available, but
472 0.000 omitted for space
48,748 0.000
6.267 0.000
43.4398 0.000 136
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Multilevel Modeling

What do you do when

Leader one picture/model LeaderB

does not represent all
of your data?

Not just some missing

datapoints, but total

mismatch.
Member Member Member Member Member Member Member Member
1 2 3 4 5 Bl B2 B3
Person
‘ Day 1 ‘ ‘ Day5 ‘ ‘ Day6 ‘ ‘ Day 11 ‘ ‘ Day 14 ‘ ‘ Day 3 ‘ ‘ Day4 ‘ ‘ Day8 ‘ ‘ Day ‘117 ‘

Multilevel Modeling

« ABANDON SEM!
— Latent variables/structures are not appropriate
 Different number of units within cluster,
different spacing of time, etc.

e Conduct Multilevel Modeling (MLM),
Hierarchical Linear Modeling (HLM), nested
models, mixed models, random effects
models, random coefficient models, etc.

138




Multilevel Modeling

e Other than LGMs (with matching timepoints),
multilevel modeling is impossible in most SEM
software packages

e Can use HLM (software by SSI)

— Limited functionality beyond HLM
— No bootstrapping

— No path analyses where outcomes are also
predictors (e.g., mediation)

* Can use SAS, MIXOR, MLWIN, VARCL, BUGS, or
R, but need to learn another language

Multilevel Modeling

Level 1:
Drinksy; = mo; + mq;(Bary;) + i (Resty)+ m3;(Party;)+ m4; (Othery; )+1s; (PBSy;)+ey;
Level 1: Drinks for person i at time t depends on: their personal

intercept, plus where they drank that day (dummy coded across
4 variables), plus their PBS that day, plus random error

Level 2:
To; = Boo + Bo1(Gendery) + 1y,
m1; = 1o
T2 = Pao,
_ Level 2: A person’s personal intercept depends on: their gender.
T3 = Po .
The effect of location does not vary by gender.
Tai = Bao The influence of PBS does not vary by gender.
Ts; = Pso

140
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Multilevel Modeling in Mplus

* TYPE=TWOLEVEL RANDOM

%WITHIN%
drinks ON Home Bar Rest Party Other PBS;

Level 1: Regress drinks on level-1 predictors (location and PBS).
Drinks for person i at time t depends on: where they drank that
day and plus their PBS that day.

Personal intercept (my;) and random error (g;) are included as
default.

Level 2: Regress drinks on level-2 predictor (gender).

Personal intercept is influenced by gender.

* TYPE = COMPLEX

Drinks ON Home Bar Rest Party Other pbsdo;
Drinks ON gendD;

%BETWEEN%
drinks ON gendD;

Same interpretation as above.

Multilevel Modeling in Mplus

* Code relevant to both:
TYPE=COMPLEX & TYPE=TWOLEVEL RANDOM
— CLUSTER = name of grouping variable;
— CENTERING IS GRANDMEAN (variable names);
— GROUPMEAN (variable names);

* TYPE = TWOLEVEL RANDOM code only
— WITHIN ARE names of level-1 observed variables;
— BETWEEN ARE names of level-2 observed variables;

142
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Multilevel Modeling:
TWOLEVEL RANDOM

m_] HLM_nobootinp

TITLE: Mplus multilewvel mediation for daily drinking

with PBS (daily) a= mediator.

Place Context and PBES as predictors.

Drinks as outcome.

No mediation yet to replicate HLM findings:

DATR: FILE i=s DailyLlmplus.csv;

VARIABLE: Names are SOMNA WeekID Home Bar Rest Party
COther Alone Friend Fam OPlace drinks pbsplan
pbsdo pbsall time Weekend age gendD racel
greekD residD marryD;

USEVariables are Home Bar Rest Party
Ocher drinks pbado gendD:

Note “drinks” is not

WITHIN - Home Bar Rest Party Other: under WITHIN or
BEETWEEN = gendD: BETWEEN.
CLUSTER = SONA: Outcome does not
CENTERING = GRANDMEAN (pbsda):

need to be specified
| ANALYSIS: TYPE = TWOLEVEL RANDCM; | by level
MODEL: y level.

