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Abstract 

Looking at intra-individual change over time in a particular phenomenon may present 
some methodological challenges. The aim of this report was: 1. To show the effect of 
independent classification errors on the estimation of incidence and remission rates. 2. To 
show how a logitbased time-specific latent variables model can be used to model two distinct 
components of intraindividual change over time in the absence of a "gold standard", namely: 
(a) the continuity and discontinuity in the latent states over time; and (b) the strength of the 
association between the time-specific latent variables. 3. To illustrate this model using data 
on physical aggression from a representative sample of Canadian children assessed at 8-9 
years of age and then again two years later at 10-11 years of age. The results showed that 
classification errors can yield either gross under or over estimates of the true incidence and 
remission rates. Furthermore, remission was far more sensitive than incidence to 
classification errors whereas incidence varied more drastically than remission depending on 
the amount of classification errors. We found that there was no association in the region off 
the main diagonal of the transition probability matrix beyond that expected by chance alone. 
In general, the stability of a 8-9 year-old child's latent physical aggression status (i.e., low-, 
medium- or high-aggressive) did not depend on its severity. Furthermore, the likelihood of 
changing from one latent physical aggression status to another was generally equal to the one 
of changing from the latter to the former. 
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Modeling Intraindividual Change Over Time in the Absence of a “Gold Standard” 
 
While data from cross-sectional studies are useful to study change at the aggregate level 

(i.e., net or mean change) data from longitudinal studies are needed to study change at the 
individual level. Consider the situation where one is following a birth cohort of children to 
understand the development of a particular mental disorder. The following two questions are 
of special interest: 1. To what extent will disorder-free children develop the disorder during a 
specified period of time (i.e., incidence)? 2. To what extent will children who suffer from the 
disorder become disorder-free during the same period (i.e., remission)? These questions are 
important independent of the fact that the prevalence of the disorder in question could de-
crease, increase, or remained unchanged during this period. The distinction between change 
at the aggregate level and change at the individual level is not always made, however. For 
instance, in the hypothetical situation described above, a decrease in the prevalence of the 
disorder with age does not imply that there is no incidence, merely that there are fewer chil-
dren who develop the disorder for the first time than there are children who become disorder-
free during this particular period of time. In fact, the incidence can be substantial and possi-
bly represent a theoretically important aspect of the dynamic of the disorder in question. For 
example, a greater incidence among boys than girls might be responsible for the emergence 
of gender differences in the prevalence of the disorder in question (i.e., greater prevalence 
among boys). Similarly, an increase in the prevalence of the disorder with age does not imply 
that there is no remission, merely that children who become disorder-free are fewer than 
those who develop the disorder for the first time during this particular period of time. Hence, 
many different patterns of individual change can coexist within a given pattern of change at 
the aggregate level (Plewis, 1985). In addition, these questions are important whether or not 
there was a high positive or negative test-retest correlation between the repeated measures of 
the disorder. In fact, there can be substantial individual change over time despite perfect test-
retest correlation (Alder & Scher, 1994). In sum, when studying the evolution of a particular 
phenomenon over time, it is important to distinguish between the strength of the association 
between repeated measures of the phenomenon in question, change at the aggregate level, 
and intraindividual change over time. 

The first aim of this paper is to show the effect of independent classification errors on the 
estimation of incidence and remission rates. The second aim of this paper is to show how a 
logit-based time-specific latent variables model can be used to model intraindividual change 
over time in the absence of a “gold standard”. The third aim of this paper is to illustrate this 
model using data from the National Longitudinal Survey of Children and Youth where physi-
cally aggressive behaviors were assessed in a representative sample of Canadian children at 
8-9 years of age and then again two years later at 10-11 years of age. 

 
 

Classification Errors and Intraindividual Change Over Time 
 
Looking at intraindividual change over time may present some methodological chal-

lenges. Consider the situation where a less than perfectly sensitive and/or specific cutoff 
point is used to identify children who suffer from a particular mental disorder that is either 
present or absent. The cutoff point’s sensitivity refers to the probability of a randomly se-
lected disordered child in the population obtaining a score equal or above the cutoff point 
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(i.e., true positive rate). The cutoff point’s specificity refers to the probability of a randomly 
selected non-disordered child in the population obtaining a score below the cutoff point (i.e., 
true negative rate). If the cutoff point is not perfectly sensitive and/or specific the two cate-
gories of children created by this procedure, cases and non-cases, do not necessarily consti-
tute homogeneous groups of children in the population. In fact, a number of non-disordered 
children will be classified as cases (i.e., [(1 - prevalence of the disorder in the population) (1 
- specificity of the cutoff point)]); and, conversely, a number of disordered children will be 
classified as non-cases (i.e., [(prevalence of the disorder in the population)  (1 - sensitivity of 
the cutoff point)]) yielding biased estimates of the true incidence and remission (Yanagawa 
& Gladen, 1984). Table 1 illustrates the effects of classification errors for selected values of 
the true prevalence at the first time point (i.e., .10), incidence and remission, and the cutoff 
point’s sensitivity and specificity. We assumed that the cutoff point’s characteristics did not 
vary over time and that the classification errors at the two time points were independent. For 
example, in the situation where there is no intraindividual change over time (i.e., true inci-
dence = true remission = 0), the estimated incidence rate varies between .07 and .26. The 
difference between the true and the estimated remission rate is even larger with estimated 
rates above .5. Hence, remission seems affected much more than incidence by classification 
errors (especially to the lack of specificity of the cutoff point) whereas incidence seems to 
vary more drastically than remission depending on the cutoff’s characteristics (e.g., the par-
ticular mix of disordered and non-disordered children in the case and non-case groups). Note 
that independent classification errors do not always yield over estimates of the true incidence 
and remission rates (or over estimates of the number of individuals changing states over time 
for that matter). Depending on the values of the true prevalence, incidence and remission, 
and of the cutoff point’s characteristics, classification errors can either yield under or over 
estimates of the true incidence and remission rates. In sum, misclassifications can render 
hazardous the interpretation of incidence and remission estimates of a particular phenomenon 
obtained using a less that perfectly sensitive and/or specific cutoff point to categorize indi-
viduals7. 

