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studies have a prominent role in psychiatric research; however, statistical
methods for analyzing these data are rarely commensurate with the effort involved in
their acquisition. Frequently the majority of data are discarded and a simple end-point
analysis is performed. In other cases, so called repeated-measures analysis of variance
procedures are used with little regard to their restrictive and often unrealistic assumptions and the
effect of missing data on the statistical properties of their estimates. We explored the unique features
of longitudinal psychiatric data from both statistical and conceptual perspectives. We used a family
of statistical models termed random regression models that provide a more realistic approach to analysis of longitudinal psychiatric data. Random regression models provide solutions to commonly
observed problems of missing data, serial correlation, time-varying covariates, and irregular measurement occasions, and they accommodate systematic person-specific deviations from the average
time trend. Properties of these models were compared with traditional approaches at a conceptual
level. The approach was then illustrated in a new analysis of the National Institute of Mental Health
Treatment of Depression Collaborative Research Program dataset, which investigated two forms of
psychotherapy, pharmacotherapy with clinical management, and a placebo with clinical management control. Results indicated that both person-specific effects and serial correlation play major
roles in the longitudinal psychiatric response process. Ignoring either of these effects produces misleading estimates of uncertainty that form the basis of statistical tests of hypotheses.

(Arch Gen Psychiatry. 1993;50:739-750)
Longitudinal studies occupy an extremely
important role in psychiatric research. It

therefore unfortunate that the methods
by which these data are often analyzed are
not commensurate with the level of effort
involved in their collection. Psychiatric reis
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searchers are commonly faced with the di¬
lemma of what to do with all of the re¬
peated (ie, intraindividual) data collected
on the same subjects. Simple analyses make
use only of baseline data (before treat¬
ment) and posttreatment data by comput¬
ing, for instance, a change score. When drop¬
outs have occurred, an "end-point analysis"
is often conducted in which the final avail¬
able measurement is used for each subject
regardless of the length of treatment to which
that subject was exposed. Alternatively, one¬
way analyses of variance are used at each
time-point to examine subjects for whom
complete information is available; hence,
multiple comparison problems arise from
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comparing completers at various time
points of treatment (as well as from
multiple between-group compari¬

if the number of treatments is
greater than two). In some cases, the
analysis is restricted to only those pa¬
tients who complete the study, se¬
riously biasing the validity and generalizability of the resulting inferences.
sons

In rare cases, more sophisticated ap¬
proaches based on multivariate growth
curve

models1·2 are used, at the great

expense of

excluding subjects

with

missing observations.

The purpose of this article is to
consider several features of interest in
analysis of longitudinal data and to
present a general conceptual and sta¬
tistical framework by which these fea¬
tures may be taken into account so
that statistically unbiased tests of hy¬
potheses and interval estimates result.
Specifically, we consider problems of

missing data, irregularly spaced mea¬

surement occasions, correlated errors

of measurement, time varying and time
invariant covariates, and person-specific
deviations from the group level aver¬
age response trend. As an illustration,
we use these methods in a reanalysis
of the Treatment of Depression Col¬
laborative Research Program (TDCRP)

dataset.3

merely in terms of end points.
Furthermore, when correlation among

ments

the repeated observations is explicitly
modeled, the true amount of indepen¬
dent information contained in the data
is revealed. This contrasts with tradi¬
tional approaches that either ignore
the correlation completely or assume
that it is of a simplistic but often un¬
realistic form.

Conceptual Foundations—
'Subject-Specific Effects'
In the following two sections, we pro¬
vide a conceptual foundation for how
these within-subject correlations are
produced and their meaning.

Heterogeneity/Individual Differ¬
ences. One explanation for the ob¬
served correlation among repeated ob¬
servations within the same individual
is that unobservable or at least un¬

measured characteristics put each sub¬

ject at varying risk of experiencing a
ation). These characteristics repre¬

subject and dif¬
ferentiate
subject from another.
Since this underlying risk varies in
the population of subjects, repeated
observations on the same subject will
be correlated in the total sample. Re¬
peated observations would be inde¬
pendent within groups of subjects who
sent a

trait of each
one

A special feature of longitudinal data
is the level of measurement: is it the
patient or the specific measurement
occasion? As an example, the
TDCRP study involved 239 patients
who yielded a total of 875 Hamilton

Rating Scale for Depression (HRSD)

during the 4-month
period. There is a consid¬

measurements

erable difference between 875 mea¬
sures obtained from 239 subjects and
875 measurements obtained from 875

subjects (eg, 875 posttreatment change

scores). The fundamental difference
is that repeated observations within
subjects are correlated. This correla¬
tion has a profound impact on the se¬

lection of statistical methods and

power over methods that compare treat¬

particular outcome (eg, suicidal ide¬

WHAT MAKES
LONGITUDINAL DATA
SPECIAL

treatment

suiting tests of significance.4 As we will
show, this correlation is not inherently
bad. When it is properly incorporated,
we may take full advantage of all in¬
formation obtained from each subject,
thereby greatly increasing statistical

re-

share the same characteristics (con¬
ditional independence), provided that
we know these characteristics. The
greater the variability in these char¬
acteristics in the population, the
greater the heterogeneity.
As an illustration, consider the
idea of "accident proneness." Acci¬
dent proneness suggests that over
time, the presence or absence of ac¬
cidents is correlated in the popula¬
tion because some individuals have
a greater risk of accidents on any oc-
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casion. In light of this, accidents will
tend to co-occur on two occasions

frequently than expected by
chance based on the overall acci¬
dent rate. If we could identify sub¬
groups of individuals who are equally
accident prone, then within the sub¬
groups the distribution of accidents
over time would be random (ie, con¬
sistent with the base rate of acci¬
dents in this subgroup).
In the context of measuring lin¬
ear response trends over time, deal¬
ing with such heterogeneity seems
quite natural. In this case we as¬
sume that each subject has a "per¬
sonal" trend line, which may differ
from subject to subject. This assump¬
tion is more general than for repeatedmeasures analysis of variance
(ANOVA) models that assume only
"personal intercept" deviations at each
more

measurement occasion.