TWITHINS

drinks CON Home Bar Rest Party Other PBSdo;

$BETWEEN3

drinks CON gendD:
1Output: sta:dﬂ 143

Multilevel Modeling:
TWOLEVEL RANDOM

] hlm_noboot.out

MCDEL RESULTS
Two-Tailed
Estimate 5.E. Est./5.E. P-Value
Within Level
DRINES CH
HOME 0.928 0.35%9 2.583 0.010
BLE 1.800 0.458 3.928 0.000
REST 0.018 0.396 0.047 0.963
PLETY 3.279 0.368 8.208 0.000
CTHER 2.038 0.55%9 3.645 0.000
FB5D0 -0.136 0.092 -1.480 0.13%
Residual Variances
DRINKS 9.047 1.041 8.693 0.000
Between Level
DRINES cH
GENDD 1.823 0.447 4.081 0.000
Intercepts
DRINKS 1.637 0.424 3.863 0.000
Residual Variances
DRINKS 5.601 0.983 5.697 0.000 144
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Multilevel Modeling:
COMPLEX

5| HLM_TYPEcomplex.inp

TITLE: Mplus multilevel mediation for daily drinking
with PES (daily) as mediator.
Place Context and PBES as predictors.
Drinks as outcome.
No mediation yet to replicate HLM findings;
DATR: FILE is DailyLlmplus.csv;
VARIABLE: Names are S5CNA WeekID Home Bar Rest Party
COther Alone Friend Fam OPlace drinks pbsplan
pbsdo pbksall time Weekend age gendD racel
greekD residD marryD:
USEVariables are Home Bar Rest Party
Cther drinks phado gendD;
CLUSTER = S5ONR; No WITHIN or BETWEEN anywhere.
CENTERING = GRANDMEZN (pbsdo):
|aMALYSIS: TYPE = COMPLEX:|
MODEL:

Drinks CN Home Bar Rest Party Other pbsdo;
Drinks ON gendD;

'Cutput: stand;

145
. .
Multilevel Modeling:
] hlm_typecomplex.out
MODEL RESULTS
Two-Tailed
Estimate 5.E. Est./5.E. E-Value
DRINKES cH
HOME 1.427 0.4%96 2.880 0.004
BRR 2.422 0.609 3.977 0.000
REST -0.537 0.481 -1.116 0.265
FLRTY 3.654 0.457 T7.994 0.000
CTHER 2.436 0.615 3.959 0.000
EB3DOC -0.184 0.088 -2.073 0.038
GENDD 1.745 0.449 3.887 0.000
Intercepts
DRINKES 1.505 0.533 2.823 0.005
Resgidual Variances
DRINES 14.300 1.321 10.829 0.000
QUALITY OF WUMERICAL RESULTS
Condition Number for the Information Matrix 0.170E-01
(ratio of smallest to largest eigenwvalue)
Beginning Time: 17:57:40 146

Ending Time: 17:57:40
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Remember... Language Matters

1‘ v ';:i 4 ‘

=
B 7t : -
27 prd 3 3
not'suspect; -
T ¢ .‘,

*"/I'am/amere cat:

4
4§t
4

They/still do

147

BREAK

A Haiku about getting out of bed:

No no no no no, |
No no no no no no no,
No no no no no. ‘

youri@cards

; someecards.com

148
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This Section

* Analyze examples together
— | provide SPSS data
— Together: export datafile
— Write necessary language for Mplus to read data
— Write model language for desired analyses
* Full SEM with continuous outcomes

e Latent Growth Models

Basic Model Language

* y ON x1 x2 x3 y
(regression)

* x1 WITH x2
(correlation)

* fBY iteml item2 item3 item4 item5
(factors or latent variables)
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Data

e Mplus3_fullSEM.sav
* No missing data

e Convert to Mplus-compatible file
— Save as

— .dat (tab delimited), .cvs (comma delimited), .dat
(fixed ASCII)

