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Latent Class Growth Analysis
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Latent Class Growth Analysis

• Setting

– Longitudinal data
– A single item measured repeatedly
– Hypothesized trajectory classes (categorical latent variable)

• Aim

– Estimate trajectory shapes
– Estimate trajectory class probabilities
– Relate class probabilities to covariates
– Classify individuals into classes (posterior probabilities)

• Applications

– Single process
– Two processes
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• 411 boys in a working class section of London 
(n = 403 due to 8 boys who died)

• Ages 10 to 32 (ages 11 - 21 used here)

• Outcome is number of convictions in the last 2 years, modeled 
as an ordered polytomous variable scored 0 for 0 convictions, 1 
for one conviction, and 2 for more than one conviction

Sources: Farrington & West (1990); Nagin & Land (1993); 
Roeder, Lynch & Nagin (1999); Muthen (2004)

Single Process Latent Class Growth Analysis:
Cambridge Delinquency Data
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LCA Vs LCGA 

12683-categ. u
1135binary u

LCGALCA

Number of parameters (11 u’s, 3 classes):

u11 u12 u21

c

u11 u12 u21

i s q

c
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Latent Class Analysis With 3 Classes
On Cambridge Data
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LogL = -1,032 (68 parameters), BIC = 2,472
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FILE = naginordered.dat;DATA:

TYPE = MIXTURE;ANALYSIS:

NAMES = u11 u12 u13 u14 u15 u16 u17 u18 u19 u20
u21 c1 c2 c3 c4;

USEVAR = u11-u21;
CATEGORICAL = u11-u21;
CLASSES = c(3);

VARIABLE:

LCGA
ordered polytomous variables for conviction at each
age11-21
dep. variable 0, 1 , 2 (0, 1, or more convictions)

TITLE:

Input LCGA On Cambridge Data
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SERIES = u11-u21(s);
TYPE = PLOT3;

PLOT:

TECH1 TECH8;OUTPUT:

%OVERALL%

i s q | u11@-.6  u12@-.5   u13@-.4  u14@-.3  u15@-.2 
u16@-.1  u17@0  u18@.1  u19@.2  u20@.3  u21@.4;

MODEL:

Input LCGA On Cambridge Data (Continued)
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Model Results

0.0000.0001.000u21

0.0000.0001.000u15

0.0000.0001.000u20
0.0000.0001.000u19
0.0000.0001.000u18

Est./S.E.S.E.Estimates

0.000
0.000

0.000
0.000
0.000
0.000 0.0001.000u11

I  |

0.0001.000u13
0.0001.000u12

0.0001.000u16

0.0001.000u14

0.0001.000u17

Latent Class 1

Output Excerpts LCGA On Cambridge Data
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Latent Class 1

Output Excerpts LCGA On Cambridge Data
(Continued)
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Output Excerpts LCGA On Cambridge Data
(Continued)
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-2.8760.319-0.917u21$1

2.7160.3040.827u17$2
-2.8760.319-0.917u17$1

-2.8760.319-0.917u14$1
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Thresholds

Output Excerpts LCGA On Cambridge Data
(Continued)
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-1.1122.515-2.796Q
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0.9590.802S

Latent Class 2

Output Excerpts LCGA On Cambridge Data
(Continued)
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2.7160.3040.827u20$2
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-2.8760.319-0.917u14$1
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2.7160.827u13$2

-2.876-0.917u15$1

2.7160.827u18$2

Thresholds

Output Excerpts LCGA On Cambridge Data
(Continued)
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Latent Class 3

Output Excerpts LCGA On Cambridge Data
(Continued)
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2.7160.3040.827u15$2
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Thresholds

Output Excerpts LCGA On Cambridge Data
(Continued)

16

Class 1 (3%)
Class 2 (21%)
Class 3 (75%)

LCGA On Cambridge Data (Continued)

3-class LCGA 
LogL = -1,072 
(12 parameters)
BIC = 2,215

3-class LCA 
LogL = -1,032 
(68 parameters)
BIC = 2,472
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Multiple Process LCGA: 
Relating Trajectory 

Class Variables For Different Outcomes

The co-occurrence of alcohol and tobacco use disorders (Jackson,
Sher, Wood, 1999)

• Parallel processes

• College sample, n = 450
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Further Readings On 
Latent Class Growth Analysis
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Further Readings On 
Latent Class Growth Analysis (Continued)
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LCGA Vs GMM
Modeling Without Vs With Random Effects

24

3-class LCGA
LogL = -1,072 
(12 parameters)
BIC = 2,215

Class 1 (3%)
Class 2 (21%)
Class 3 (75%)
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3-class LCGA
only intercept class means 
varying across classes

LogL = -1,073 
(8 parameters)
BIC = 2,194

Non-Parametric View Of LCGA
Applied To The Cambridge Data

74% (Class 3)

22% (Class 2)

4% (Class 1)