To summarize, heterogeneity re¬

sults when systematic but unmea¬
sured characteristics of individuals
contribute to response pattern over
time. If heterogeneity exists, as it surely
must in behavioral data, then to ig¬
nore it will produce bias in variabil¬
ity estimates and tests of treatmentrelated hypotheses.

Dependence.

State

dence exists when the
a

particular

outcome

State

depen¬

experience of
(or level of a

quantitative trait) itself changes the
probability of experiencing that event

subsequent occasions. In the pre¬
ceding accident example, the expe¬

on

a first accident may in¬
the propensity for future
accidents. In a psychiatric context,

rience of
crease

experiencing a particular psycholog¬
ical state increases one's

tendency to

experiencing that state or
Thus, symptoms will "lin¬

continue

feeling.

ger" over time. State dependence or
"symptom persistence" will result in
correlation of measurements over time.
In

longitudinal psychiatric data, we

would expect both heterogeneity and
state dependence to be responsible
for the correlation observed in re¬

peated psychiatric measurements over
time.

Ignoring state dependence will

make it appear as if there is more
independent information than there
actually is, and we will have greater
confidence in our estimates than is
warranted. This will also lead to re¬
jecting the null hypothesis of no treat¬
ment-related differences more often
than the expected nominal level (eg,
5%), when no difference exists (ie,
high false-positive or type I error rate).

Missing Observations/Dropouts

time. These conditions clearly vi¬
olate the assumptions of most, if not
all, traditional statistical methods for
longitudinal data analysis. Models that
assume more general and realistic cor¬
related error structures are clearly
needed. To ignore serial correlation
or to assume it takes a simple form
will bias the SEs of statistical esti¬
mates and produce incorrect confi¬
dence intervals and statistical tests of
over

critically important feature of lon¬
gitudinal psychiatric data is that no

Covariates/Subject and

psychiatric researcher, there invariably
will be subjects with one or more miss¬
ing measurements. Even more prob¬

In analysis of longitudinal psychiat¬
ric data, one objective is to determine

Treatment Variables

matter how careful and committed the

(ie, dropouts). Ignoring dropouts pro¬

duces biased estimates of overall treat¬
ment efficacy and corresponding sig¬
nificance tests. It is desirable to use
in the analysis as much information
available as possible on each subject.
Furthermore, the psychiatric researcher
must take great care to assure that the
assumptions of the statistical model
to be used for analysis are consistent
with the nonrandom nature of sam¬
ple attrition. This concept is more fully
examined elsewhere in this article.
Patterns of Correlation
Over Time

Statistical models vary dramatically in
terms of assumptions regarding cor¬
relation of measurements over time.
As an example, the repeated-measures
ANOVA model assumes that repeated
measurements are equally correlated
over time with constant variance. This
assumption is usually untenable for
longitudinal psychiatric data. In gen¬
eral, measurements at points close in
time tend to be more highly correlated
than measurements on occasions fur¬
ther separated in time. Furthermore,
since subjects are selected to be sim¬
ilar at baseline and subjects respond
differently to treatment, it is natural
to expect that variability will increase

multivariate growth curve models.
While the use of these methods is rea¬
sonable in certain situations, each has
limitations that restrict general appli¬
cation for longitudinal psychiatric da¬
ta.5·6 We discuss and highlight some
features of each model, emphasizing
assumptions and limitations for use
in longitudinal data analysis.

hypotheses.

A

lematic is that often missing measure¬
ments are not sporadic but are related
to early termination from the study

ANOVA, and, to a much lesser extent,

magnitude and significance of subject
and treatment variables (covariates)
that may affect overall level and rate
of response over time (for instance,
length of treatment, dosage, and psy¬
chiatric diagnosis). Since these are re¬
gression models, we use the term co¬
variates to include independent vari¬
ables that relate to the experimental
design (eg, treatment group) as well
as other predictors of response. With
appropriate analyses of longitudinal
data, we have the benefit of being able
to model covariates that are either fixed
for the entire treatment period (eg, sex
or type of treatment) or time varying,
that is, that vary over the course of
treatment (eg, drug plasma level or pres¬
ence of a significant life event). The
effect of time-varying covariates can¬
not generally be assessed with tradi¬
tional analysis methods. Nevertheless,
the use of time-varying covariates (in¬
cluding lagged effects) is enormously
valuable in evaluating temporal order¬
ing of events and, hence, indicating
possible causation. General statistical
models for longitudinal data analysis

should be able to estimate effects of
factors that do and do not vary over
time.

