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The authors aimed to characterize developmental trajectories to nighttime continence by applying two latent
class models—longitudinal latent class analysis (LLCA) and latent class growth analysis (LCGA)—to data on
nighttime bed-wetting from a population-based birth cohort, the Medical Research Council 1946 National Survey
of Health and Development cohort. Data on a binary outcome (wetting in the past month vs. not wetting) were
available for children at six ages (4, 6, 8, 9, 11, and 15 years) assessed in 1950, 1952, 1954, 1955, 1957, and
1961. For 3,272 children with complete data (62.5% of the cohort), results of sequential model comparisons (T
classes vs. T + 1 classes) and chi-square goodness-of-fit tests were evaluated using parametric bootstrapping.
At least four trajectory classes (LLCA and LCGA) were identified. Associations between class membership and
the prevalence of related measures were examined using a confirmatory latent class analysis approach. Inclusion
of 1,483 children with partially incomplete data (n = 4,755; 90.9% of the cohort) enabled the authors to refine
trajectories further: normal development (prevalence = 84.0%); delayed acquisition of bladder control (“transient”
(8.7%) and “persistent” (1.8%)), capturing primary enuresis; chronic bed-wetting (2.6%), or experiencing night
wetting until age 15 years; and a final trajectory (relapse = 2.9%) capturing secondary or onset enuresis. This
empirically based, typologic approach to analysis of extensive longitudinal data in a general population sample
provides an alternative perspective to that offered by traditional diagnostic criteria.
bladder; child development; enuresis; missing data; models, statistical; prevalence; prospective studies;
repeated measures

Abbreviations: AIC, Akaike’s Information Criterion; BIC, Bayesian Information Criterion; LCGA, latent class growth analysis;
LLCA, longitudinal latent class analysis.

Attainment of nighttime bladder control is a key developmental milestone (1), with failure being termed nocturnal
enuresis, depending upon age. Continence is normally
acquired between the ages of 4 and 6 years (2, 3), but an
important minority of children experience delays in
achieving initial success (4) or relapse after having been dry
(5). In order to understand the determinants of normal and
abnormal development, it is necessary to identify longitudinal phenotypes (6–8) from patterns of nighttime bedwetting symptoms as they evolve over time. Ideally, such

“developmental trajectories” (9) should be identified in
unselected samples that are followed prospectively from
birth to adolescence (4, 10–12). In this paper, we extend
existing research (13) on childhood nighttime bladder
control (2) by analyzing data from a 1946 British birth
cohort study (14) that has all of these features. We explored
the hypothesis of population heterogeneity in development
using two statistical models (15) for identifying trajectories,
longitudinal latent class analysis (LLCA) and latent class
growth analysis (LCGA) (9, 16, 17).
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MATERIALS AND METHODS
Study design

The sample comprised participants in the Medical
Research Council 1946 National Survey of Health and
Development (also called the 1946 British birth cohort), a
stratified sample of all singleton births occurring to married
parents in England, Scotland, and Wales during the week of
March 3–9, 1946 (14). The stratified sampling design was
based on the father’s socioeconomic status; all children in
upper social-class groups were enrolled, and one in four children from the manual-labor classes were sampled. The study
began with 5,362 subjects (n = 2,814 men), and the cohort
has been followed on 20 occasions, most recently at age 53
years in 1999. Information was collected from various
sources 10 times before the participants reached 16 years of
age; the average follow-up rate during this period was 91
percent.
A complete account of the representativeness of the
sample and of losses through death and emigration up to age
43 years appears elsewhere (18). The initial data collection
was carried out in the 1940s and 1950s before the development of modern notions of informed consent and ethical
committee approval for epidemiologic studies. Written
informed consent was obtained for later waves of datagathering when subjects were aged 36 and 43 years.
Assessments

Prospective data on nighttime bed-wetting were available
from parental assessments and medical examinations carried
out at six ages (ages 4, 6, 8, 9, 11, and 15 years) in 1950,
1952, 1954, 1955, 1957, and 1961. For the purposes of analysis, a binary outcome was formed at each age: 1 = wetting,
occasionally or more often during the past month; 0 = never
wetting. Concurrent measures of daytime wetting (sometimes wetting vs. never wetting at ages 6 and 9 years), toilet
training (age at which parent started to train the child to be
clean, age at giving up napkins (diapers)), and bowel control
(age at attaining bowel control, later bowel problems) were
available. These provided opportunities for characterizing
the trajectory groups.
Statistical framework: latent variable mixture modeling