— Don’t “Write variable names”

151

Main Model
* Combining CFAs with Path Analyses

gend

gen5

g ——Probs |
PBS Drinking Probs

targetl

target2

target3

targetd

[4e] (o] [oje]
[¢] o o
> > =]
w N =

target5
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Fill In The Blanks

B4 Mplus - Mptextl

File Edit View MWplus Graph Window Help

DS /=@ S

| ?

| Mptextt

Variable List

NAMESAREQ3 Q4 Q5Q6Q7Q809AQ10Q11Q12

Q13 Q14 Q15Q16 Q17 Q18 Q19 Q20 Q21 022 Q23 Q24 Q25
Q26 Q27 Q28029030031 032033 Q34 Q350Q36Q37Q38
Q39040041042 Q043 Q44 Q45046 Q47 Q48 Q49 Q50 051
Q52 Q53 Q54 Q55 Q56 Q57 Q58 Q59 Q60 061 O62 O63 Q64
Q65 Q66 Q67 Q68 069 Q70 Q71 genl gen2 gen3 gend gen5
targetl target2 target3 target4 target5 age FTPT res

greek gpa race hisp year athlete gender marry DrinkTyp
DrinkHvy Probs PBS;

77



Double-Check

B4 Mplus - Mplus3_fullSEM.inp

File Edit View Mplus Graph Window Help

D= |5 ] |1 o] 2

7| Mplus3_fullSEM.inp

TITLE: Running a full S5EM example. All continuous
outcomes;

DATA: file iz mplus3 fullSEM.csv:

VARIABLE: NAMES ARE Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Qi1 @iz
Q13 Q14 Q15 Q16 Q17 Q18 Q19 Q20 Q21 Q22 Q23 Q24 Q25
026 Q27 ©28 Q29 30 Q31 Q32 Q33 Q34 Q35 Q36 Q37T Q38
39 Q40 G41 Q42 043 Q44 045 Q46 Q47 Q48 Q49 Q50 Q51
052 (53 Q54 55 056 Q57 Q58 Q59 Q60 Q61 Q62 Q63 Q64
@65 Qee Q6T Q68 Q6% Q70 Q71 genl gen2 gen3 gend genb
targetl target2 target3 targetd4 targets age FTPT res
greek gpa race hisp year athlete gender marry DrinkTyp
DrinkHuyy Proks DES:

lANALYSIS: Type = BASIC| I

Double-Check

] mplus3_fullsem.out

Means
TARGET2 TARGET3 TARGET4 TARGETS RGE
1 4.436 4.5386 4.500 4.552 B6.249
Means
FTFT RES GREEK GFR RACE
1 1.141 2.948 1.113 2.7861 2.583
Means
HISP YELR ATHLETE GENDER MLERY
1 0.075 2.893 0.044 0.283 Z.148
Means
DRINETYP DRINEHVY PROBS FBS
1 5.517 10.640 6.622 93.73986
Covariances
Qs a4 Qs Qe Q7
A n nan
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Main Model
* Combining CFAs with Path Analyses

\Path |angu3ge

Typical

CFA language
guae PBS Drinking

\

target3 e—
target5

Main Model: Don’t End Up With...

* USEVARIABLES are...

gend

gen5

Typical

PBS Drinking

targetl

target3

targetd Q

H
w

target5

[4e] (o] [oje]
o o o
> > =]
w N =

target2
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Model: ???

s

File Edit View Mplus Graph Window Help

Do | & B2 W | & W b | b |l o e |t o | 2 |

]

Mplus3_fullSEM.inp

TITLE: Running a full 5EM example. A1l continuous
outcomes;

DATA: file is mplus3_fullSEM.cav;

