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Comparison of Population-Averaged and Subject-Specific Approaches for

Analyzing Repeated Binary Outcomes

Frank B. Hu, Jack Goldberg,? Donald Hedeker,?® Brian R. Flay,® and Mary Ann Pentz*

Several approaches have been proposed to model binary outcomes that arise from longitudinal studies.
Most of the approaches can be grouped into two classes: the population-averaged and subject-specific
approaches. The generalized estimating equations (GEE) method is commonly used to estimate population-
averaged effects, while random-effects logistic models can be used to estimate subject-specific effects.
However, it is not clear to many epidemiologists how these two methods relate to one another or how these
methods relate to more traditional stratified analysis and standard logistic models. The authors address these
issues in the context of a longitudinal smoking prevention trial, the Midwestern Prevention Project. In
particular, the authors compare results from stratified analysis, standard logistic models, conditional logistic
models, the GEE models, and random-effects models by analyzing a binary outcome from two and seven
repeated measurements, respectively. In the comparison, the authors focus on the interpretation of both
time-varying and time-invariant covariates under different models. Implications of these methods for epide-
miologic research are discussed. Am J Epidemiol 1998;147:694-703.
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Repeated measures designs or longitudinal studies
occupy an important role in clinical and epidemiologic
research. In a clinical trial, for example, patients may
be randomly assigned to different treatment conditions
and repeatedly classified in terms of presence or ab-
sence of clinical improvement, side effects, or specific
symptoms. Most adolescent smoking prevention trials
involve a baseline measure of smoking behaviors and
related factors, followed by an intervention program,
an immediate posttest, and several follow-up measure-
ments. This kind of design offers the opportunity to
study the time course of change and the long-term
effects of the treatment or intervention (1). It also
offers increased statistical power and robustness for
model selection (2).
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Analyses of repeated measures data need to accom-
modate the statistical dependence among the repeated
observations within subjects. For normally distributed
data, variants of the random-effects model of Laird
and Ware (3) are commonly used, and software for
estimating this class of models is now widely avail-
able, such as SAS Proc Mixed (4), BMDP5V (5),
HLM (6), and MLn (7).

Recently, several models have been proposed to
model binary outcomes that arise from repeated mea-
sures designs. Most of the models can be grouped
into two classes (8, 9): the “subject-specific” and the
“population-averaged” approaches. Random-effects
logistic models (10, 11) are commonly used to esti-
mate subject-specific effects, while the generalized
estimating equations (GEE) method of Liang and
Zeger (12) is usually used to provide population-
averaged effects.

While both the GEE and random-effects approaches
are extensions of models for independent observations
to time-dependent data, they address the problem of
time-dependency differently. Also, the regression co-
efficients or odds ratios obtained from the two ap-
proaches are numerically different, as are their inter-
pretations (8, 13, 14). Although comparisons of the
two approaches have appeared in the statistical litera-
ture (9, 15-18), there has been little research on such
comparisons that is accessible to public health re-