In finite mixture models (19), it is assumed that observations made in a sample arising from a number of population
groups can be represented by an unobserved categorical variable (the latent classes). Applications to longitudinal data
have the aim of identifying subgroups in the population that
have similar patterns of change in behavior over time. In our
analysis, we assumed that there are a number of different and
unobserved trajectories to and from the attainment of nighttime bladder control that are indicated by the patterns of
observed responses to questions at the six ages (table 1).
Muthén (16, 17) has proposed a general psychometric
modeling framework for mixture modeling with categorical
observed and latent variables (framework B in Muthén (17)).
Am J Epidemiol 2003;157:834–842

TABLE 1. Nighttime bed-wetting outcomes (n = 3,272) in the
Medical Research Council 1946 National Survey of Health and
Development*
Boys
(n = 1,719)

Pattern

Girls
(n = 1,553)

No.

%

No.

%

1,362

79.2

000000

1,311

84.4

103

6.0

100000

83

5.3

39

2.3

010000

33

2.1

45

2.6

110000

18

1.2

12

0.7

001000

9

0.6

2

0.1

101000

4

0.3

8

0.5

011000

4

0.3

3

0.2

111000

9

0.6

5

0.3

000100

6

0.4

2

0.1

100100

2

0.1

2

0.1

010100

2

0.1

2

0.1

110100

2

0.1

2

0.1

001100

1

0.1

5

0.3

011100

1

0.1

8

0.5

111100

5

0.3

11

0.6

000010

9

0.6

1

0.1

100010

1

0.1

5

0.3

010010

3

0.2

110010

5

0.3

001010

3

0.2

2

0.1

011010

2

0.1

3

0.2

111010

3

0.2

6

0.3

000110

2

0.1

2

0.1

100110

1

0.1

010110

1

0.1

3

0.2

000001

4

0.3

1

0.1

100001

2

0.1

010001

1

0.1

100101

29

1.9

001101

1

0.1

2

0.1

110001

1

0.1

010101

1

0.1

011101

1

0.1

1

0.1

110110

2

0.1

001110

6

0.4

3

0.2

101110

2

0.1

2

0.1

011110

4

0.3

26

1.5

111110

10

0.6

1

0.1

000011

1

0.1

1

0.1

010011

2

0.1

011011

1

0.1

010111

1

0.1

001111

1

0.1

7

0.4

011111

2

0.1

24

1.4

111111

7

0.5

* Outcome patterns for a binary repeated measure (1 = wetting at least
occasionally during the past month, 0 = not wetting in the past month) at ages
4, 6, 8, 9, 11, and 15 years, ordered in terms of increasing prevalence of
persistent wetting.
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TABLE 2. Results of unrestricted longitudinal latent class analysis in the Medical Research Council
1946 National Survey of Health and Development (pooled sexes, n = 3,272)
Three classes
(LLCA*-3)

Sequential model comparisons (T + 1 classes vs. T classes)

Four classes
(LLCA-4)

Five classes
(LLCA-5)

3 vs. 2

4 vs. 3

5 vs. 4

Log-likelihood value for model with T + 1 classes

–3,243.605

–3,211.173

–3,201.380

Log-likelihood value for model with T classes

–3,344.440

–3,243.605

–3,211.173

–2 difference in log-likelihood

201.669

64.863

19.587

Difference in no. of parameters (T + 1 classes vs. T
classes)