Intercept Growth Factor Mean

Classes may be “real” or only 
represent points on a continuum
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Class 1 (3%)
Class 2 (21%)
Class 3 (75%)
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3-class LCGA
LogL = -1,072
(12 parameters)
BIC = 2,215

3-class GMM with a normal 
random intercept and 
a zero class

LogL = -1,067 
(11 parameters)
BIC = 2,200

LCGA Vs GMM Applied To The Cambridge Data

1-class GM with a normally 
distributed random intercept: 
LogL = -1,075 (5 par’s), BIC = 2,180

Class 1 (3%)
Class 2 (50%)
Class 3 (47%)

Pr
ob

ab
ili

ty
 o

f C
on

vi
ct

io
n

11 12 13 14 15 16 17 18 19 20 21

0.
0

0.
2

0.
4

0.
6

0.
8

Age

26

LCGA Vs GMM Applied To The 
Cambridge Data (Continued)
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3-class GMM and a normally 
distributed random intercept and 
a zero class

LogL = -1,067 (11 par’s)
BIC = 2,200

Age

4-class LCGA
LogL = -1,066 (16 par’s) 
BIC = 2,228
Bootstrap LRT 3 vs. 4 classes: p = 0.08

can’t reject 3 classes

– Is the late-peaking 3% class in the 4-class LCGA “real”?
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3-Class GMM With Non-Parametric
Random Intercept Distribution

3-class GMM with non-parametric random intercept distribution
logL = -1,066 (15 par’s), BIC = 2,222
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FILE IS naginordered.dat; DATA:

NAMES ARE u11 u12 u13 u14 u15 u16 u17 u18 u19 u20 u21 
c1 c2 c3 c4 c;                                             
USEVAR = u11-u21;                                          
CATEGORICAL = u11-u21;                                     
CLASSES = c(3);

VARIABLE:

TYPE = MIXTURE;
ALGORITHM = INTEGRATION;    
STARTS = 500 10; STITER = 20;

ANALYSIS:

GMM, 3 classes, 1 zero class 
ordered polytomous variables for conviction at each 
age 11-21
dep. variable 0, 1 , 2 (0, 1, or more convictions)

TITLE:

Input Three-Class GMM On 
The Cambridge Data
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%OVERALL%
i s q |  u11@-.6   u12@-.5   u13@-.4 u14@-.3 u15@-.2 
u16@-.1  u17@0   u18@.1 u19@.2 u20@.3 u21@.4;              
s-q@0; 
%c#1%
[i*2 s q];
i;
%c#2%
[i@0 s q]; 
i;
%c#3%
[u11$1-u21$1@15]; 
[u11$2-u21$2@16];
[i-q@0];
i@0;

MODEL:

TYPE = PLOT3;
SERIES = u11-u21(s);

PLOT:

RESIDUAL TECH1 TECH7 TECH8;OUTPUT:

Input Three-Class GMM On 
The Cambridge Data (Continued)
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FILE IS naginordered.dat; DATA:

NAMES ARE u11 u12 u13 u14 u15
u16 u17 u18 u19 u20
u21 c1 c2 c3 c4 c;                                        
USEV = u11-u21;                                           
CATEGORICAL = u11-u21;                                    
CLASSES = c(7);

VARIABLE:

TYPE = MIXTURE;
STARTS = 500 10; STITER = 20;

ANALYSIS:

GMM, 3 classes, 1 zero class nonparametric
ordered polytomous variables for conviction at each 
age 11-21
dep. variable 0, 1 , 2 (0, 1, or more convictions)

TITLE:

Input Three-Class GMM On The Cambridge Data 
Using A Nonparametric Approach 
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%OVERALL%
i s q |  u11@-.6   u12@-.5   u13@-.4 u14@-.3 u15@-.2 

u16@-.1  u17@0   u18@.1 u19@.2 u20@.3
u21@.4; 

%c#1% !c1ci1
[i] (a);
[s] (1);
[q] (2);

%c#2% !c1ci2
[i] (ac1);
[s] (1);
[q] (2);

%c#3% !c1ci3
[i] (ac2);
[s] (1);
[q] (2);

MODEL:

Input Three-Class GMM On The Cambridge Data 
Using A Nonparametric Approach (Continued)

32

%c#4% !c2ci1
[i@0];
[s] (3);
[q] (4);

%c#5% !c2ci2
[i] (bc1);
[s] (3);
[q] (4);

%c#6% !c2ci3
[i] (bc2);
[s] (3);
[q] (4);

%c#7%
[u11$1-u21$1@15];
[u11$2-u21$2@16];

[i-q@0];

Input Three-Class GMM On The Cambridge Data 
Using A Nonparametric Approach (Continued)
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NEW(c1*0 c2*0);
ac1 = a + c1;
ac2 = a + c2;
bc1 = c1;
bc2 = c3;

MODEL CONSTRAINT:

Input Three-Class GMM On The Cambridge Data 
Using A Nonparametric Approach (Continued)