 
 

A Time-Specific Latent Variables Model of Intraindividual Change Over Time  
 
Even if there is no “gold standard” to perfectly classify individuals, it is nevertheless pos-

sible to obtain maximum likelihood estimates of the incidence and remission of a particular 
phenomenon of interest using latent class analysis. Let us consider the situation where sev-
eral less than perfectly sensitive and/or specific symptoms, rated as either present or absent at 
two different time points, are used to identify children who suffer from a particular mental 
disorder. One latent class model for these data posits the existence of two time-specific latent 
variables denoted here as I and J. Each latent variable explains the interrelationships among 
the symptoms at a given point in time and it is assumed to have no effect on the ratings at the 

                                                                                                                             
7 In addition, classification errors are likely to produce biased estimates of the association between the same 

characteristic measured at different points in time. The impact of misclassifications on the quantitative as-
sessment of the strength of the association in a 2 x 2 table is well known, however (Cochran, 1968; Kraemer, 
1979, 1985). Misclassifications do not increase the probability of rejecting the null hypothesis of no associa-
tion when in fact it is true, but they do increase the probability accepting the null hypothesis when in fact it 
is false (see Table 1). 
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other point in time. In addition, each latent variable is made up of two latent classes; namely, 
a nondisorder (i.e., i = j = 1) and a disorder latent class (i.e., i = j = 2) with each child being 
in one, and only one, latent class. Within a given latent class the symptoms are assumed to be 
statistically independent of one another (i.e., the assumption of local independence). We can 
estimate the probability of a randomly selected child in the population being disordered at 
the first time point (i.e., πI

2; where πI

1 + πI

2 = 1). At each time point we can also estimate the 
conditional probability of any given symptom being absent (i.e., 1) among expected non-
disordered children (i.e., symptom’s specificity); and, we can estimate the conditional prob-
ability of any given symptom being present (i.e., 2) among expected disordered children (i.e., 
symptom’s sensitivity). In Figure 1, πI

A(1)|1 and πJ

A(1)|1 are symptom A’s specificity at the first 
and second time point, respectively. Note that (πI

A(1)|1 +  πI

A(2)|1) = (πJ

A(1)|1 +  πJ

A(2)|1) = 1. Simi-
larly, πI

A(2)|2 and πJ

A(2)|2 are symptom A’s sensitivity at the first and second time point, respec-
tively. Note that (πI

A(1)|2 +  πI

A(2)|2) = (πJ

A(1)|2 +  πJ

A(2)|2) = 1. Further, we can estimate the elements 
of the transition probability matrix (TPM), that is, the probabilities of making the transition 
from one state, disordered or nondisordered, to the other, nondisordered or disordered, or to 
the same state, disordered or nondisordered, respectively. The two independent probabilities 
of the TPM are: (a) the conditional probability of a randomly selected child in the population 
being disordered at the second time point given that he or she was disorder-free earlier in 
time (i.e., incidence), and (b) the conditional probability of a randomly selected child in the 
population being disorder-free at the second time point given that he or she was disordered 
earlier in time (i.e., remission). In Figure 1, π2|1 and π1|2 are the disorder’s incidence and re-
mission, respectively. Note that (π1|1 + π2|1) = (π1|2 + π2|2) = 1. Finally, we can estimate the 
odds, Θij = [π1|1 / π2|1] / [π1|2 / π2|2], that the children’s disorder states stay the same rather than 
change over the two time points. 

 
 

Modeling Two Distinct Components of Intraindividual Change Over Time 
 

This time-specific latent variables model has been described elsewhere and applied in 
different contexts (e.g., Bassi, Hagenaars, Croon & Vermunt, 2000; Collins & Wugalter, 
1992; van de Pol & Langeheine, 1990). However, it is not always clear how this model, 
when reformulated as a logit model with latent variables (Hagenaars, 1990, 1993, 1994; 
Vermunt, 1997a), can be used to model two distinct components of intraindividual change 
over time, namely: (a) the continuity and discontinuity in the latent states over time; and (b) 
the strength of the association between the time-specific latent variables. 

 
Modeling the continuity and discontinuity in the latent states over time 

 

One hypothesis of interest stipulates that the probability of changing from one latent state 
to another over time is equal to the probability of changing from the latter to the former 
(relative symmetry; Bishop, Fienberg & Holland, 1975, pp. 259-260). In the situation de-
scribed above, one can test this hypothesis by having π2|1 = π1|2. Under this conditional sym-
metry submodel, the incidence of the disorder is equal to its remission. Another hypothesis of 
interest stipulates that there is equal stability in the different latent states over time (relative 
persistence; Bishop, Fienberg & Holland, 1975, pp. 259-260). In the situation described 
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Figure 1: 
Time-specific Latent Variables Model. 

Note. πI

1 and  πI

2 refer to the probability of a randomly selected child in the population being 
nondisordered and disordered, respectively, at the first time point. πI

A(1)|1 and πJ

A(1)|1 refer to 
symptom A’s specificity at the first and second time point, respectively; πI

A(2)|2 and πJ

A(2)|2 refer 
to symptom A’s sensitivity at the first and second time point, respectively. And, similarly, for 
the other symptoms. π2|1 and π1|2 refer to the disorder’s incidence and remission, respectively. 