EXISTING METHODS

Three types of statistical methods for
analysis of longitudinal data tradition¬
ally used in psychiatric research are

end-point analysis, repeated-measures
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End-Point
A

common

Analysis

method used in

analyz¬

ing longitudinal data is termed endpoint analysis, which is a procedure that
concentrates on baseline and final mea¬
surement

periods for each individual,

ignoring all observations between these
times. Although the baseline period
is usually the same for each individ¬

ual, the end point may be determined

differently for each individual as his
or her last available

observation. Typ¬

ically, some form of difference score
is calculated from baseline and end-

point scores, and these scores are an¬

alyzed by means of a í test, or ANOVA
procedures, or analysis of covariance
is used to analyze end-point scores,
adjusted for baseline scores. In gen¬
eral, there is considerable debate con¬
cerning analysis of change scores.7"9

Missing data are not a technical prob¬

lem with end-point analysis, since it
deals with only the first and last mea¬
sured time points of an individual. There
are, however, many problems with the
end-point analysis approach. First, all
data between the first and last time
points are ignored. This is problem¬
atic, since these data can provide a much
better picture of how individuals change
over time, rather than snapshot im¬
ages of the first and last time points.
Also, since the time of last measure¬
ment can vary for each individual, time
is effectively ignored in the analysis.
With a common end point, however,
one could at least estimate the amount
of change that occurs in the common
time interval, thus providing some as¬
sessment of average rate of change over
time. However, with varying end points,
the rate of change over time cannot be
the focus, but rather the focus is the

rate of change "over treatment," which
is not well defined. As a result, between-

group comparisons can be confounded
with time, since subjects in one group
may have been assessed under a dif¬
ferent period than subjects from an¬
other group, and within each group the
period may itself be influenced by the
response of the subject to treatment.
For instance, if placebo-treated subj ects
are more likely to drop out earlier than
subjects receiving active drug, estimates
of the treatment effect will favor the
active drug even if the improvement
rate is identical. Finally, the assump¬
tion that a patient's last available mea¬
surement is identical to what would
have been the final measurement is a
tenuous assumption at best.

Repeated-Measures ANOVA
Another procedure for modeling lon¬
gitudinal data is the repeated-measures
ANOVA approach.10 In this model,
person-specific effects are random, while
effects of time and grouping factors
(eg, dosage group, sex) are typically
treated as fixed factors. This model is
also called a "mixed" model, since it
includes both fixed and random terms.
Person-specific effects are random, since
they represent deviations from the av¬
erage trend in the population. Con¬
versely, time and treatment group are
treated as fixed factors, since there is
interest in making inferences about spe¬
cific time points and treatments of the
study. Tests for specific forms of trends
over time, for example, linear or qua¬
dratic trends, can easily be accom¬
plished, and one can also test whether
different groups of subjects show dif¬
ferent time trends. Covariates that vary
across time (eg, dose) or that are con¬
stant across time (eg, age in a short
trial) can be included in this model.
Usually, due to missing data, not
all subjects are measured at all time
points, and so the analysis is "unbal¬
anced." Special care must be taken to
ensure that statistical tests of the model
are handled correctly. Also, with re¬
spect to statistical tests of treatmentrelated differences, the repeatedmeasures ANOVA model requires that

and covariances, or corre¬
lations across time points, must con¬
form to a special structure. This struc¬
ture, which is termed compound sym¬
metry, specifies that variances across
time points (or variances of differences
between all pairs of time points) are
homogeneous, as are all covariances
variances

across

time

points. Unfortunately, as

mentioned earlier, it is unlikely that this

compound symmetry structure applies
to longitudinal data, since observations
from closely aligned time points are likely
to be more correlated than those more

separated in time. Also, variances of¬
ten increase over time, for example, when
subjects are more alike at baseline than
at the end of the study, violating the
homogeneity of variance assumption.
Thus, although repeated-measures
ANOVA allows a more complete char¬
acterization of the time effect than does

end-point analysis, and uses all data,
the validity of the results depends on
satisfying restrictive and often implau¬
sible assumptions regarding variances

and covariances of the observations.
To deal with the implausibility
of the equacorrelation assumption,
many researchers11"16 have proposed
adjustments for tests of significance
based on the degree and manner to
which this assumption is violated.
These methods generally reduce the
df for statistical tests by a correction
factor determined either from the data
or the number of time points. While
these adjustments can be useful when
only correlations are heterogeneous,
they do not adjust for different vari¬
ances over time. One exception, the
Greenhouse and Geisser adjust¬
ment,13 does allow for heteroge¬
neous variances but can be ex¬
tremely conservative.17 Thus, there
may be considerable sacrifice in power
with the use of this adjustment to pro¬
tect validity of the significance level,
and larger sample sizes will be needed
to detect treatment effects.
Multivariate

Repeated-Measures Analysis
When the

compound symmetry as¬
sumption
justified, one can
cannot be
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posit a model that assumes a more gen¬
eral form for the variance-covariance
matrix, instead of correcting for the
departure from this assumption. One
such approach is to use the so-called
multivariate ANOVA for repeated mea¬
sures model.M In this model, each sub¬
ject's repeated measurements are treated
as a multivariate response vector. These
response vectors can be transformed
appropriately to test trends or other
within-subject factors. In multivari¬
ate analysis of repeated measures, vari¬
ances and covariances of measurements
can assume a general form (ie, any pat¬
tern of variances and covariances), thus
providing a more realistic and general
approach in the repeated-measures set¬
ting. Covariates can be included in mul¬
tivariate repeated-measures analysis
in the same way covariates are included
in the general multivariate ANOVA

model. An introductory-level discus¬
sion of this model is given by Hand

Taylor.18 If used when the
compound-symmetry assumption
holds, this approach is not as statis¬
tically powerful as the mixed-model
approach.19 However, when these as¬
sumptions do not hold, this approach
protects the validity of the results. Be¬
cause the multivariate approach treats
repeated measures from each subject
as a vector of dependent variables, prob¬
and

