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Population Heterogeneity(0| & &)
- S5l 2YO0IL SFS HAN, SN
(homogeneity)0|2tD| ECt 0|2 &0l AL
(heterogeneity) ot = &t
- MOHZED| BrEE HIB, BAED| SEE UM
- T, O H
-2d 4255, 0td 2=
- S8M EdRA R
— =St H G gtak ol7)| gt
— complier, non complier =
« Homogeneity(S&4) —> AARE JIN BE 24+ £
H A E s
« Observed Heterogeneity(2=& 0|2 4) > & 2
= = aAsiZs 220U OEeHEL multlple group
analysis) Jt=
« Unobserved Heterogeneity(O| 2= 0|& &) —> latent
class £ latent categorical variable A2 (X229 g
EX XNHM)
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& TH B 2~ (Latent Variable)

28 A28 =

Z-THE 2= (Latent Variable) Al 2] & &

Measurement error — errors in predictors, errors in outcomes
* Multiple indicators — different aspects of a construct

E=CIA 2 A
O - 71 — T
* Flexible curve shape

* Random coefficients — individually varying parameters, relationships among
random coefficients

* Population heterogeneity — unobserved group membership, latent class

E
» Path analysis — mediators, distal outcomes, multiple processes
* Multiple populations

* Missing data =4 &&Jts




Latent Variable Models Overview

continuous latent |categorical latent

variables variables
Cross— factor analysis, latent class analysis,
sectional SEM latent profile analysis
models factor mixture analysis
longitudinal |growth analysis |latent transition analysis,
models (random effects) [latent class growth
analysis, growth mixture
analysis
D
Categorical Continuous
B A
C
u y

General Modeling Framework




Latent Categorical variable
Cross—sectional models

« Latent Class Analysis(REMHHS2A)
Categorical indicator / no within class variation

 Latent Profile Analysis(Z2 HEZZ2 O 2 M)
Continuous indicator / no within class variation

« Factor Mixture Analysis(R¢QlEst %%’%)
r

Continuous, categorical indicator / within class
variation

Factor analysis + Latent class analysis(Latent profile

analysis)

Longitudinal data: Three approaches

« Single regression analysis using all n x 7

data points

* n1regression analyses using each individual’s

[ data

« Single random coefficient regression analysis

using all n x 7 data points
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(1)yit= Noi + Nii Xt + Eit
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t=1 t=2 t=3 t=4
&1 &2 €3 &4
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B =0 />o By >0
B =0 B2 >0 B, <0

By <0 B <0
B, <0 B, >0

Hypothetical trajectories for Bo + 31 Age + B, Age?.
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SHEE (13-18Al)

Examining average violence
for the full sample suggests
a low level of violence with

% 3 r little developmental

8 variation over time.
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Seriousness of Violent Offense

1.6

1.4 1
1.2 1
1.0 A
0.8
0.6
0.4 1
0.2 1

+Chr9nic (16%) oI Y
-8 Desister (15%) =chE
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« =X OI HE3} (Subjective Categorization)
« O|EHH 2 EXM (Two—-Stage Cluster Analysis)
- S8 B i

S (Mixture Modeling)
C

- SIS A U A DY (Group—Based
| eling, Latent Class Growth

—
e
@D
O
* —
O
<
O
Q.

- d&Eed 29 (Growth Mixture Modeling)

s D (Mixture Modeling)el 2 &

Aaz=AA B2 Jls - Unobserved heterogeneity modeling
* Prediction of trajectory class membership

« (Classification of individuals — early prediction of problematic
development

Ci2tst 2EAPE Jis
« Growth functions — different classes correspond to different
growth shapes

« Antecedents — different predictors have different importance
for different classes

« Consequences — class membership predicts later outcomes
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Y1 Y2 Y3

z
Frequency of
Heavy Drinking

Mixture modeling

Ya | |Ys

Gender
Ethnicity

Heavy Drinking over time

Family history

Growth Factors

Adolescent Measures
(Onset, ASB, HSDrp)

Alcohol
Dependence




tol

CHst D8 &% Ot

J

Shape of developmental trajectories
Predictors (time invariant, time varying)
Consequences

Joint trajectory (comorbidity, heterotypic
continuity)

Setd B (Mixture Modeling) 2+ XH0|

« Latent Class Growth Modeling,

Group—Based Trajectory Modeling

(SAS Proc Traj) — Joint model2l Jt=, Non-
Normal Data Handling (Count Data, Psychometric
Scale Data)