 
 
 

above, one can test this hypothesis by having π1|1 = π2|2. Under this equal stability submodel 
nondisordered and disordered children are equally likely to remain so during a specified 
period of time. Of course, if there are only two latent states at any given point in time, the 
conditional symmetry submodel and the equal stability submodel are equivalent. Note that 
because the marginal distribution of the latent variable at the first time point is fixed (i.e., it is 
considered an explanatory variable within a product-multinomial sampling scheme), it is not 
appropriate to test for marginal homogeneity or exact symmetry (Bishop, Fienberg & Hol-
land, 1975; Fienberg, 1980). 
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Modeling the strength of the association between the time-specific latent variables 
 

The association between two discrete ordinal variables I (i = 1, ..., I) and J (j = 1, ... , J) 
can be described in terms of a basic set of odds ratios in 2 x 2 subtables formed from adja-
cent rows (i.e., i and i + 1) and adjacent columns (i.e., j and j + 1) (Clogg & Shihadeh, 1994). 
This basic set includes a total of (I - 1) (J - 1) local odds ratios, Θij(i+1 j+1), with each odds ratio 
describing the association present in a particular region of the I x J table. Whenever I and J 
represent repeated measures of the same phenomenon it may be useful to distinguish be-
tween two different regions of the I x J table. First, the region on the main diagonal of the 
transition probability matrix (TPM) where change is occurring between adjacent latent states. 
The association in this region can be described by a subset of (I - 1) local odds ratios, Θij(i+1 

j+1), where i = j. Second, the region off the main diagonal of the TPM where some if not all 
change is occurring between non-adjacent latent states. The association in this region can be 
described by a subset of (I - 1) (I - 2) local odds ratios, Θij(i+1 j+1), where i ≠ j. One hypothesis 
of interest stipulates that the association (if any) present in the region on and off the main 
diagonal of the TPM is the same. One can test this hypothesis by constraining the (I - 1) (J - 
1) local odds ratios to be equal. Under this uniform association submodel change occurring 
in the region on the main diagonal is as predictable as change occurring in the region off the 
main diagonal of the TPM. Another hypothesis of interest stipulates that the association (if 
any) present in the region off the main diagonal of the TPM is symmetric (quasi-symmetry; 
Bishop, Fienberg & Holland, 1975, pp. 286-288). One can test this hypothesis by having 
Θij(i+1 j+1) = Θi+1 j+1(ij) for all i ≠ j. Under this symmetric association submodel change occurring 
in the region above the main diagonal is as predictable as change occurring in the region 
below the main diagonal of the TPM. A special case of this submodel occurs whenever  
Θij(i+1 j+1) = Θi+1 j+1(ij) = 1 for all i ≠ j.  Under this off diagonal, null association submodel there is 
no association in the region off the main diagonal of the TPM beyond that expected by 
chance alone. Note that this submodel is not equivalent to the quasi-independence model 
(Goodman, 1965, 1968) that is often considered for the analysis of change in discrete vari-
ables (e.g., Clogg, Eliason & Grego, 1990).  Finally, another hypothesis of interest is that the 
association (if any) present in the region on the main diagonal of the TPM is uniform. One 
can test this hypothesis by having Θij(i+1 j+1) = Θi+1 j+1(i+2 j+2) for all i = j. Under this main diagonal 
uniform association submodel change occurring between any two adjacent latent states is 
equally predictable for the different latent states. Note that the hypothesis of null association 
between the two time-specific latent variables could also be considered, but it is rarely of 
interest.  

 
 

Modeling Intraindividual Change in Physical Aggression in the Canadian  
Population of Children Between 8-9 and 10-11 Years of Age 

 
One objective of this study is to illustrate the logit-based time-specific latent variables 

model described above using data on physical aggression from a prospective population-
based survey of children between 8-9 and 10-11 years of age. More specifically, we exam-
ined the following questions: 1. How best to characterize the association between physical 
aggression at 8-9 and 10-11 years of age? Does the association vary depending on the region 
of the TPM? If so, is the association present in the region on the main diagonal of the TPM 
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uniform? And, is the association present in the region off the main diagonal of the TPM 
symmetric? If so, is it different from the one expected by chance alone? Does the association 
vary between boys and girls? 2. How best to characterize the continuity and discontinuity in 
children’s latent physical aggression status between 8-9 and 10-11 years of age? Does the 
likelihood of continuity vary depending on the child’s latent physical aggression status at 8-9 
years of age? Is there symmetry in the likelihood of discontinuity? In other words, is the 
likelihood of changing from a particular latent physical aggression status to another equal to 
the likelihood of changing from the latter to the former? 

 
 

Method 
 
Participants 

 
The National Longitudinal Survey of Children and Youth (NLSCY; NLSC project team, 

1995a; NLSCY project team, 1997a) is the first nation-wide household survey on child 
health in Canada. It was developed conjointly by Human Resources Development Canada 
and Statistics Canada. For the first data collection cycle (i.e., 1994-1995), a representative 
sample of 22,831 newborn to 11 year-old children from the 10 Canadian provinces living in 
private households were surveyed. Children living in hospitals and residential facilities for 
more than six months, on Indian reserves, and in the Yukon and Northwest Territories were 
not targeted by the survey. The children in each household were selected at random, up to a 
maximum of four children per household. A sample of 1,789 and 1,725 8-9 year-old boys 
and girls, respectively, was surveyed at the first data collection cycle. Two years later at the 
second data collection cycle (i.e., 1996-1997), 519 (497) and 520 (493) 10 (11) year-old boys 
and girls, respectively, from the original sample were surveyed. We eliminated cases with 
missing values on any of the three behavior items used to assess physical aggression (see 
below). This resulted in a loss of less than 3% of participants equally distributed between 
boys and girls and the two age groups (i.e., 8 and 9 year olds). We assumed that data were 
missing at random. In a probability sample such as the NLSCY, each child is assigned a 
longitudinal weight that stands for the number of individuals in the population that he or she 
“represents”. These weights were used to obtain unbiased estimates of the parameters of the 
logit-based time-specific latent variables model. We divided each child’s longitudinal weight 
by the mean of the weights for his or her group (e.g., 8 year-old girl) to get appropriate statis-
tical tests. In order to take into account the NLSCY’s design effect which increases the risk 
of falsely rejecting the null hypothesis we have used a conservative alpha level (i.e., α = .01). 