7

8

8

Lo-Mendell-Rubin adjusted LRT* value

198.171

63.877

19.289

Lo-Mendell-Rubin adjusted LRT p value

<0.0001

<0.0001

0.0322

Bootstrap LRT p value

<0.01

<0.01

>0.50

Degrees of freedom

43

36

29

LRT χ2

123.588

58.725

39.138

p value

<0.0001

0.0098

0.0990

Bootstrap p value†

<0.01

0.02

0.11

Pearson χ2

132.431

49.416

35.966

p value

<0.0001

0.0674

0.1746

Bootstrap p value†

<0.01

0.10

0.40

Akaike’s Information Criterion

6,527.210

6,476.347

6,470.760

Bayesian Information Criterion

6,649.073

6,640.862

6,677.927

Sample-size-adjusted Bayesian Information Criterion

Chi-square goodness-of-fit tests

Information criterion‡

6,585.524

6,555.071

6,569.894

Entropy

0.856

0.913

0.897

Condition number§

0.120E–03

0.783E–03

0.379E–03

* LLCA, longitudinal latent class analysis; LRT, likelihood ratio test.
† Bootstrap p values were based on 200 resamples.
‡ Minimum values are shown in italic type.
§ Condition number = ratio of the largest eigenvalue to the smallest eigenvalue for the Fisher information
matrix. Small values less than 10E–09 indicate problems with model identification.

This framework includes models in which change over time
can be modeled in piecewise fashion, using LLCA, or parametrically in LCGA (20). In LLCA, the probability of
wetting at night, at each age, is estimated for each class
through unrestricted, class-specific conditional probabilities.
In LCGA, polynomial restrictions are placed on the shape of
the outcome trajectories (on a logit scale). Only LCGA takes
advantage of time-ordered outcomes. For a given number of
classes, LCGA uses fewer parameters and may offer more
parsimonious modeling. Further details are given in the
Appendix.
Our analysis was conducted in three steps.
First, we identified the number of mixture components
(latent classes) and compared LLCA models with LCGA
models. We applied LCGA with quadratic trajectories in all
classes. We used modified and parametric bootstrap likelihood ratio test statistics for sequential models (T classes vs.
T + 1 classes). We used parametric bootstrap p values for
goodness-of-fit tests (Pearson and likelihood ratio tests).
Second, we used a confirmatory approach to characterize
the trajectory groups for the best model. This involved reestimating the best model while introducing additional vari-

ables measured in the cohort as extra latent class indicators.
Here parameters for the bed-wetting outcomes were fixed at
their estimated values (from step 1); the only free parameters
were the class-specific prevalence estimates for the additional variables—for example, the proportion of children in
each class who were also wetting during the day at age 6 or
9 years.
Finally, we ascertained the population prevalence of the
developmental trajectories in a model that included all
cohort members with at least one measure of night wetting.
This made maximum use of data from children with partially
incomplete (missing) data and increased statistical power for
detecting and differentiating between developmental trajectories.
To implement this analysis, we used a weighted likelihood
approach to account for the differential sampling of social
classes and introduced inverse probability weights to
account for the survey design. In this model, we assumed
that the missingness mechanism was “missing at random,” in
the terminology of Little and Rubin (21), and we included
sex in the model to increase the likely validity of this
assumption. Chi-square tests for the unrestricted latent class
Am J Epidemiol 2003;157:834–842
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TABLE 3. Results of polynomial restricted (all quadratic) latent class growth analysis in the Medical
Research Council 1946 National Survey of Health and Development (pooled sexes, n = 3,272)
Three classes
(LCGA*-3)

Sequential model comparisons (T + 1 classes vs. T classes)

Four classes
(LCGA-4)

3 vs. 2

4 vs. 3

Log-likelihood value for model with T + 1 classes

–3,284.962

–3,229.219

Log-likelihood value for model with T classes

–3,363.384

–3,278.365

–2 difference in log-likelihood

156.844

98.292

Difference in no. of parameters

3

3

Lo-Mendell-Rubin adjusted LRT* value

150.640

94.404

Lo-Mendell-Rubin adjusted LRT p value

<0.0001

<0.0001

Bootstrap LRT p value‡

<0.01

<0.01

Degrees of freedom

53

49

LRT χ2

206.303

94.815

p value

<0.0001

0.0001

Bootstrap p value‡

<0.01

<0.01

Pearson χ2

244.633

78.531

p value

<0.0001

0.0047

Bootstrap p value‡

<0.01

0.07

Akaike’s Information Criterion

6,589.925

6,486.437

Bayesian Information Criterion

6,650.856

6,571.741

Sample-size-adjusted Bayesian Information Criterion

Five classes†
(LCGA-4)