» Growth Mixture Modeling (Mplus) —

Multiple indicator®l Jt=, Growth Factor Variance
and Covariance Estimation
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HLM (Raudenbush) GMM (Muthén) LCGA (Nagin)

Outcome Outcome Outcome
Escalating Escalating
Early Onset % Early Onset
/\ /\ Normative Normative
Y 1 Yt y b
> y t > y t > y t

Longitudinal (Growth) modeling paradigms

AEEN LR 28

(Group—Based Trajectory Modeling)

. ZOX NI2E HIEOR H0ls 2LRHES TF
SOl Zost S20|e
. HYROR ZON NI2E 0|86 RAEAL B
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Panel A

/2

Panel B

N

/2
ol

— |
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o

Using groups to approximate an unknown distribution

normal) 28, Z0t&(Poisson),
inflated Poisson) 28, 0| &2 %/(
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Two Major Questions in SGM

« X APHO Z2A  How many trajectory
groups (latent classes) are statistically
optimal

e JOIo] HEHBHA : How an individual’s group
membership can be determined

ZAEBHO ZAH  How many trajectory
groups are statistically optimal

« MEIE X% & Bayesian Information Criterion (BIC) for
selecting a best—fitting model in SGM,

« For any given model, the BIC is calculated as:
BIC = log L = 0.5 log(n) * (k),
where L is the value of the model’s maximized likelihood,
n is the sample size, and kis the number of parameters

* The decision rule for judging statistical optimality is to
choose a model with the smallest absolute value BIC

_‘|5_
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AlC(Akaike Information Criteria), BIC(Baysian

Information Criteria), SSABIC(sample—size

adjusted BIC)JI E2& 0, O £XJ} =42
E?g):lgl I—|8|-Cj|. xo D—IOE jl-xE

KOH & k-10f &S 2t SH A RolH 25
2 LRT(Likelihood Ratio Test), ALRT(Adjusted
LRT), BLRT(Bootstrap LRT), LMR-LRT(Lo-

Mendell-Rubin LRT) S2 Sdll 0IFH&. 0| &

S S AHMOE 2t 27 S X0 L9561

UODI AYHOZ 2B O|F DE MeE, S0

SIo HIN D e

D2IL AN 2Y ME ANM IHE E28

S SN J|ZL0OILIR}, 2O 2HAH, B

Beiol G4 Otsy, deol 21 Y= (dy B
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h

olo] Mt A : An Individual’'s Group
Membership

Individuals cannot definitely be characterized as
belonging to one of the groups.

Based on the model coefficient estimates, the
posterior probability is computed conditional on
his/her being a member of each group.

HUAI=EE A R0 HE S

The individual is then assigned to the group with
the highest posterior probability (maximum posterior
g%?eghty rule). 10I JItES+S £10 24 0.72

Xi X2 X3 X4 X5 reerresesses Xom

Probability
of trajectory group

membership

Trajectory 1 Trajectory 2 Trajectory 3 Trajectory 4

Z1t Z2t ZSt ............ th

The overall model
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H A _C.'_%ﬂ(Group Based Trajectory Modelmg)
= (et SRS ==

rOII

2.9
2.85
2.8
2.75
2.7
2.65
2.6
2.55

2.5 ;
2008 2009 2010 2011 2012
(141) (2#/) (3/6//) (4 Al)  (5A)
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« Bayesian Information Criteria (BIC)0| 2t = &
2 & (best-fitting model) & &

« X} At=ZHE (maximum posterior probability) i
[t JfelS JHE &0l =2 & H S

2008(14) 2009(24) 2010(34) 2011(44) 2012(54))
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RS A SN AN D (Group—Based
Trajectory Modeling)
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e 2= a2 A2 M (Multinomial Logistic
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FaHso 7|2