 
 

Instrument 
 
A number of behavior items from the NLSCY (NLSC project team, 1995b; NLSCY pro-

ject team, 1997b) can be used to assess children’s aggression. The following three behavior 
items pertaining specifically to physical aggression were chosen: (a) Gets into many fights?; 
(b) Physically attacks people?; and (c) Kicks, bites, hits other children?. These items have 
been used before to estimate the prevalence of physical aggression in the Canadian popula-
tion of 2 to 11 year-old children (Baillargeon, Tremblay & Willms, 1999). The primary 
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respondent was the person most knowledgeable about the child, which in the majority of 
cases was the mother. Each behavior item was rated using a three-point Likert scale: never or 
not true (1), sometimes or somewhat true (2), and often or very true (3). 

 
 

Maximum likelihood estimation 
 
Maximum likelihood estimates of the parameters for the different logit-based time-

specific latent variables models considered in this study were obtained using a computer 
program for the analysis of categorical data written by Jeroen K. Vermunt (1997b). This 
program is called lEM (“log-linear and event history analysis with missing data using the 
expectation maximization algorithm”) and is distributed freely. Maximum likelihood esti-
mates of the parameters of latent variables models are computed via the expectation maximi-
zation (EM) algorithm with either the iterative proportional fitting or the uni-dimensional 
Newton algorithm applied in the M step. First, we ran the EM algorithm more than 1,000 
times using different starting values and compared the different solutions to identify a global 
maximum solution (i.e., the parameter estimates that maximize the likelihood function and 
its natural log) (Clogg, 1981). Each time we let the EM algorithm iterate to full convergence 
(the minimum convergence criterion was set at .00000000001) or up to 5,000 times, which-
ever occurred first. Then, we used the parameter estimates as starting values for the different 
submodels considered in this study. The lEM-code for some logit-based time-specific latent 
variables submodels considered in this study is presented in the appendix. 

 
 

Results 
 
Table 2 presents the goodness-of-fit test statistics for the different time-specific latent 

variables models considered in this study. First, we considered a time-specific latent vari-
ables model with no restrictions on the parameter estimates. This unconstrained model as-
sumes that the ratings on the three physical aggression items can be explained by two time-
specific latent variables each made up of three latent classes: (a) a low-aggressive latent class 
whose members tend to be rated in category 1 (never or not true), (b) a medium-aggressive 
latent class whose members tend to be rated in category 2 (sometimes or somewhat true), and 
(c) a high-aggressive latent class whose members tend to be rated in category 3 (often or very 
true). In other words, it is assumed that the behavior items tend to elicit ratings in the same 
category for a given child. The value of the likelihood-ratio chi-square (L2) associated with 
this model is 1,037.03 with 2,824 degrees of freedom.8 These results suggest that a time-
specific latent variables model provides an acceptable fit to the physical aggression data.  

 
 
 

                                                                                                                             
8 Note that the Pearson chi-square (X2) suggests that this model does not fit the data, however. This is likely 

due to a relatively large number of cells with zero observed frequencies. These cells receive zero weight in 
the summary of fit the L2 provides. Note that the Cressie-Read statistic, which represents a middle ground 
with a weight (of 2/3) that is neither 1 (as in the X2) nor 0 (as in the L2) leads to the same conclusion as the 
L2. 
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Second, we considered a submodel which postulates that the association between the 
time-specific latent variables is the same for boys and girls. This homogeneous association 
submodel represents an increase of 27.26 in L2 with a corresponding increase of only 4 in the 
degrees of freedom (L2 = 1064.28 - 1037.03 = 27.26; df = 2828 - 2824 = 4; p = .00002) from 
the unconstrained model. The large increase in L2 compared to the increase in the degrees of 
freedom suggests that the association between physical aggression at 8-9 and 10-11 years of 
age is not the same for boys and girls. In other words, it appears that there are gender differ-
ences in the stability of interindividual differences in physical aggression between 8-9 and 
10-11 years of age. In turn, this implies that the continuity and discontinuity in children’s 
latent physical aggression status between 8-9 and 10-11 years of age is not the same for boys 
and girls. 

Third, we considered the uniform association submodel which postulates that the associa-
tion between the time-specific latent variables can be described using a single odds ratio (i.e., 
one for boys and one for girls). This submodel represents an increase of  27.21 in L2 with a 
corresponding increase of only 6 in the degrees of freedom (L2 =  1064.24 - 1037.03 = 27.2; 
df =  2830 - 2824 = 6; p = .0001) from the unconstrained model. This suggests that change in 
latent physical aggression status occurring in the region on the main diagonal of the TPM is 
either less or more predictable than change occurring in the region off the main diagonal.  

Fourth, we considered the symmetric association submodel and the main diagonal uni-
form association submodel. Neither the symmetric association submodel (L2 = 1039.09 - 
1037.03 = 2.07; df = 2826 - 2824 = 2; p = .36), nor the main diagonal uniform association 
submodel (L2 = 1043.92 - 1037.03 = 6.89; df = 2826 - 2824 = 2; p = .03) represents a statisti-
cally significant decrease of fit over the unconstrained model. Note, however, that a model 
that combines both types of restrictions represents a statistically significant decrease of fit 
over the unconstrained model (L2 = 1052.45 - 1037.03 =  15.42; df = 2828 - 2824 = 4; p = 
.004). Since these two submodels have the same degrees of freedom we used Akaike’s In-
formation Criterion (AIC; AIC = L2 - [2 degrees of freedom]) to compare them. The symmet-
ric association submodel has the smallest AIC value, and therefore should be preferred over 
the main diagonal uniform association submodel. These results suggest that change in latent 
physical aggression status occurring in the region above the main diagonal is as predictable 
as change occurring in the region below the main diagonal of the TPM. But, is it at all pre-
dictable? To answer this question we considered the off diagonal null association submodel 
which postulates that there is no association in the region off the main diagonal of the TPM 
beyond that expected by chance alone. This submodel represents an increase of  8.56 in L2 
with a corresponding increase of 2 in the degrees of freedom from the symmetric association 
submodel (p = .014), suggesting that change in latent physical aggression status occurring in 
the region off the main diagonal of the TPM is not predictable.9 However, because of bound-
ary parameter estimates converging to either 1 or 0 it was not possible to estimate the asso-
ciation between the time-specific latent variables under the off diagonal null association 
submodel; therefore, the results presented next will be drawn from the unconstrained model. 
 