lems exist when there are missing ob¬
servations on any of these measures.
If there are a few randomly missing
observations, the researcher can use
a method of imputing missing data
points with procedures such as the

expectation-maximization algorithm.20

When missing data are nonrandom,
such imputation may invalidate results.
Thus, although the multivariate ap¬
proach solves the problem of heter¬
ogeneous residual variances and covariances, because of its reliance on
complete data across time points, its
usefulness for longitudinal psychiat¬
ric data analysis is limited.
RANDOM REGRESSION
MODELS
A more general approach to the prob¬

lem of modeling

repeated measure-

has recently been developed
through the use of models called, var¬
iously, random effects models,21·22 em¬
pirical Bayes models,23·24 hierarchical
general linear models or "multilevel"
models,25"27 and random regression
models (RRMs).28"33 These models can
allow for missing observations and
subjects measured at different time
points, as well as estimation of ran¬
dom person-specific effects. Covari¬
ates can be included in the model
and can be either time varying or in¬
variant. Additionally, recent work34·35
has extended the type of error struc¬
tures these models can allow, so that
variances and covariances can as¬
sume fairly general forms.
ments

Conceptual

Foundations

The conceptual foundation for RRMs
has been eloquently described by
Bock,28 30 and our discussion draws
much from these sources. Funda¬
mentally, the random regression ap¬
proach models changes across time
at both the population and individ¬
ual level. The ability to model personspecific trends is extremely useful in
psychiatric research, where re¬
sponse to treatment is quite individ¬
ualized. An analysis that models only
group trends across time is insuffi¬

example, repeatedanalysis reveals nothing
about the proportion of subjects who
respond positively or negatively to
treatment. Repeated-measures anal¬
cient. For

a

measures

ysis estimates average response over
time but reveals

nothing about the
range of responses in the sample. To
estimate change at the individual level,
an

appropriate estimation method is

necessary. One may fit a line (or curve)
for each subject by means of leastsquares linear regression methods and
use weighted averages of slopes.4 The
random regression approach goes be¬
yond this by using data from an in¬
dividual augmented by information
based on the population trend across
time to estimate person-specific level
time trends that are most probable

given the individual's data and the

population from which the individ-

ual was drawn. The idea is to obtain
a better estimate of the trend for an

individual, "borrowing strength" from

the information provided by other
subjects with similar characteristics.
Features of the Model

result of this approach of esti¬
mating both average time trends and
individual time trends, random re¬
gression models have several unique
features. One important feature is the
treatment of missing data. Esti¬
mated individual time trend lines (or
curves) are based on available data
for each individual, augmented by in¬
formation from data for all other in¬
dividuals in the sample. Conse¬
quently, each individual does not need
to have been measured for the same
number of time points, or even at the
same time points. The model as¬
sumes that data available for each in¬
dividual adequately represent that sub¬
ject's deviation from the estimated
group trend line (or curve) over the
time frame of the study.
This assumption may be met in
different ways. First, if data are "miss¬
ing at random" (ie, the probability of
a missing value is equal for all subjects
and occasions and these missing val¬
ues are independent within subjects),
the assumption is met. It is plausible
that some data are missing for nonsysAs

a

tematic reasons.

be

more

However, it seems to

plausible, in psychiatric re¬

search, that a moderate amount of the
missing data in a dataset results from
nonrandom sources. For instance, sub¬
out of a longitudinal
of
because
lack of improvement
study
or may be terminated from the study
because of rapid improvement. Since
dropouts due to nonimprovement are
likely to have poor scores relative to
the other subjects in their group for
the time points measured, their esti¬
mated trend lines are also likely to be
poor for the entire course of the study
relative to other subjects in their group.
The converse is true for individuals who
remove themselves, or are removed from
the study because of rapid improve¬
ment. These instances do not neces-

jects may drop
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sarily violate the assumption that each

individual's responses represent his or
her deviation from the group trend over
time. Another situation where nonrandomly missing data do not invalidate
the use of RRM is when one includes
terms into the model that can poten¬
tially adjust for missing data. Thus, one
could define subgroups of individu¬
als based on the number of weeks they
were studied, estimate a treatment ef¬
fect for each subgroup, and examine
whether these effects are consistent.
Overall, the general treatment of miss¬
ing data by RRM is extremely advan¬

tageous for psychiatric research, since
the presence of complete data for ev¬

ery subject is the exception, not the rule.
There are, however, situations where
RRM may produce biased estimates of
the effects (eg, when the deviation dur¬
ing the subject's participation in the study
is not consistent with the deviation af¬
ter

dropout).

Laird36 described missing data in

longitudinal studies as belonging to three
possible categories: missing completely
at random, and ignorable and nonignor-

able nonresponse (also see Little and
Rubin37). When the probability of nonresponse is equal across time, for ex¬

ample, missing a measurement occa¬
sion due to some unplanned event (eg,

medical illness or lost record), the data
considered missing completely at
random. When the missing data are
due to patients dropping out of the study,
however, this condition does not ap¬
ply, since if a patient drops out on oc¬
casion t, the probability of nonresponse
a

are

on

occasion t+1 is

unity.

When the probability of nonre¬
sponse (ie, a missing data point) de¬
pends on the observed data, the nonresponse mechanism is said to be ig¬
norable. This is the case that we describe
for RRM, in which the nonresponses
are determined by the sampling dis¬
tribution of the observed data. These
observed dataincludeboththe observed
clinical responses while the patient is
in the study and subject level cova¬
riates such as treatment group. For ex¬
ample, if the dropout rate is highest
in the placebo group, a model with
treatment status as a covariate will ful-

fill the condition of ignorable nonre¬

sponse (ie, nonresponse is predictable

from

treatment

status).