1Xpa & Pyl XA E
M SD M SD M SD
N %
&M
XfOtES L 332 061 3.38 0.60 343 0.58
S
7Heigel
M (EH=1) 1,725 50.00
MM of 3.41 0.95
H| & 1.15 1.68
7IE89
HlZEE=1) 310 9.40
AEIIEEE=) 128 3.90
HELS 1.85 0.92
2o S| 1.73 0.89
& 2 X}LA Of & 334 078
ERXEUE 3.22 0.87
T R uaol
Bl e & et 041 0.83
S} 1 Of &t 2.86 0.66
plgtpats 3.11 078
EH A=A A AN
LT OO/ g8
SMEEEY
ROIES | 671K BTl Mgy = ool 2H6S
I0lM=&E&Est 2t
oo|nlst EHAE Tol=
= @ P8 W gagnayg e
2H 1 R HoEH 326.971(7) 0.000 83 HEB35 20|
ZRPEoz Z2EE
2E 2:180 X2 HIDH 201.892(5) 0.000 897 899 107
BE 3.8y Aoy 44.183(4) 0.000 977 .979 .054
D4 2KHE HotEH 86.274(4) 0.000 956 958 077
Y 5:344E HIRE 129.980(4) 0.000 934 936 096
2% 6:280 AR HIDH 41.388(3) 0.000 979 980 061
F) TotA BEAIE 2¥o| A Y2y
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& 7| K|(Intercept) 3.318(.010)*** .219(.008)***

H3}2 (Slope)

.056(.006)***

.025(.003)***

EI|X| - Bigtgol g2A

-.032(.004)***

F) 2202 BERX, ** p <.001
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AorESE LA 652 2(AE)

£2(2003) 0529l XotESZ £7|X| Xlof=EZ Halg
R2 315 180
715809
H2(E2=1) 014 -.092
AETIEEE=T) .035 -.064
NEES .030 - 282%*
£ oo 3ty - 102%** 372%*
£ D XA O & 180+ -262
PN .082+* -.255
OHA A O EHYR 2T e
*p <.05, **p <01, **p <001 St =% FLHEE
T 2t =Kl B2ES A2A Y ZIXOOHR LA 012
Olol EJI20| = LIEHE
AotESZ UEHHI| o|F5L (AHE)
32(2003) 0529l XofEFZ X£7|X| o ES L HalE
R? 315 180
EHET Y Etneol
H e & T .023 .094
St Of &t 163+ -.033
Sh g3 354+

X2= 479.526(df=24), p <.001, NFI =.

965, CFl = 9 SAlAte] ol BR.

*p <.05, **p <.01, **p <.001
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TS HEAY 2Eo DY HHEE (15E 24Y)

o2y BIC = RS o
1st ond 3rd 4th
1 -9005.83 100.0% - - -
2 -8320.69 62.5% 37.5% - -
3 -8080.13 62.8% 21.0% 16.2% -
4 -8147.89 44.9% 43.2% 9.5% 2.4%
ZF) JotH EAE 20| 2 HI2E
XOFESZOf| Ot HEtESd YN 2Fo| FEXK|
A= BEQA
Z7|X|(Intercept) 1.605%+* 214
SheIRIEr
32 (Slope) 1.033%+* 181
Z7|X|(Intercept) 2.792%** 101
St
H35tE(Slope) 0.484%*x .084
Z=7|X|(Intercept) 3.564%** 164
ST
3} (Slope) 0.4 %% 148
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dAaE)| 55 249 S &

Conventional approach

Behavior X : X; Xz Xg ooeeeees X
Comorbidity I I I I

Behavior Z : Zy Zp Zg =eee Z

Behavior X @ X; Xz Xg oooeeee X
Heterotypic continuity \\H\‘

Behavior Z: It Zrsy Zrep v ZT+K

Joint(Dual) trajectory approach

Behavior X : X; Xp Xz woeeeeees X
\ J
Comorbidity M
- A N
Behavior Z @ Zy Zs Zz - 7t
Behavior X © Xy Xe Xg oo X
Y.
Heterotypic continuity \
4 N
Behavior Z: Tr P Ty svmemme T

Measuring comorbidity and heterotypic continuity
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Constrained model

Childhood
School bonding

Childhood
School bonding

Adolescent
violence

General model

Adolescent
violence

Joint(Dual) trajectory models

dAE Z5o 2=AH (13-18Al)

16 -¢- Chronic (16%)
- Desister (15%)
1.4 + -k Late Escalator (9%)
12 1 -8~ Non Offender (60%)
1.0
Age 10-12

0.8 1 Elementary
School Predictors

Seriousness of Violent Offense
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= (Joint Trajectory
SO &et A JHH|