Chi-square goodness-of-fit tests

Information criterion§

6,619.082

6,527.257

Condition number

0.909E–08

0.215E–07

Entropy

0.928

0.922

* LCGA, latent class growth analysis; LRT, likelihood ratio test.
† For the five-class latent class growth analysis, the condition number (the ratio of the largest eigenvalue to the
smallest eigenvalue for the Fisher information matrix) was <10E–09, indicating problems with model identification.
Satisfactory convergence was not achieved because of a nonpositive definite Fisher information matrix.
‡ Bootstrap p values were based on 200 resamples.
§ Minimum values are shown in italic type.

model were conducted to evaluate whether more restrictive
assumptions—those of “missing completely at random”—
were also met (see Little and Rubin (21), pp. 192–3).
All models were estimated using maximum likelihood
methods based on the expectation maximization algorithm
(22) implemented in Mplus, version 2.12 (23). For LLCA,
we used LatentGOLD software (24) to implement repeated
runs from 1,000 random starting values to ensure that a true
maximum likelihood solution had been reached (not a local
minimum).
Model evaluation

Goodness of fit. The asymptotic properties of conventional chi-square tests for goodness of fit are often violated
for the sparse, multiway cross-tabulations that arise in epidemiologic studies. In these circumstances, standard chisquare tests cannot be relied on uncritically.
Choosing the number of latent classes. Chi-square difference tests based on the maximized log likelihood are not
appropriate for likelihood ratio test comparisons of models
Am J Epidemiol 2003;157:834–842

with higher numbers of classes, since the regularity conditions required for the conventional likelihood ratio test
statistic do not hold.
These problems can be overcome with a Monte Carlo
simulation approach (25), which can generate an empirical
distribution for measures of fit. We used parametric bootstrapping to test the fit of LLCA and LCGA to the data (26,
27) and to compare sequential models with T versus T + 1
classes (recommended by McLachlan and Peel (19)).
For chi-square goodness-of-fit tests, this procedure
involved generating a large number of random samples of
size 3,272 simulated from the estimated model, treating the
estimates as if they were population values. The proportion
of chi-square values greater than that observed represents an
approximate bootstrap p value. For sequential model tests of
T versus T + 1 classes using the likelihood ratio test statistic,
this approach involved estimating two models for each bootstrap sample.
We implemented parametric bootstrapping using the
Monte Carlo procedures in Mplus and batch processing
facilities executed under MS-DOS.
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TABLE 4. Parameter estimates from the four-class longitudinal latent class analysis model (n = 3,272; 60.5% of the cohort) in the
Medical Research Council 1946 National Survey of Health and Development
Trajectory class
Normal

Persistent

Chronic

Onset

Estimate

SE*

Estimate

SE

Estimate

SE

Estimate

SE

Crude

0.876

0.013

0.065

0.015

0.032

0.002

0.025

0.006

General population†

0.881

Prevalence

Class-specific conditional probability

0.064

0.038

0.017

0.057

0.006

0.557

0.104

0.832

0.058

0.112

0.082

0.007

0.006

0.732

0.116

0.961

0.035

0.324

0.105

0.005

0.002

0.161

0.040

0.994

0.027

0.481

0.107

0.002

0.001

0.069

0.029

0.937

0.041

0.516

0.109

0.004

0.002

0.036

0.026

0.856

0.046

0.674

0.128

0.002

0.001

0.033

0.017

0.396

0.056

0.144

0.059

Average latent class assignment probability
conditional on assignment by maximum
probability rule‡
Assigned latent trajectory class
Normal

0.976§

0.017

0.000

0.006

Persistent

0.098

0.859¶

0.002

0.038

Chronic

0.000

0.021

0.916§

0.062

Onset

0.008

0.103

0.068

0.819¶

* SE, standard error. All standard errors are bootstrap standard errors based on 3,000 resamples.
† General population estimates are weighted estimates based on the prevalence of the assigned classes. Weights were derived from the inverse of the sampling
fractions.
‡ Children were assigned to the latent trajectory classes for which the posterior probability of latent class membership was highest. High values on the leading
diagonal are indicative of good separation of the latent classes and reflect the quality of the empirical classification.
§ The mean “Normal” trajectory class assignment probability for the 87.6% of the sample in the first latent trajectory class was very high (0.976); this was also the
case (0.916) for the “Chronic” class.
¶ The classes defined by trajectories of increasing (Onset) or decreasing (Persistent) probability of night wetting were less well discriminated (0.819 and 0.859,
respectively). This pattern indicates that those classified in trajectory class 2, Persistent, also had nonzero probabilities for membership in trajectory class 1, Normal.
Similarly, those classified in trajectory class 4, Onset, also had nonzero probabilities for membership in trajectory classes 2, Persistent, and 3, Chronic. In general, all
of the off-diagonal elements were very low, indicating well-separated classes (entropy statistic = 0.913).