VARIAELE: NAMES ARE Q3 Q4 Q5 Q6 Q7 Q8 Q2 Q10 Qi1 Qi2
Q13 Q14 Q15 Q16 Q17 Q18 Q19 Q20 Q21 Q22 (23 Q24 Q25
Q26 Q27 Q28 Q2% Q30 Q31 Q32 033 Q34 035 Q36 Q37 Q38
039 Q40 041 Q42 043 §44 Q45 (46 Q47 Q48 §49 Q50 @51
Q52 Q53 Q54 Q55 Q56 Q57 Q58 Q59 Q60 Q61 Q62 Q63 Q64
Q65 Q66 Q67 Q68 Q6% Q70 Q71 genl gen? gen3 gend gend
targetl target?Z target3 target4 targetd age FIPT res
greek gpa race hisp year athlete gender marry DrinkTyp
DrinkHvy Probs PBS;

USEVARIABLES ARE genl genZ gen3 gen4 gen5 targetl
target2 target3 target4 targetS DrinkTyp Probs PBS:
MCDEL:

OUTPUT: stand;]

159

Run It!

160
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But Wait!

2000 3000 ADIDD 5000 -10.00 00 WDIEIEI ZD‘DU 3000
DrinkTyp N Probs

PBS:
Skewness < 1
Kurtosis < 1

Noncontinuous Variables

« CATEGORICAL ARE (or IS): names of
binary and ordered categorical (ordinal)
variables;

* NOMINAL ARE (or IS): names of unordered
categorical (nhominal) variables;

* COUNT ARE (or IS): names of count
variables;
— Poisson distribution models
— Zero-Inflated Poisson (ZIP) models

X
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Run It!

But Wait!
« INDIRECT EFFECT: ...

gend

gen5

Typical

PBS Drinking

targetl

target2

target3

targetd

[4e] (o] [oje]
[¢] o o
> > =]
w N =

target5
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But Wait!

* We cannot assume that indirect effects (the
combined ab paths) are normally distributed)

* What do we do?

* Bootstrap!!

— Can delete Poisson code (bootstrap also corrects
for non-normality)

Run It!
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On Your Own Time

*MOUNT
WILLINGNESS ! &
O OPINE ON STOPID

A TOP\C. /

KNOWLEDGE OF THAT ToPlIC

Latent Growth Model

Time 1 Time 2 Time 3
(Q66) (Q67) (Q68)

168
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File

Edit View Mplus

Model: ???

Graph Window Help

EEIEEEETE BT T E

Ll

Mplus3_LatentGrowth.ir

TITLE: Running latent growth model example. All continuous

outcomes;

DATA: file is mplus3_fullSEM.csv;

VARIABLE: NAMES
Q13 Q14 Q15 Ql&
Q26 Q27 Q28 Q29
Q39 Q40 Q41 Q42
G52 53 (54 Q55
Q&5 Q66 Q6T Q&8
targetl target?

BRE Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12
Q17 Q18 Q19 Q20 Q21 Q22 Q23 Q24 Q25
Q30 Q31 Q32 Q33 034 Q35 Q36 Q37 Q38
Q43 Q44 Q45 Q46 Q47 Q48 Q49 Q50 Q51
Q56 57 Q58 059 Q60 QA1 Q62 63 Q64
Q&9 Q70 Q71 genl gen? gen3 gend genb
target3 target4 targetS age FIPT res

greek gpa race hisp year athlete gender marry DrinkTyp
DrinkHvy Probs EEBS;:
USEVARIABLES ARE (66 Q67 Q68 athlete gender:;

MODEL:

CUTPUT: =tand;

169

* Coming up!

.

Answers

170
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Almost There

ilhelteacherstatimyihighfschoolidoeithisito
allfefithefgraffitilinithelbathreems*

ANSWERS! Main Model

T

File Edit View Mplus Graph Window Help

D | b 8| &M | b E> ] ?