A2

daE gld 2EAHS Ut =8
HCHEA YR DO BRI W2} 01RO 1R, 2HE, 3T, 4R
5ECH BRI RS NAZ 24

2y BIC

13 -22094.02
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33 -20695.41
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53¢ -20438.56
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_ —a— =g (9.9%)
10 —— A AL E (391%)
- Sug (192%)
: SuldE (222%)
- -8 -dH|AZF
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I e F kg A 8] P A <5 | g 3
H 2R (F2 Al7])
B Hl & (n=2,860) 27.0% 17.0% 36.29% 115% 83%
& (n=279) 23.3% 16.1% 38.4%% 11.5%% 10.8%%
/‘j% * ok
oA (n=1,724) 32.3% 14928 32.0% 13.5%% 7.3%
@A (n=1,725) 24.8%% 18.5%% 38.0%6 §.4% 0.49%
B AYIE o5 «
A7t E (n=3120) 29.0% 16.9% 34.9% 11.4% 78%
A RS (n=109) 27.5% 18.3% 31.2% 7.3% 156%

% p<.05, **%* p< 001
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Group—Based Trajectory l\/lodelm 1 Growth Mixture Modeling2l Hl 1 : Chung, I.=J., Nagin, D. S.,
Hawkins, J. D., & Hill, K. G.(2001). A didactic example of mixture modelmg applied 'to the study of
development in adolescent offendmg Korean Journal of Social Welfare Studies, 17, 197-218.

Predictor® AFE : Chung, I.-J., Hawkins, J. D., Gilchrist, L., Hill, K. G., & Nagin, D. S.(2002).
Identifying and predicting offending trajectories among poor children. Social Service Review, 76,
663-685.; Chung, I.=J., Hill, K. G., Hawkins, J. D., Gilchrist, L. D., & Nagin, D. S.(2002).

Childhood predictors of offense trajectories. Journal of Research in Crime and Delinquency, 39,
60-90.; ’é“ﬂ% (2008). Identifying and predicting adolescent smokmg trajectories in Korea. Algl=
%(I;I? gg -28.; HAZE (2007). HAED| MOtESZ2 LEAEY S0, S=HALAEHHAZ 18(3),

Distal Qutcomes2l AFZ : Hill, K. G., White, H. R., Chung, |.-J., Hawkins, J. D. & Catalano, R.
F.(2000). Early adult outcomes of adolescent binge drinking: Person— and variable—centered

Sgelyses of binge drinking trajectories. Alcoholism: Clinical and Experimental Research, 24, 892-

Joint Trajectory Modeling2l AFE : Herrenkohl, T. I., Hill, K. G., Hawkins, J. D., Chung, |.-J., &
Nagin, D. S. (2006). Developmental trajectories of family management and risk for violent behavior
in adolescence. Journal of Adolescent Health, 39, 206-213.; Chung, |.-J., & Chun, J. (2010). Co-
occurring patterns of smoking and alcohol consumption among Korean adolescents. 7he American
Journal on Addictions, 19(3), 252-256.; MAZ (2009). Bl U LY ASH 2N . OfSst
3l Xl, 30(3), 113-125.; HUF, 0|2 (2010) I°”CCEH%§!EPDJ HAEH|S 210 SHAOI A=A 2
AMNSIZ2X2 41(1), 119-144.

Time—-varying covariate2 A2 : Hill, K. G., Chung, |.-J., Guo, J., & Hawkins, J. D.(in press). The
impact of gang membership on adolescent violence trajectories.

Mixture2& &2t =@

SAS @ Proc Traj = Group—based trajectory modeling

» Jones, B., Nagin, D., & Roeder, K.(2001). A SAS procedure based on mixture models for estimating
developmental trajectories. Sociological Research & Methods, 29: 374-393.

« Nagin, D.(1999). Analyzing developmental trajectories: A semi-parametric, group—based approach.
Psychological Methods, 4: 139-177.

« Nagin, D., & Tremblay, R. E.(2001). Analyzing developmental trajectories of distinct but related
behaviors: A group—based method. Psychological Methods, 6: 18-34.

Nagin, D.(2005). Group—based modeling of development. Cambridge, MA: Harvard University Press.

« Jones, B., & Nagin, D. (2007). Advances in group—based trajectory modeling and an SAS procedure for
estimating them. Sociological Methods Research, 35(4): 542-571.

« Nagin, D. S., & Odgers, C. L.(2010). Group—based trajectory modeling in clinical research. Annual
Review of Clinical Psychology, 6: 109-138.

*  http://www.andrew.cmu.edu/user/bjones/
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Mplus = Growth mixture modeling
Muthén, L., & Muthén, B. (2017). Mplus user’s guide(8th ed.). Los Angeles, CA: Muthén and Muthén.

«  Muthén, B., & Shedden, K.(1999). Finite mixture modeling with mixture outcomes using the EM algorithm.
Biometrics, 55: 463-469.

*  http://www.statmodel.com/
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