Adjusted likelihood ratio tests concerning the number of
classes. Lo et al. (28) recently proposed modifications to

the likelihood ratio test (the Lo-Mendell-Rubin method) that
adjust the conventional likelihood ratio test for T versus T +
1 classes for violation of regularity conditions. Muthén has
suggested their appropriateness for mixture models for
longitudinal data (LLCA and LCGA) (B. Muthén, personal
communication, University of California, Los Angeles,
2002; Mplus version 2.12, TECH 12 option). We report the
results of conventional and adjusted likelihood ratio tests to
evaluate a hypothesis regarding number of classes.
An alternative approach (29) to determining the best
model that combines goodness of fit and parsimony seeks
minimum values for information criteria (30). We report
values for Akaike’s Information Criterion (AIC), Schwarz’s
Bayesian Information Criterion (BIC), and a sample-sizeadjusted BIC (30):
AIC = –2 log likelihood + 2r;
BIC = –2 log likelihood + r ln n,
where r is the number of free model parameters and n is the
sample size. The sample-size-adjusted BIC uses n* = (n +
2)/24 in place of n. Yang (31) provided support for use of the

sample-size-adjusted BIC when comparing latent class
models in a psychometric context. Lin and Dayton (29)
suggested that AIC may be more appropriate than BIC for
more complex models.
The quality of the resulting classification can be evaluated
in terms of the separation of the latent classes and is usually
summarized using an entropy measure (24, 32) based on the
posterior class membership probabilities (23). Entropy
measures capture how well it is possible to predict class
membership given the observed bed-wetting outcomes.
Values range from 0 to 1, and high values are preferred.
A final consideration for model fit was the magnitude of
the residuals for the two-way margins which show the deviation of observed-from-model estimated (expected) frequencies (33).
RESULTS

Table 1 shows the longitudinal nighttime bed-wetting
outcomes for cohort members with complete data, stratified
by sex.
Am J Epidemiol 2003;157:834–842
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TABLE 5. Characteristics of the trajectory classes from the four-class longitudinal latent class analysis model (n = 3,272) in the
Medical Research Council 1946 National Survey of Health and Development: prevalence of concurrent measures estimated using
confirmatory latent class analysis*
Trajectory class
Normal

Persistent

%

95% CI†

%

Any daytime wetting at age 6 years

0.7

0.1, 1.0

11.9

7.0, 16.8

Any daytime wetting at age 9 years

0.1

0.0, 0.3

0.1

Parent started to train child to be clean from birth

65.1

63.3, 66.8

Giving up napkins (diapers) earlier than age 20 months

66.3

Attaining bowel control within the first or second year of
life
Later bowel problems
Taking child to the bathroom before parents go to bed
at age 4 years

95% CI

Chronic
%

Onset

95% CI

%

95% CI

16.2

8.8, 23.6

8.6

1.0, 16.2

0.0, 1.4

6.0

1.3, 10.7

4.4

0.0, 10.1

57.7

49.5, 65.8

63.7

53.8, 73.6

62.2

48.6, 75.8

64.5, 68.1

50.4

42.2, 58.7

47.0

36.6, 57.5

57.6

43.7, 71.6

16.2

14.8, 17.6

23.9

16.8, 30.9

29.9

20.6, 39.3

31.3

18.6, 44.1

2.9

2.2, 3.5

10.9

6.1, 15.8

9.1

16.4, 23.8

1.2

0.0, 5.8

34.7

32.9, 36.5

26.0

18.6, 33.4

20.7

12.3, 29.1

53.9

39.9, 67.9

* Comparisons in prevalence between classes were performed using likelihood ratio chi-square tests for equality of proportions across classes (omnibus tests; all
degrees of freedom = 3). Omnibus tests indicated significant differences between classes in prevalence for all concurrent measures except age at starting to train
child to be clean.
† CI, confidence interval.