ITLE: Running a full SEM example. All continuous

DATZ: file i= mplus3 fullSEM.csv:

ARILZELE: NAMES ARE (3 Q4 Q5 06 Q7 Q8 9 Q10 Qi1 gi2
13 Q14 Q15 Q16 Q17 Q18 Q19 (20 21 §22 (23 Q24 Q25
26 Q27 Q28 Q29 Q30 Q31 Q32 Q33 Q34 Q35 Q36 Q37 Q38
39 Q40 Q41 Q42 Q43 Q44 Q45 046 Q47 Q48 Q49 Q50 @51
52 053 (54 055 56 Q57 Q58 059 Q60 Q61 Q62 Q63 Q64
65 Q66 Q67 QEB Q6% Q70 Q71 genl gen2 gen3 gend genS
argetl target2 target3 targetd4 targetd age FIPT res

DrinkTyp ON PBS £1 £2r Paths (ON)

172
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Results

] mplus3_fullsem.out
Two-Tailed
Estimate 5.E. Est./S5.E. F-Value
F1 BY
GEN1 1.000 0.000 999,000 899.000
GEN2 1.313 0.145 3.028 0.000 .
cENS 0.946 0.083 10.214 0.000 Factor Loadings
GEN4 1.533 0.136 11.247 0.000
GENS 1.363 0.130 10.548 0.000
F2 BY
TARGET1 1.000 0.000 992,000 999,000
TARGET2 1.002 0.047 21.201 0.000
TARGET3 1.065 0.048 22,963 0.000
TARGET4 1.115 0.042 26.278 0.000
TARGETS 1.111 0.042 26.588 0.000
PBS GN
F1 6.496 9.1 .708 0.47%
F2 11.501 2.382 2.624 0.009
DRINKTYP CH
F1 -4.817 1.130 -4.261 0.000
F2 1.188 0.515 2.308 0.021 Paths
DRINKTYP CH
PBS 0.000 0.008 -0.042 0.987
PROBS CH
DRINKTYP 0.628 0.048 13.760 0.000
F2 WITH
F1 0.163 0.026 6.484 0.000
Intercepts 173
GEN1 4.738 0.038 132,283 0.000
A ' flated Poi
NSWERS! Zero-Inflated Poisson
[X| Mplus3_fullSEM_count.inp
TITLE: Running a full S5EM example. All continuous
outcomes;
DATA: file is mplus3 fullSEM.csv;
VARILELE: NAMES ARE Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Qi2
Q13 Q14 Q15 Q16 Q17 Q18 Q19 Q20 Q21 Q22 Q23 Q24 Q25
026 Q27 Q28 Q29 Q30 Q31 Q32 Q33 Q34 Q35 036 Q37 Q38
039 Q40 041 Q42 Q43 (44 (45 Q46 Q47 Q48 Q49 Q50 Q51
Q52 Q53 Q54 Q55 Q56 Q57 Q58 Q59 Q60 Q61 Q62 Q63 Q64
Q65 QEE Q6T QBB Q69 Q70 Q71 genl gen? gen3 gend gen5
targetl target?2 target3 targetd4 targetS age FIPT res
greek gpa race hisp year athlete gender marry DrinkTyp
DrinkHvy Probs PBS;
USEVARIABLES ARE genl gen? gen3® gend gen5 targetl
target? target3d targetd targetS DrinkTyp Probs PBS;
ICOU'NT LRE DrinkTvp(i) Probs(i):
MCDEL:
f1 BY genl gen? gen3 gend gen5;
f2 BY targetl target2 target3 targetd4 targets;
FBS ON f1 f2:
DrinkTyp ON PBS f1 £2; Remember “(i)” means zero-inflated, and is
Frobs ON Drinklyb: associated with the DV#1 code.
DrinkTypsl CN PBS f1 £2:
Probz$l ONM DrinkTyp:
CUTPUT: stand; Can omit for regular Poisson distributions.
174
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Results

X mplus3_fullsem_count.out

GEN4 1.434 0.192 T7.468 0.000
GENS 1.285 0.21 6.1 0.000

F2 BY
TARGET1 1.000 0.000 999.000 99%.000
TARGET2 1.003 0.062 16.091 0.000
TARGET3 1.063 0.048 22.120 0.000
TARGET# 1.113 0.066 16.965 0.000
TARGETS 1.124 0.068 16.251 0.000

EBS ON
F1 7.488 11.510 0.651 0.515
F2 li.182 4.394 2.545 0.011

DRINETYF  ON Paths from original model
F1 -3.057 0.653 -4.683 0.000
F2 1.508 0.312 4.840 0.000

e ——— New paths (#1) identifying impact
F1 -0.457 1.362 -0.33¢ 0.732 on likelihood of drinking at all
F2 0.970 0.982 0.987 0.324 .
(anything other than 0).