 
 
 

                                                                                                                             
9 Note, however, that the AIC associated with the symmetric association submodel is lower than the one 

associated with the off diagonal, null association submodel. 
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Prevalence of physical aggression in the Canadian population of 8-9 year-old boys 
and girls 

  
Table 3 presents estimates of the conditional probability of a rating in category k (k = 1, 

2, 3) to behavior item j (j = A, B, C) given membership in latent class l (l = 1, 2, 3) under the 
unconstrained time-specific latent variables model. These estimates allow for a clear charac-
terization of the three latent classes. Members of the first latent class, which we shall refer to 
as low-aggressive, tend not to manifest physically aggressive behaviors. Members of the 
second latent class, which we shall refer to as medium-aggressive, tend to manifest physi-
cally aggressive behaviors on an occasional basis. Members of the third latent class, which 
we shall refer to as high-aggressive, tend to manifest physically aggressive behaviors on a 
frequent basis or at least, to show a propensity to do so that is much higher than medium-
aggressive children. Note that these estimates are not the same at 8-9 and 10-11 years of age, 
but the characterization of the three latent classes is essentially the same. The majority of 
children in the population were estimated to belong to the low-aggressive latent class at 8-9 
years of age (i.e., 69.5% of boys and 79.7% of girls). In contrast, a small but nonetheless 
substantial percentage of children were estimated to belong to the high-aggressive latent 
class at 8-9 years of age (i.e., 5.9% of boys and 2.5% of girls).10 The prevalence of physical 
aggression was higher among 8-9 year-old boys. For instance, the odds of belonging to the 
high- rather than low-aggressive latent class were 2.66 [99% confidence interval: 1.19-5.99] 
times higher among 8-9 year-old boys than girls.  

 
 

Continuity and discontinuity in children’s latent physical aggression status from  
8-9 to 10-11 years of age 

  
Table 4 presents estimates of the conditional probability of a randomly selected 10-11 

year-old child in the Canadian population belonging to the low-, medium- or high-aggressive 
latent class, given his or her latent physical aggression status at 8-9 years of age. For in-
stance, 83.7% and 69.6% of high-aggressive 8-9 year-old boys and girls, respectively, were 
estimated not to have changed status at 10-11 years of age. Hence, the majority of high-
aggressive children at 8-9 years of age were still displaying an elevated propensity to mani-
fest physically aggressive behaviors two years later.  

To compare the stability of the different latent physical aggression statuses, we consid-
ered three equal stability submodels: (a) a submodel which stipulates equal stability for low- 
and medium-aggressive, (b) a submodel which stipulates equal stability for medium- and 
high-aggressive, and (c) a submodel which stipulates equal stability for low- and high-
aggressive. For girls, none of these submodels represents a statistically significant decrease 
of fit over the unconstrained model; and moreover, each submodel has a lower AIC value 
than the unconstrained model (see Table 2). In fact, a submodel which combines all three 
submodels represents an increase of only 1.65 in L2 with a corresponding increase of 2 in the 
degrees of freedom from the unconstrained model (p = .44). Hence, the stability of the latent  
 

                                                                                                                             
10 At 8-9 years of age, the estimated proportion of medium-aggressive boys and girls in the Canadian popula-

tion was 24.6% and 17.8%, respectively. 
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physical aggression status of a randomly selected 8-9 year-old girl in the Canadian popula-
tion does not seem to depend on its severity. In contrast, for boys, both the first (L2 = 682.84 
- 642.23 = 40.61; df = 1413 - 1412 = 1; p = .000) and second (L2 = 657.67 - 642.23 = 15.44; 
df = 1413 - 1412 = 1; p = .000) (but not the third) submodels represent a statistically signifi-
cant decrease of fit over the unconstrained model, suggesting that medium-aggressive 8-9 
year-old boys are less likely to remain so two years later than their low- and high-aggressive 
counterparts (see Table 4).  