The final category, nonignorable
nonresponse, is produced when the
probability of nonresponse depends
on unobserved characteristics of the
individual or responses that the in¬
dividual would have made had he or
she remained in the study. In this case,
we must simultaneously predict the
observed outcomes as well as the prob¬
ability of nonresponse, perhaps by as¬
suming a nonresponse model with un¬
known parameters (ie, covariates that
predict nonresponse), which must be
estimated from the data. This third cat¬
egory leads to extremely complicated
statistical theory and computation and
requires the presence of covariates that
predict nonresponse but are indepen¬
dent of outcome. Such covariates may
not even be available.
In summary, to the extent that
patient dropout is related to treatment
status (eg, placebo) or among patients
showing poor treatment response early
in the study, covariates and/or observed
responses lead to ignorable nonre¬
sponse, and application of an RRM will
yield valid inferences. If, however, un¬
measured characteristics of the indi¬
vidual or the unobserved outcomes
themselves are required to predict nonresponse, then an RRM or any other
traditional method for the analysis of
longitudinal data will yield invalid in¬
ferences.
Another useful feature of the ran¬
dom regression approach is treatment
of covariates, that is, subject or treat¬
ment variables that may be associated
with outcome. Covariates that vary with
time (eg, dose) or that remain con¬
stant across

time

points (eg, sex) can

easily be included in the model. While

the inclusion of time-invariant cova¬
riates is not typically a problem for
repeated-measures models, the inclu¬
sion of time-varying covariates can be
problematic and confusing. For ex¬

ample, in end-point analysis, since time
is essentially removed from the anal¬

ysis, it becomes difficult if not impos¬
sible to assess the influence of a timevarying covariate on the outcome mea-

In this instance, one might
calculate a difference score for the co¬
variate and include this term in the
model, but this would not assess
whether a consistent relationship be¬
tween the outcome variable and the
covariate exists across time. This es¬
timate would thus indicate only whether
within-subject changes in the cova¬
riate are related to within-subject
changes in the outcome measure. For
the RRM, one can easily assess if an
overall relationship exists between the
covariate and the outcome measure
across time, whether this relationship
changes over time, and also whether
within-subject change in the outcome
sure.

is related to within-subject
change in the covariate.
The initial development of RRM
measure

assumed that, conditional on the ran¬
dom effects, model residuals were ho¬
mogeneous and uncorrelated across
time. As mentioned earlier, it is not
entirely plausible to assume that re¬
siduals are uncorrelated and have con¬
stant variance across
cent work has

time points. Re¬

generalized the model

to allow for various forms of autocorrelated errors.34"35 These recent de¬
velopments provide the random re¬

gression approach with a rich variety
of forms for the residual error struc¬
ture, necessary in a general model for
longitudinal data analysis. In sup¬
port of this position, the estimated
residual autocorrelation of the HRSD
scores in the TDCRP study (see the
"Illustration" section) was substan¬
tial (p=.3). This finding is of consid¬
erable significance for the psychiat¬
ric research community because it is
clear that the fundamental assump¬
tions of traditional approaches, such
as repeated-measures ANOVA and
multivariate growth curve models, are
unjustified in these data.
In addition to estimating the ef¬
fects of treatment, sex, dose, etc, at
the population level, RRM analysis es¬
timates person-specific effects. For lon¬
gitudinal data, person-specific effects
usually represent a person's trend across
the time frame of the study. For ex¬
ample, a linear trend might be ade¬
quate to represent general improve-
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ment in scores over time.

For each per¬

son, an intercept and linear slope would
be estimated in addition to overall av¬

erage intercept and linear slope in each
group and overall. The difference be¬
tween an individual trend estimate and
that subject's group estimate indicates
how an individual subject's trend dif¬
fers from the subgroup as a whole. In
the TDCRP example, the random trend
effect for the HRSD was substantial

(see the "Illustration" section), indi¬
cating considerable variability in per¬

sonal trends in the sample of subjects,
due to considerable response variance
in subjects within treatments. This re¬
sult supports the hypothesis that unobservable or unmeasured character¬
istics of the subjects put them at vary¬
ing predispositions for a positive or
negative treatment response.

Theory

of Estimation

Mathematical details of the estima¬
tion procedure are beyond the scope
of this article. In the following, we
provide a discussion of general prin¬
ciples of the estimation procedure and
guidance to the relevant literature.
Estimation of person-specific ef¬
fects in the RRM uses empirical Bayes

methods.23·24 Empirical Bayes esti¬
mates of person-specific effects are
determined from a weighted aver¬
age of two sources: a function of the
person's data, and a function of the

data from the sample as a whole. For
subjects with more information, per¬
son-specific effects are influenced more
heavily by that subject's data. Con¬
versely, when there is little informa¬
tion for a given subject, that sub¬
ject's person-specific effects are

influenced

toward the group
The empirical Bayes es¬
timator is potentially less influenced
by a few extreme values and, as such,
is a more precise estimator. In ad¬
dition to estimating each person's
trend over time, an indication of the
degree of variability around that trend
is provided. Together, personspecific effects and corresponding vari¬
ance estimates are extremely useful
in examining the time trends at an
more

mean effects.

individual level and in assessing the
need for adding covariates not in¬
cluded in the model.38 This feature
is not possible with traditional re¬
peated-measures procedures. The es¬
timate of the population variance
covariance matrix of the personspecific effects is unique to RRM.
For the estimation of the re¬
maining terms in the model, mar¬
ginal maximum likelihood methods
are recommended.28"30 It is impor¬
tant to note that marginal maximum
likelihood estimation is based on largesample assumptions, and so large sam¬
-

ple
(eg,
quired for probability values associated
sizes

with

50

or

test statistics to

more)

be

are re¬

accurate.