Step 1: LLCA versus LCGA

Tables 2 and 3 summarize the results of LLCA and LCGA.
For the LCGA model with five classes, convergence was not
achieved. The LCGA model with four classes returned a
bootstrap p value greater than 0.05 for the Pearson chisquare test (p = 0.07) but less than 0.01 for the likelihood
ratio goodness-of-fit test. The LLCA model with four classes
returned a bootstrap p value greater than 0.01 for both the
Pearson (p = 0.10) and likelihood ratio (p = 0.02) chi-square
tests. In all cases, p values from the parametric bootstrap
were higher (less likely to reject the null hypothesis (H0)),
indicating bias of conventional values against the null
hypothesis. The bootstrap p value for the sequential model
likelihood ratio test (comparison of a four-class LLCA
(LLCA-4) with a five-class LLCA (LLCA-5)) returned a
nonsignificant result (p > 0.50). The Lo-Mendell-Rubin
adjusted likelihood ratio test comparing T classes with T + 1
classes returned a marginal result (p values between 0.01 and
0.05), proving some support for a five-class LLCA. Model
identification was also stronger (higher condition numbers)
for the LLCA than for the LCGA. Condition numbers are the
ratio of the smallest eigenvalues to the largest eigenvalues in
the information matrix.
Although it was less parsimonious than the LCGA, the
four-class LLCA could not be rejected by either goodnessof-fit test and, importantly, it resulted in fewer convergence
failures during model reestimation in the bootstrap samples.
The failure rate was less than 5 percent for the four-class
LLCA versus greater than 30 percent for the four-class
LCGA. This indicated greater model stability for LLCA.
Although a minimum BIC or sample-size-adjusted BIC
strategy would have indicated the four-class LCGA, we
selected the four-class LLCA model as the best model on the
basis of its fit and stability.
Table 4 shows the parameter estimates for the four-class
LLCA, with standard errors estimated from 3,000 bootstrap
samples. Table 4 also shows the separation of the estimated
Am J Epidemiol 2003;157:834–842

classes (entropy statistic = 0.913). Classification accuracy
can be gauged from the high diagonal and low off-diagonal
elements in the assignment matrix.
Step 2: characteristics of the trajectory classes

Confirmatory LLCA models examined associations
between developmental trajectories and other variables in
the cohort (table 5). Likelihood ratio tests indicated significant differences in the prevalence of concurrent measures
between the four classes on all but one measure.
Step 3: inclusion of missing data

The inclusion of partially incomplete data increased the
analysis sample by 1,478 children (from 62.5 percent of the
cohort to 90.9 percent), providing even greater power for
characterizing population heterogeneity in development of
nighttime bladder control. Two LLCA models were
constructed: a four-class model and a five-class model.
Model selection when missing data are included relies on
information criteria, since bootstrapping cannot imitate the
missingness mechanism (LLCA-4: AIC = 15,750.371, BIC =
15,950.846, sample-size-adjusted BIC = 15,852.340; LLCA5: AIC = 15,718.244, BIC = 15,970.456, sample-sizeadjusted BIC = 15,846.528). A minimum AIC or samplesize-adjusted BIC strategy selected a five-class LLCA.
Entropy statistics remained high (LLCA-5: 0.861; LLCA-4:
0.881), indicating that classes were still well separated.
Figure 1 profiles the results for the five-class LLCA. In
addition to “normal” development (prevalence = 84.0
percent), two trajectories described delays in acquisition of
bladder control (“transient” = 8.7 percent and “persistent” =
1.8 percent), capturing primary enuresis. A “chronic” class
of children experienced night wetting through age 15 years
(2.6 percent). A final trajectory described relapse after initial
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FIGURE 1. Five-class unrestricted longitudinal latent class analysis model† for repeated, binary nighttime bed-wetting outcomes at six ages
(ages 4, 6, 8, 9, 11, and 15 years) in the Medical Research Council 1946 National Survey of Health and Development, including partially incomplete data‡ under the “missing at random” assumption (n = 4,755; 90.9% of the cohort§). (†The model included sex as a seventh indicator of the
latent classes. ††This analysis is valid under a “missing at random” assumption; sex was included in the model to increase the likely validity of
this assumption. Chi-square tests (Pearson and likelihood ratio) for the more restrictive “missing completely at random” assumption returned
nonsignificant p values (p > 0.90) only when sex was included. §Prevalence estimates apply to an unselected, general population (inverse of
sampling fractions included as weights in the model).)