DRINKTYP ON

FBS 0.000 0.001 -0.11e 0.908
PROES on
DRINETYP 0.043 0.005 8.564 0.000

DRINKTYP#1 ON
PES -0.001 0.003 -0.272 0.785

PROBS#1 ON
DRINETYP -0.497 0.105 -4.712 0.000

F2 WITH 175
F1 0.195 0.045 4.336 0.000

ANSWERS!
Bootstrapping and Indirect Effects

n. Mplus3_fullSEM_bootIND.inp

TITLE: Running a full SEM example. All continuous
outcomes;

DATR: file is mplus3 fullSEM.csv;

VARIABLE: NAMES ARE Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12
Q13 Q14 Q15 Q16 Q17 Q18 Q19 Q20 Q21 Q22 Q23 Q24 Q25
Q26 Q27 Q28 Q29 Q30 Q31 Q32 Q33 (34 Q35 Q36 Q37 Q38
039 Q40 Q41 042 Q43 Q44 Q45 046 Q47 Q48 Q49 Q50 Q51
Q52 Q53 Q54 Q55 Q56 Q57 Q58 Q59 Q60 Q61 Q62 Q63 Q64
Q65 Q&6 Q67 Q63 Q6% QT0 Q71 genl gen2 gen3 gend gend
targetl target? target3 target4 targetS age FIPT res
greek gpa race hisp year athlete gender marry DrinkTvp
DrinkHvy Probs PES;

USEVARIZBLES ARE genl gen2 gen3 gen4 gend targetl

target? target3 target4 targetS DrinkTyp Probs PBES;
{amwsxs: boot = 5000; Bootstrap samples of n = 5,000
DEL:

£l BY genl gen2? gen3 gend genS:
f2 BY targetl target2 target3 targetd targets;
FE5 ON f1 f2:

DrinkTyp CN PBS f1 f£2;

DrinkTyp:

MODEL INDIRECT: DrinkTyp PBS f1:
MCDEL INDIRECT: DrinkTvp PBS fil:

CUTPFUT: stand|cint (bcboot);

Assessing two different indirect effects (y IND m x)

176
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Results

n.] mplus3_fullsem_bootind.out

TOTAL, TOTAL INDIRECT, SPECIFIC INDIRECT, AND DIRECT EFFECTS

Two-Tailed
Estimate 5.E. Est./5.E. E-Value
Effects from F1 to DRINKIYP
Combined impact of both
Sum of indirect -0.003 0.107 -0.031 0.975 .
indirect effects
Specific indirect
DRINKTYE
PBS .
F1 -0.002 0.053 -0.031 0.975 Estimates of each
} individual
DRINKTYE o
PES indirect effect
F1 -0.002 0.053 -0.031 0.975