ILLUSTRATION
Overview

As an illustration, we reanalyzed the
HRSD data from the National Institute
of Mental Health TDCRP.3 In the de¬
sign of this study, a primary hypoth¬
esis involved the effectiveness of cog¬
nitive behavior therapy (CBT) and in¬
terpersonal psychotherapy (IPT) alone
and as compared with each other in
the treatment of outpatient depression.
The major measure of depressive symp¬
toms was a modified version of the 17item HRSD, completed by a "blind" clin¬
ical evaluator after the administration
of the Schedule for Affective Disorders
and Schizophrenia-Change Version.
As a standard reference treatment, an
imipramine plus clinical management
group (IM1-CM) was included in the
design, and, as an additional control
(particularly for the IMI-CM condition),
a placebo plus clinical management

group (PLA-CM). The primary a pri¬
ori defined statistical contrasts in this
analysis tested the null hypotheses of
(1) no difference between the two psy-

ysis done with both the 239 and the

chotherapies (IPT vs CBT); (2) no dif¬

reported

ference between the standard reference

therapy and placebo (IM1-CM vs PLA-

CM); and (3) no difference between the
two

psychotherapies considered jointly

(IPT+CBT=PSY) and the standard ref¬
erence therapy (IMI-CM). To address

questions regarding the effectiveness
of the individual psychotherapies, sep¬

arate contrasts between IPT and IMI-CM

and CBT and IMI-CM

presented
secondary analyses, along with dif¬
ferences between each of the psycho¬
therapies and PLA-CM.
As an illustration of the applica¬
are

as

tion of RRM, we estimated and tested
these a priori contrasts with the use
of all available data. To accomplish this

purpose, all subjects on whom postbaseline information was available,
whether or not they completed or were

judged adequately exposed to treat¬
ment, were included in the analysis.
To do otherwise is to risk sample bi¬

between the groups, as well as a
loss of power. Also, all the data avail¬
able for each subject were used in the
analysis, not merely the end point.
Again, to do otherwise is to sacrifice
power and useful and expensive in¬
formation. In addition, a variety of cor¬
related error structures and random
effects were examined in the analysis
of these data.
ases

Sample
While 250 subjects were random¬
ized, 239 entered treatment, and 219
were measured after baseline. Anal-

219

subjects yielded similar conclu¬

sions. Thus, only the analyses using
the entire sample of 239 patients are

herein.
Table I presents the mean
baseline HRSD scores for those pa¬
tients remaining in the study at each
time point, as well as the correspond¬
ing sample sizes. In general, pa¬
tients who dropped out had slightly
higher HRSD scores at baseline, but
this effect was consistent for all four
treatment groups. This suggests that
differential dropout between the treat¬
ments was not associated with ini¬
tial severity. What other factors may
be associated with dropout remain
unknown at this time.
Table 1 also shows that IPT had
the lowest dropout rate (23%), PLA-CM
had the highest (40%), whereas CBT
(32%) and IMI-CM (33%) were in¬
termediate and roughly the same. (These
percentages are slightly different from
those that would be calculated from
Table 1, because the week 16 entries
in the table do not include seven pa¬
tients who actually completed treat¬
ment but for whom there were no ter¬
mination HRSD scores.) It should be
noted that all subjects, whether or not
they dropped out, are included in the

following analyses.

Analytic Model
The general model posits that the in¬
dividual response of each subject can
be described by a line with intercept
(baseline response) and slope (improve¬
ment rate) that is specific to the indi¬
vidual. Analysis of these data revealed
that person-specific deviations in se-

*
Rescreening scores. HRSD indicates Hamilton Rating Scale for Depression; CBT, cognitive behavior therapy; IPT, interpersonal psychotherapy; IMI-CM,
imipramine with clinical management; and PLA-CM, placebo with clinical management.
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be incorporated in any statistically rig¬
orous modeling effort.
Results
Research Site Differences. There
significant main effects or
interactions involving the research
sites. Thus, there is no indication of
any strong differences between the
responses of patients seen at the dif¬
ferent centers, nor any indication of
different effects of the various treat¬
ments at those centers.
were no

:" PLA-CM

IMI-CM

I
0.40

0.80

" ¬
.20

1.60

2.00

2.40

p DT

""-\tpT

2.80

Loge(Weeks+l)
Figure 1. Observed Hamilton Rating Scale for Depression (HRSD) treatment group means for available
sample at each monthly measurement period. The x-axis represents time in loge(weeks+1); y-axis,
average HRSD score for patients still in the study. CBT indicates cognitive behavior therapy; IPT,
interpersonal psychotherapy; IMI-CM, imipramine with clinical management; and PLA-CM, placebo
with clinical management. The measured time points: weeks 4, 8, 12, and 16 correspond to x-axis
values of 1.61, 2.20, 2,57, and 2.83, respectively, in the scale of logs(weeks+1).

verity at baseline did not represent a sig¬
nificant component of variance, but vari¬
ation in trend was significant; hence, a
single random effect (ie, random trend
model) was used. In this case, it was found
that approximate linearity could be
achieved by using a logarithmic trans¬

formation on time (log. [weeks 4-1 ] ). Thus,
Figures 1 and 1 give the mean re¬

sponses (raw or fitted) at each time point,
graphed with time on a logarithmic scale.