success (relapsing = 2.9 percent), capturing secondary
enuresis.
DISCUSSION

The developmental trajectories characterized in our typologic approach to the development of nighttime bladder
control had clinical face validity in terms of current diagnostic conceptualizations of primary and secondary enuresis,
and were further distinguished in terms of the concurrent
factors we examined.
These results demonstrate the power of latent class analyses of longitudinal data to identify otherwise unobserved
trajectory classes in epidemiologic data. Together, these
unrestricted (LLCA) and restricted (LCGA) latent class
models allow flexible modeling of developmental trajectories—capturing either curvilinear or discontinuous development.
In this domain of application, both models (LLCA and
LCGA) provided evidence of at least four distinct types of
developmental heterogeneity. As empirically defined longitudinal phenotypes, these developmental trajectories may be
used as either independent variables or dependent variables
in studies of the causes, associations, and outcomes of these
phenomena. In this context, it would seem prudent for us to
compare four- and five-class solutions when exploring antecedents or consequences, since the existence of a single best

model could not be conclusively established from our results
(when missing data were included).
We adopted a confirmatory approach to model validation to
avoid the limitations of two-stage approaches in which individuals are classified and regression analyses are then performed
(assuming that the latent classification is an observed variable
measured without error). This approach is known to be statistically inefficient and should be avoided where possible. Within
the confirmatory modeling approach, it is a natural extension
for researchers in subsequent investigations in this cohort to
further define these trajectories in relation to other life course
outcomes. We plan to consider continence outcomes in later
life, other early indices of child development, and psychiatric
morbidity (affective illness) captured by mental health assessments at ages 36 and 43 years.
In this paper, we have discussed the main methodological
considerations. When applied to binary repeated measures of
nighttime bladder control, LLCA provided a marginally
better fit than quadratic LCGA and, importantly, resulted in
a more stable model. Other applications may capitalize on
the parsimony of LCGA. Further model differentiation may
be possible by combining the features of LLCA and LCGA
in models that consider some classes parameterized as
growth curves and others estimated piecewise. Such a model
is a development of the current modeling framework (18) but
remains to be pursued in further research.
Am J Epidemiol 2003;157:834–842
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Our use of a parametric bootstrap approach to support
model evaluation (goodness of fit) and comparison (sequential tests) offers an advance over heuristic methods such as
those based on information criteria, and it may also be more
reliable than adjusted likelihood ratio tests under small
sample sizes. These issues can be usefully addressed in
subsequent Monte Carlo simulation studies based on the
characteristics of these data or other epidemiologic samples.
With regard to the comprehensive modeling framework
outlined in the Appendix, we have not considered the introduction of covariates (although, in our characterization of the
trajectory classes, we estimated models with sex as an indicator
of the latent classes). In subsequent analyses, it may be more
logical to introduce concomitant variables measured prior to
the developmental data as covariates that predict class
memberships. This approach has the potential to identify the
determinants of the observed developmental heterogeneity.
Alternatively, indicators of the classes may be considered
distal outcomes of the developmental trajectories that we have
identified. Finally, we highlight the potential for applications to
ordered polytomous outcomes, but we caution that in epidemiologic samples this may result in sparse cross-tabulations
requiring appropriate recoding of categorical measures.
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P(u = 1|c, x) = 1 – (1/(1 + e–(τ–u* ))).

APPENDIX

(8)

For example, the higher the τ, the higher u* needs to be to
exceed it, and the lower the probability of u = 1.