To better characterize change in children’s latent physical aggression status, we consid-
ered three conditional symmetry submodels: (a) a submodel which stipulates that the likeli-
hood of changing from low- to medium-aggressive is equal to the one of changing from 
medium- to low-aggressive, (b) a submodel which stipulates that the likelihood of changing 
from low- to high-aggressive is equal to the one of changing from high- to low-aggressive, 
and (c) a submodel which stipulates that the likelihood of changing from medium- to high-
aggressive is equal to the one of changing from high- to medium-aggressive. For girls, none 
of the two relevant submodels (the second submodel was not relevant because of boundary 
parameter estimates) represents a statistically significant decrease of fit over the uncon-
strained model; and moreover, each submodel has a lower AIC value than the unconstrained 
model (see Table 2). In fact, a conditional symmetry submodel which combines the first and 
the third submodels represents an increase of only 2.06 in L2 with a corresponding increase 
of 2 in the degrees of freedom from the unconstrained model (p = .36). These results suggest 
that for girls the likelihood of changing from one latent physical aggression status to another 
between 8-9 and 10-11 years of age is equal to the one of changing from the latter to the 
former. For boys, the first (but not the second or third)11 submodel represents a statistically 
significant decrease of fit over the unconstrained model (L2 = 683.33 - 642.23 = 41.10; df = 
1413 - 1412 = 1; p = .000), suggesting that the likelihood of a randomly selected 8-9 year-old 
medium-aggressive boy in the Canadian population becoming low-aggressive two years later 
is much higher than the one of a low-aggressive boy to become medium-aggressive during 
the same period (see Table 4). In sum, the results suggest that the development of physical 
aggression between 8-9 and 10-11 years of age can be characterized by an increase in the 
propensity to manifest physically aggressive behaviors on a frequent basis. In other words, 
because there are fewer high- than medium-aggressive 8-9 year-old children; and, in turn, 
fewer medium- than low-aggressive 8-9 year-old children, there seems to be more children in 
the Canadian population who start manifesting physically aggressive behaviors on a frequent 
basis than children who stop doing so between 8-9 and 10-11 years of age. Note, however, 
that the results suggest the inverse pattern for the propensity to manifest physically aggres-
sive behaviors on an occasional basis, at least for boys.  

 

                                                                                                                             
11 In fact, a conditional symmetry submodel that combines these two submodels represents an increase of only 

2.26 in L2 with a corresponding increase of 2 in the degrees of freedom from the unconstrained model (p = 
.32). 
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Discussion 
 
Information about intraindividual change in a particular phenomenon over time is argua-

bly the single most important piece of information coming out of a longitudinal study. For 
instance, in the field of developmental psychopathology, one is often interested to know the 
extent to which a randomly selected child in the population can develop for the first time a 
particular behavior problem over a specified period of time; or conversely, the extent to 
which a disturbed child can become problem-free (e.g., Bennett, Lipman, Racine & Offord, 
1998; Bennett et al., 1999; Bennett & Offord, 2001). However, current research strategies in 
developmental psychopathology but also in other related fields often involve categorizing 
individuals using a less than perfectly sensitive and/or specific cutoff point. Hence, classifi-
cation errors can not be totally ruled out. For example, the percentages of cases who are 
correctly classified is likely to be less than 70% in most epidemiological studies of mental 
disorders (Zarin & Earls, 1993). One aim of this paper was to show how a logit-based time-
specific latent variables model could be used to model intraindividual change in physical 
aggression in the Canadian population of children between 8-9 and 10-11 years of age.  

 
 

Methodological Discussion  
 
This section consists of a few remarks concerning the different submodels proposed in 

this paper and how they compare to other models that have been described in the vast litera-
ture on the analysis of square contingency tables having ordered categories.  

 
 

The off diagonal null association submodel 
 
The off diagonal null association submodel is different from the quasi-independence 

model (Goodman, 1965, 1968). Whereas the later is conditional on those individuals whose 
status changed over time (i.e., the main diagonal cell entries of the TPM are fitted exactly) 
the former is not. Hence, one advantage of the (more parsimonious) off diagonal null asso-
ciation submodel is that inferences can be drawn for a particular data set without having to 
ignore the main diagonal cells where a large proportion of the data are often observed. More-
over, when analyzing the association present in the region off the main diagonal of the TPM 
this model can provide a useful baseline (null model) for comparative purposes with the 
symmetric association submodel. Note that the off diagonal null association submodel is not 
a special case of the row-column association model (Goodman, 1979a; Clogg, 1982a, 
1982b); and, therefore, it can not be used to draw inferences about adjacent row and/or col-
umn categories distinguishability. On the other hand, the off diagonal null association sub-
model can provide useful information about latent status “barriers” pertaining to change from 
one latent status to another in the region on the main diagonal of the TPM. In fact, it is 
equivalent to the crossings parameter model for the full TPM including the main diagonal 
cells, a symmetric association model introduced by Goodman (1972). Hence, the greater the 
odds ratio describing the association in particular 2 x 2 subtable the region on the main di-
agonal of the TPM the larger the barrier or distance between the two adjacent latent statuses.  
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Main diagonal uniform association submodel 
 
When analyzing the association present in the region on the main diagonal of the TPM 

the main diagonal uniform association submodel can provide a useful baseline (null model). 
Moreover, it can provide useful information about latent status “inertia” pertaining to change 
from one latent status to another in the region off the main diagonal of the TPM. In fact, in 
the particular situation where the time-specific latent variables are trichotomous it is equiva-
lent to the diagonals parameter model for the full TPM including the main diagonal cells, a 
nonsymmetric association model introduced by Goodman (1972). (Otherwise, when the 
time-specific latent variables have more than three categories the diagonals parameter model 
is a special case of the main diagonal uniform association submodel.) Hence, if the odds ratio 
describing the association present in the region above the main diagonal of the TPM is larger 
(smaller) than the one describing the association present in the region below the main diago-
nal of the TPM that would suggest a greater (smaller) latent status inertia for change occur-
ring above than below the main diagonal of the TPM. 

 
 

Submodels for analyzing simultaneously the association present in both regions of 
the TPM 

 
Consider the particular submodel that consists in having the symmetric association sub-

model and the main diagonal uniform association submodel fitted simultaneously. In the 
situation where the time-specific latent variables are trichotomous this hybrid submodel is 
equivalent to Goodman (1972)’s diagonals-absolute parameter model for the full TPM in-
cluding the main diagonal cells, a symmetric association model. (Otherwise, when the time-
specific variables have more than three categories then the diagonals-absolute parameter 
model is a special case of this hybrid submodel.) Under this hybrid submodel latent status 
inertia in the region off the main diagonal of the TPM is the same whether change is occur-
ring above or below the main diagonal of the TPM. 