However, the locations ofthe 4-, 8-, 12-,
and 16-week time points are indicated.
For purposes of clinical interpre¬
tation of results, it should be noted
that a change of 1 point on the HRSD
scale over 16 weeks corresponds to a
change in rate of improvement of 0.353,
2 points to 0.706, 3 points to 1.059,
4 points to 1.412, and 5 points to 1.765.
Figure 2 gives the mean re¬
sponses at each time point as esti¬

mated from the model fitted to the
data. Since with the fitted model, miss¬
ing data are imputed, all subjects are
included at each time point. That, with

the assumption of a linear model,
tends to smooth the response.
The analytic model on which
baseline responses (intercepts) and

improvement rate (slopes) were com¬

pared included consideration of cen¬
ter differences (<J/=2), treatment dif¬

ferences (df=3, the three contrasts
discussed herein), and a differential
improvement rate of treatment (df=3).
Further technical details can be ob¬
tained from us. However, one additional
point should be noted. It was found that
the serial correlation of errors of mea¬
surement within subjects was best de¬
scribed by first-order nonstationary au¬
toregressive errors, ie, a process in which
the patient's response at a time point is
predicted by his or her response at the
immediately previous time point, but
to a much lesser degree by the response
on the time point before that. This cor¬
relation was substantial (p=.35,P<.001).
This result suggests that serial correla¬
tion of errors in repeated measures of
response during a follow-up period must
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Treatment Differences. First, no sig¬
nificant differences were found between
the the two psychotherapies (IPT vs CBT)
(Table 2). Second, imipramine pro¬
duced a significantly faster rate of im¬
provement relative to placebo (P< .032);
the rate of improvement of IMI-CM was
1.2 units (on the HRSD) per time more

rapid than in the placebo group (see
Table 2), which equaled an average dif¬
ference of 3.4 HRSD units at week 16.
This effect can be seen in Figure 1, where
the observed raw response pattern for
IMI-CM consistently draws away from
that for PLA-CM. Figure 2 presents the
model-fitted response patterns, in which
the patterns (based on including all sub¬
jects at all times, and smoothing) are
even clearer. Third, no significant dif¬
ferences were found between the two
psychotherapies considered jointly
(IPT4-CBT=PSY) and the standard ref¬
erence

therapy (IMI-CM).

No further significant differences

among treatment groups were found,
and this is apparent in Figure 2, the
fitted response patterns. Inspection of
Figure 2 reveals that patients in the
PLA-CM group exhibited the least re¬
sponse, followed by the two psycho¬
therapies. The IMI-CM group departs
from the other trend lines early in treat¬
ment. In Figure 1, the raw response
patterns show irregular behavior in the
PLA-CM and IPT groups at 16 weeks,
with what appears to be a sharp de¬
crease in HRSD scores between 12 and
16 weeks. To aid our understanding
of this phenomenon, we redid the
analysis, omitting the 16th week

(Table 3)

The differential effect of IMI-CM
PLA-CM remained much the same
(P< .015, a difference in improvement
rate of 1.5 units per time, equal to an
average difference of 4.2 HRSD units
vs

at week

12). Now, however, a signif¬

icant difference between the two com¬

bined psychotherapy groups (PSY) and
the imipramine group (IMI-CM) was
also found (P<.013, a difference in
improvement rate of 1.3 units per time,
equal to an average difference of 3.4
HRSD units at week 12), an effect clearly
seen

in

Figure

1.

None of the

analyses provided

evidence of differential effectiveness
of the two psychotherapy groups (CBT
vs IPT) or between these groups and
the placebo groups (PLA-CM). The
estimates in Table 2 indicate that the
difference in

improvement

rate

be¬

CBT and IPT was approxi¬
0.2
mately HRSD unit per time, a dif¬
tween

ference truly clinically negligible, and
one statistically detectable only with

sample sizes perhaps 1000 times as
large as that in this study. The dif¬

ference in improvement rate be¬
tween the two combined psycho¬
therapies (PSY) and placebo (PLACM) is estimated to be approximately
0.35 HRSD unit per time, a differ¬
ence of 0.9 HRSD point during a 12week period. It would require a sam¬

improvement rate was —3.858
per unit time (P<.001). This trans¬
lates to an average change of 10.9
HRSD points during the course of the
16-week treatment period, clearly a
clinically significant change. This in¬
cludes, of course, the placebo group.

missing data appear
be reasonably consistent with the
observed values and are well differ¬
entiated between the three response
groups displayed in Table 4.
It should be noted that the model
does not simply use these missing data
values as interpolated data points and
proceed with estimating treatmentrelated effects as if the data were com¬
plete. These estimates of missing data
are a product of the model, not an
estimates of the

mean

to

Estimates of Missing Observa¬
tions. As an illustration of how RRM
treats

missing data, the empirical Bayes

estimates of several patients with miss¬
ing measurements are displayed in Ta¬
ble 4. The boldface values in Table 4
are the model estimates of the miss¬

ingredient.

COMMENT

ing data, and those values displayed
in normal

typeface are the observed
values. The estimates of the missing

In applying statistics to mental health
research data, it is important to under¬

measurements include the effects of
the overall population intercept and
trend, as well as treatment group dif¬
ferences and the random trend effect.
The first three patients in Table 4 ex¬
hibited little or no response to treat¬
ment, the next four patients exhibited
moderate response, and the final six
patients exhibited a considerable re¬
sponse to treatment. The empirical Bayes

stand complexities of the psychiatric
response process and to develop sta¬
tistical models incorporating these fea¬
tures. In the context of longitudinal psy¬
chiatric data, the RRM comes much
closer to accomplishing this objective
than do more traditional methods. Care¬
ful synthesis ofthe substantive and méth¬
odologie aspects of this problem result
in reasonable solutions.

ple size approximately 13 times as
large as that in this study to detect
such a difference reliably.