General Modeling Framework
Latent variable mixture models for categorical data
(Muthén framework B)

Latent class analysis

Let u denote categorical observed variables. Let x denote
categorical or continuous covariates. Let c denote a latent
categorical variable with K classes, ci = (ci1, ci2, …, ciK)′,
where cik = 1 if an individual i belongs to class k and zero
otherwise. The model has two parts: c related to x and u
related to c. c is related to x by multinomial logistic regression using the K – 1 dimensional parameter vector of logit
intercepts αc and the (K – 1) × q parameter matrix of logit
slopes Γc, where, for k = 1, 2, …, K

In traditional latent class analysis, the variables of u may
be binary, ordered polytomous, or unordered polytomous.
Under the conditional independence specification, the joint
probability of all u’s is
P ( u 1, u 2, …, u r ) =
(9)

∑k = 1 P ( c = k )P ( u 1 c = k )P ( u 2 c = k ) … P ( ur c = k ).
K

α c + γ′c x i

k
e k
-,
P ( c ik = 1 x i ) = ----------------------------K

∑e

(1)

αc + γ′ c x i
j

j

j=1

where the last class is a reference class with coefficients
standardized to zero, αcK = 0, γck = 0. For u, conditional independence is assumed given ci and xi,
P(ui1, ui2, …uir |ci, xi)P(ui2 |ci, xi) ... P(uir |ci, xi).

(2)

The categorical variable uij (j = 1, 2, …, r) with Sj ordered
categories follows an ordered polytomous logistic regression
(proportional odds model), where, for categories s = 0, 1, 2,
…, Sj – 1 and τj,k,0 = –∞, τ j ,k ,Sj = ∞ ,
uij = s, if τj,k,s < u*ij ≤ τj,k,s+1,

(3)

P(uij = s|ci, xi) = Fs+1(u*ij) – Fs(u*ij),

(4)

Fs(u*) = 1/(1 + e

– ( τ s – u∗ )

,

(5)

where for u*i = (u*1i, u*2i, …, u*fi)′, ηui = (ηu1i, ηu2i, …, ηufi)′,
and conditional on class k,
u*i = Λuk ηui + Κuk xi
and

ηui = αuk + Γuk xi,

(6)
(7)

where Λuk is an r × f logit parameter matrix varying across
the K classes, Κuk is an r × q logit parameter matrix varying
across the K classes, αuk is an f × 1 logit parameter vector
varying across the K classes, and Γuk is an f × q logit parameter matrix varying across the K classes. The thresholds may
be stacked in the Σrj=1(Sj – 1) × 1 vectors τk varying across the
K classes. Equation 6 does not include intercept terms given
the presence of the τ parameters, and τ parameters have
opposite signs than u* in equation 6 because of their interpretation as thresholds or cutpoints that a latent continuous
response variable u* exceeds or falls below. With a binary u
scored as 0 versus 1, equation 4 leads to

The distribution of the categorical latent variable (the
latent class sizes) is represented by P(c = k), which is
expressed in terms of the logit parameters αck in equation 1.
The conditional u probabilities are expressed via logit
parameters in line with equation 6, where, for a binary u,
logit = –τk for class k, that is, the u* part of equation 6 is not
needed. Posterior probabilities for each individual belonging
to all classes can be computed by Bayes’ formula:
P(c = k|u1, u2 …, ur) =
P(c = k), P(u1|c = k), P(u2|c = k)…
P(ur|c = k)/P(u1, u2…, ur).

(10)

Latent class growth analysis

In Muthén’s general modeling framework, latent class
growth analysis requires the introduction of a continuous
latent variable ηu. For a single outcome at each time point u*i =
(ui1, ui2, …, uit, …, uiT )′, a second-order polynomial
(quadratic) growth model corresponds to u*it = η0i + η1i at +
η2i at2, where at and at2 are fixed time scores represented in Λu,

Λ uk =

1

0

0

1

1

1

…

..

..

1

T – 1 (T – 1)

(11)
2

where T is the number of time periods. Here ηu contains an
intercept, a linear slope, and quadratic growth factors with
differences across classes captured in αuk and Γuk xi of equation
7. Conditional on x, there is zero within-class variation across
individuals. Across-time and across-class measurement invariance for the categorical outcomes is imposed by a threshold
specification (only one threshold per outcome if the repeated
measure is binary). In equation 6, the α mean of the intercept
growth factor η0i for the first class is fixed at zero for identification purposes. The mean of the intercept and all other growth
factors are free to be estimated in the remaining classes.
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