Consider the particular submodel that consists in having the off diagonal null association 
submodel and the main diagonal uniform association submodel fitted simultaneously. This 
hybrid submodel is equivalent to a special case of the crossings parameter model that is 
obtained when all crossing parameters are equal in magnitude (Goodman, 1979b). Under this 
submodel latent  status barrier in the region on the main diagonal of the TPM is uniform. In 
other words, the distance between any two adjacent latent statuses is the same. Other (less 
restrictive) hybrid submodels may also be of interest. For instance, one could consider a 
submodel that combines the main diagonal uniform association submodel with a  partial off 
diagonal null association submodel that applies either above or below the main diagonal of 
the TPM. 

 
 

Conditional symmetry submodel 
 
While it is not appropriate to test for exact symmetry and marginal homogeneity when 

the row/explanatory latent variable marginal needs to be fitted exactly the conditional sym-
metry submodel can nonetheless provide some useful information about (exact) asymmetry 
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and marginal inhomogeneity. Consider the situation where the time-specific latent variables 
are dichotomous. Unless the row/explanatory latent variable has a perfectly rectangular mar-
ginal distribution conditional symmetry implies that the odds that an observation will fall in 
one of the minor diagonal cell (i, j) rather than in the corresponding (j, i) cell is not equal to 
one (i.e., exact symmetry); and therefore, that there are differences in the marginal distribu-
tions of the time-specific latent variables. For instance, in the particular situation where the 
prevalence of a disorder is less than 50% conditional symmetry implies that there are fewer 
children who became disorder-free during a specified period of time than there are children 
who developed the disorder for the first time with a corresponding increase in the prevalence 
of the disorder in question over time. 

 
 

Symmetric association submodel 
 
The symmetric association submodel is different from the log-multiplicative symmetric 

association submodel (Goodman, 1979a; Clogg, 1982a, 1982b). The latter is not fitting the 
main diagonal cells exactly and therefore is more parsimonious. The difference in the likeli-
hood ratio chi-squares for the log-multiplicative submodel and the symmetric association 
submodel can be used to test the hypothesis that the former model is true under the assump-
tion that there is symmetric association (Goodman, 1979a).  

There are other models that may be congruent with this type of data where the row mar-
ginal is given (and therefore needs to be fitted exactly by the model), but are more parsimo-
nious than the association models considered in this paper. These are log-linear models for 
the analysis of the dependence of one column/response variable on a row/explanatory vari-
able where the column marginal is not fitted exactly (although the row marginal is always 
fitted exactly) (Goodman, 1983). These models would allow to model not only the associa-
tion between the time-specific latent variables but also the marginal distribution of the col-
umn/response latent variable (e.g., uniform versus truncated geometric). Incidentally, the 
uniform association submodel considered in this paper is a special case of one dependence 
model, namely, the parallel log-odds model where the adjacent rows are equally spaced 
(Goodman, 1986, 1987; for details about the relationship between dependence models and 
association models see Goodman, 1981). In fact, under the uniform association submodel the 
ratio of the odds that an observation will fall in column j rather than j + 1 in the ith row cate-
gory and the corresponding odds in the next row category is a constant. Generally, models 
for the analysis of association are a subset of models for the analysis of dependence. 

 
 

Substantive Discussion 
 
Our results show that a majority of high-aggressive children at 8-9 years of age will con-

tinue two years later to manifest physically aggressive behaviors with a propensity that is 
much higher than the one of the other children in the Canadian population. From a public 
policy perspective these results suggest that it may be possible to detect many aggressive 
children before they enter adolescence where antisocial behaviors involving physical aggres-
sion can have very serious consequences. This is especially important since serious forms of 
antisocial behavior have been found to be highly resistant to treatment in school-aged chil-
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dren and adolescents (Kazdin, 1987). In addition, the cost of violence to society is enormous 
(World Health Organization, 1999). School-aged aggressive children are at higher risk of 
alcohol and drug abuse, accidents, violent crimes, depression, suicide attempts, spouse abuse, 
and neglectful and abusive parenting (Tremblay & LeMarquand, 2001). Note that the possi-
bilities for prevention and treatment by early detection may be further improved by the iden-
tification of the factors associated with the persistence of and recovery from aggressive be-
havior over time as well as the factors associated with the development and non-development 
of aggressive behavior over time. Because the NLSCY allows to examine the natural history 
of aggressive behavior within the general population, it should provide us with a unique 
opportunity to identify these factors. 

Longitudinal studies of aggressive behavior in males and females have relied almost ex-
clusively on test-retest correlation coefficients (Olweus, 1979, 1980, 1981, 1984a, 1984b). 
One limitation of test-retest correlation coefficients is they do not directly assess intraindi-
vidual change over time but rather the consistency of interindividual differences over time 
(i.e., the stability of an individual’s relative position within a group). The proposed time-
specific latent variables model can provide a framework for describing the continuity and 
discontinuity in children’s propensity to manifest physically aggressive behaviors over time. 
This kind of information has remained concealed in the test-retest correlation coefficients 
produced by standard methods (Bergman & Magnusson, 1997; Broverman, 1962; Carlson, 
1971; Magnusson, 1985, 1995). Note that this is also the case for the semiparametric group 
based approach (Nagin, 1999) that is becoming increasingly popular for the analysis of de-
velopmental trajectories of physical aggression and other behaviors (e.g., Nagin & Tremblay, 
1999; Broidy et al., 2003). The few longitudinal studies that investigated intraindividual 
change in aggressive behavior in children over time used a cutoff point to distinguish be-
tween aggressive and non-aggressive children (e.g., Loeber, 1982 who reanalyzed Elliott & 
Huizinga’s (1980) data; Patterson, 1982 who reanalyzed Lefkowitz, Eron, Walder & Hues-
mann’s (1977) data; Loeber, Tremblay, Gagnon & Charlebois, 1989; Shaw, Gilliom & Gio-
vannelli, 2000; Tremblay, Loeber, Gagnon, Charlebois, Larivée & LeBlanc, 1991). How-
ever, because none of these studies reported the predictive value (positive or negative) of the 
cutoff point used the rates of false negative and false positive cannot be determined, and 
consequently, the impact of classification errors on their assessment of intraindividual 
change in aggressive behavior over time cannot be determined. 