STANDARDIZED TOTAL, TOTAL INDIRECT, SPECIFIC INDIRECT, AND DIRECT EFFECTS

S5TDYX Standardization

177
n.] mplus3_fullsem_bootind.out
CONFIDENCE INTERVALS OF TOTAL, TOTAL INDIRECT, SPECIFIC INDIRECT, AND DIRECT EFFECTS
Lower .5% | Lower 2.5% Lower 5% Estimate Upper 5% | Upper 2.5% Upper .5%
Effects from F1 to DRINKTYP
Sum of indirect -0.441 -0.273 -0.1398 -0.003 0.136 0.130 0.358
Specific indirect
DRINETYF
PBS
F1 -0.221 -0.136 -0.088 -0.002 0.068 0.085 0.178
DRINKETYF
PBS
F1 -0.221 -0.136 -0.09%9 —0.002 0.068 0.095 0.179
CCNFIDENCE INTERVALS OF STANDARDIZED TCTAL, TCTAL INDIRECT, SPECIFIC INDIRECT,
AND DIRECT EFFECIS
STIDYX Standardization
Lower .5% Lower 2.5% Lower 5% Estimate Upper 5% Upper 2.5% Upper .5%
Effects from F1 to DRINKTYF
’ .
* 95% Cl's use 2.5% upper and lower boundaries
* Zeroisin all three intervals, so no indirect effects are significant 178
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Latent Growth Models

« Remember: Mplus shortcut
— 1 s | timel@0 time2@1 time3@2;

— Assumes intercept is 1’s all around
— Creates paths you specify for slope
— Allows intercept and slope to correlate

— Sets variable intercepts to 0 so that all prediction is in the
mean of the latent variables (Intercept and Slope)

w:n un
| S

and are still labels | created for the latent variables. Can be whatever you want.

179

n]

Answers! LGM

Mplus3_LatentGrowth.inp

TITLE: Running latent growth model example. All continuous
outcomes;

DATR: file is mplus3 fullSEM.csv;

VARIABLE: NAMES ARE Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Qiz
013 Q14 Q15 Q16 Q17 Q18 Q19 Q20 Q21 Q22 Q23 Q24 Q25
Q26 Q27 Q28 029 Q30 Q31 032 Q33 Q34 Q35 Q36 Q37 Q38
039 Q40 Q41 Q42 Q43 Q44 Q45 Q46 Q4T Q48 Q49 Q50 @51
Q52 Q53 054 Q55 Q56 Q57 Q58 Q59 Q60 Q61 Q&2 Q63 Q64
Q65 Q66 QBT Q68 069 Q70 Q71 genl gen? gen3 gend genS
targetl target2 target3 target4 targetS age FIPT res
greek gpa race hisp vear athlete gender marry DrinkTvp
DrinkHvy Probs PBS;

USEVARILBLES ARE Q&6 Q67 068 athlete gender:

MODEL:

i = | Q66B0 Q6781 Q68E2; First row = LGM

i = CH athlete gender: _ .

SUTEUTT stand: Second row = prediction paths

180
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Results

(K| mplus3_latentgrowth.out
Two-Tailed
Estimate 5.E. Est./S.E. P-Value
I I
Q86 1.000 0.000 398,000 298,000
Q87 1.000 0.000 998,000 998,000 Loadings
Q68 1.000 0.000 999.000 588.000
3 I
Q86 0.000 0.000 998,000 998,000
Q87 1.000 0.000 999.000 988,000
Q68 2.000 0.000 999.000 989.000
: on Influence of gender and athletic
ATHLETE -0.246 0.2840 -0.293 9.762
GENDER -0.165 0.380 -0.433 0.665 status on baseline levels (i) and
s on linear growth over time (s)
ATHLETE -0.486 0.508 -0.956 9.339
GENDER -0.410 0.230 -1.782 0.075
5 WITH
I 0.938 0.558 1.627 g.092
Intercepts
Q66 0.000 0.000 999.000 588.000
Q87 0.000 0.000 998,000 928,000 .
fol1:] 0.000 0.000 999,000 989,000 Baseline levels for female non-
T 3.315 0.208 TE.061 3.000 . .
5 0.835 0.125 6.683 0.000 athletes (') and their growth
Residual Variances over time (S)
Q86 §.003 1.040 5.771 9.000
Q87 5.537 0.6386 8,711 9.000
Q&8 1.615 1.287 1.256 0.209 181
1 5.876 1.034 5.6280 9.000
S 21688 0 8038 3 _SCR 0000

Thank Youl!!

World’s Most Accurate
Pie Chart

Il Pielhave eaten

[ pie 1 have not
yet eaten
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