Some of us have suggested that extreme antisocial behavior like physical aggression is 
due to arrested socialization (e.g., Patterson, 1982). According to this hypothesis aggressive 
children are simply children who have no grown up, have not learned not to aggress, with 
their behavior representing that which is normative for younger children. Contrary to the 
hypothesis of arrested socialization, our results suggest that the development of aggressive 
behavior during late childhood is characterized by more children learning to aggress on a 
frequent basis than learning not to. It is often believed that there is a decreasing trend in the 
prevalence of physical aggression with age (e.g., Tremblay et al., 1999; Tremblay, 2000). 
Our results suggest that while this may be the case for physically aggressive behaviors mani-
fested on an occasional basis, this is not true for physically aggressive behaviors manifested 
on a frequent basis, at least for boys. For girls, our results suggest that there is an increase not 
a decrease of both occasional and frequent physically aggressive behaviors between 8-9 and 
10-11 years of age. There is at least another implication of our results for the conceptualiza-
tion of the development of aggressive behavior during late childhood. According to Rolf 
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Loeber’s (1982; Loeber & Stouthamer-Loeber, 1998) severity hypothesis “... the more ex-
treme the antisocial behavior, the more stable it will be over time.” (p. 431). Our results show 
that the stability of a child’s latent physical aggression status is not related to its severity. In 
fact, contrary to the severity hypothesis, there seems to be a tendency such that the higher a 
child’s propensity to manifest physically aggressive behaviors, the least likely it will remain 
stable from 8-9 to 10-11 years of age. 
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Appendix 
 
lEM-code for some Time-specific Latent Variables Models presented in Table 2 
 
 

Model 3. Uniform association 
 
LEM: log-linear and event history analysis with missing data. 
Developed by Jeroen Vermunt (c), Tilburg University, The Neth-
erlands. Version 1.0 (September 18, 1997). 
* X = Latent physical aggression variable at 8-9 years of age 
* Y = Latent Physical aggression variable at 10-11 years of 
age 
* In 1994-1995 
* abecq6g:  Gets into many fights? 
* abecq6aa: Physically attacks people? 
* abecq6nn: Kicks, bites, hits other children? 
* In 1996-1997 
* bbecq6g:  Gets into many fights? 
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* bbecq6aa: Physically attacks people? 
* bbecq6nn: Kicks, bites, hits other children? 
* A = abecq6g  (i.e., 1 = never; 2 = sometimes; 3 = often) 
* B = abecq6aa (i.e., 1 = never; 2 = sometimes; 3 = often) 
* C = abecq6nn (i.e., 1 = never; 2 = sometimes; 3 = often) 
* D = bbecq6g  (i.e., 1 = never; 2 = sometimes; 3 = often) 
* E = bbecq6aa (i.e., 1 = never; 2 = sometimes; 3 = often) 
* F = bbecq6nn (i.e., 1 = never; 2 = sometimes; 3 = often) 
* G = Age (in years) of the child in 1994-1995 (i.e., 1 = 8; 2 
= 9) 
* S = Sex of the child (i.e., 1 = girl; 2 = boy) 
lat 2 
man 8 
dim 3  3  2  2  3  3  3  3  3  3 
lab X  Y  S  G  A  B  C  D  E  F    
mod GS X|S Y|XS {YS, spe(XY,1b,S,c)} 
A|XS  
B|XS 
C|XS 
D|YS  
E|YS  
F|YS 

 
 

Model 4. Symmetric association 
 
lat 2 
man 8 
dim 3  3  2  2  3  3  3  3  3  3 
lab X  Y  S  G  A  B  C  D  E  F    
mod GS X|S Y|XS {YS,fac(YXS,6)} 
A|XS  
B|XS 
C|XS 
D|YS  
E|YS  
F|YS 
des [1 0 5  
     0 0 0  
     5 0 2 
     
     3 0 6  
     0 0 0  
     6 0 4] 
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Model 5. Main diagonal uniform association 
 
lat 2 
man 8 
dim 3  3  2  2  3  3  3  3  3  3 
lab X  Y  S  G  A  B  C  D  E  F    
mod GS X|S Y|XS {YS, fac(YXS,6)} 
A|XS  
B|XS 
C|XS 
D|YS  
E|YS  
F|YS 
des [1 0 2  
     0 0 0  
     5 0 1   
 
     4 0 3  
     0 0 0  
     6 0 4] 
   
 
Model 6. Off diagonal null association 
 
lat 2 
man 8 
dim 3  3  2  2  3  3  3  3  3  3 
lab X  Y  S  G  A  B  C  D  E  F    
mod GS X|S Y|XS {YS,fac(YXS,4)} 
A|XS  
B|XS 
C|XS 
D|YS  
E|YS  
F|YS 
des [1 0 0  
     0 0 0  
     0 0 2 
     
     3 0 0  
     0 0 0  
     0 0 4] 
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Model 7. Low = medium 
 
lat 2 
man 7 
dim 3  3  2  3  3  3  3  3  3 
lab X  Y  G  A  B  C  D  E  F    
mod G X Y|X eq2 
A|X 
B|X 
C|X 
D|Y  
E|Y  
F|Y 
des [2 0 0 
     0 2 0 
     0 0 0] 

 
 

Model 10. M|L = L|M  
 

lat 2 
man 7 
dim 3  3  2  3  3  3  3  3  3 
lab X  Y  G  A  B  C  D  E  F 
mod G X Y|X eq2 
A|X 
B|X 
C|X 
D|Y 
E|Y  
F|Y 
des [0 2 0 
     2 0 0 
     0 0 0] 

 