The reader should note that the
observed cross-sectional means displayed
in Figure 1 give the impression that CBT
is in fact inferior to PLA-CM through¬
out the early stages of treatment; how¬
ever, the estimated trend lines in Fig¬
ure 2 do not exhibit this characteris¬
tic. The explanation is that the estimated
trend lines in Figure 2 average trends
within individuals, whereas the means
in Figure 1 do not consider the withinsubject nature of these data. As such,
the estimated average trend lines in Fig¬
ure 2 provide a more realistic picture
of the trends experienced by the in¬
dividual patients.
It was also found that there was
an overall significant improvement
rate, ie, that, over all subjects, the

PLA-CM

IMI-CM

- -1-1-1-1-1-10.40

0.80

1.20

1.60

2.00

2.40

2.80

Loge(Weeks+1)
Figure 2. Estimated Hamilton Rating Scale for Depression (HRSD) trend lines by treatment group
using all available data for each patient. The x-axis represents time in loge(weeks+1); y-axis, average
HRSD score. CBT indicates cognitive behavior therapy; IPT, interpersonal psychotherapy; IMI-CM,
imipramine with clinical management; and PLA-CM, placebo with clinical management. The measured
time points: weeks 4, 8, 12, and 16 correspond to x-axis values of 1.61, 2.20, 2,57, and 2.83,
respectively, in the scale of log,(weeks+1).
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*N=239, weeks 0 through 16, loge(weeks+1). CBT Indicates cognitive behavior therapy; IPT, Interpersonal psychotherapy; IMI-CM, Imipramine with clinical
management; PLA-CM, placebo with clinical management; and PSY, the two psychotherapies combined (CBT and IPT).

The ideas presented herein go be¬
yond the present area of application.
Indeed, the only tenable assumption
for behavioral responses is that observed

variability in the data is due to (1)
between-subject variability explainable
by subject characteristics, (2) betweensubject variability not explainable and

therefore modeled as random, and (3)
random measurement error. This leads
one to a Bayesian view of statistical in¬
ference in which the distribution of these
"person-specific" effects is either spec¬
ified a priori or estimated empirically
from the sample of subjects (empiri¬
cal Bayes estimates). The properties of

the resulting estimates are desirable from
both statistical and substantive perspec¬
tives. Any statistical model of reality
has limitations. The RRM is no excep¬
tion. First, the statistical theory behind
the tests of significance is based on large
samples, but the typical clinical trial
is based on small samples (the TDCRP
is a notable exception). We must be
cautious in drawing statistical inferences
from smaller samples. Second, we as¬
sume subjects with missing data would
have proceeded along the same linear
trend line that they traversed while ob¬
served. This assumption may not al¬
ways be warranted. For example, sub-

jects who drop out because they have
received full treatment benefit would

probably not have continued improv¬
ing at the same rate observed during
the period in which they participated
in the study. Third, in attempting to
estimate the average trend in the sam¬

ple, we have assumed that personspecific effect(s) are roughly distributed
normally in the population. In some
cases this may not be a supportable as¬
sumption, and alternative derivations
would be required. Fourth, we have
assumed a linear model for a response
process that is only approximately lin¬
ear. Indeed, the week 16 results de-

*N=239, weeks 0 through 12, loge(weeks+1). CBT indicates cognitive behavior therapy; IPT, interpersonal psychotherapy; IMI-CM, imipramine with clinical
management; PLA-CM, placebo with clinical management; and PSY, the two psychotherapies combined (CBT and IPT).
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*PLA indicates placebo; CBT, cognitive behavior therapy; IMI, imipramine; and IPT, interpersonal psychotherapy. Entries in normal typeface are observed
values; entries in boldface type, model estimates of missing data.

part somewhat from linearity, and
higher-order terms describing curvilinearity at either the population level
or

the individual level may also be re¬

quired in general practice. Of course,

we never know

the true model, and it
is often wise to consider alternative forms.

Psychiatric research measurements

often discrete rather than contin¬
uous. For example, a suicide attempt
is a binary event that is coded 0 or 1
on each measurement occasion. The
models described herein are not ap¬
propriate for dichotomous outcome
data. Generalizations of these mod¬
els, eg, random effect probit39 and logit40 models, have been developed for
the case in which individuals are re¬
peatedly classified over time.
In the analysis of the TDCRP data
reported herein, we have incorporated
the effects of missing data, fixed co¬
variates, residual autocorrelation with
are

increasing variance (nonstationarity),

and person-specific effects (heteroge¬
The result was a clear test of the
primary hypotheses ofthe TDCRP study
without compromises due to (1) di¬
vision of the sample into multiple sub¬
sets based on completion, (2) prolif¬
eration of statistical tests and associ¬
ated type I error rates due to multiple
post hoc comparisons made on indi¬
vidual measurement occasions, or (3)
violation of the assumptions of the tra-

neity)

.

ditional models. The design and im¬
plementation of this study addressed
and attempted to resolve many of the

problems in previous psychotherapy

research. What we propose herein is
that coupling such designs with con¬
sonant statistical methods to elicit the
most valid and powerful results will
enhance the quality of future research.
The use of RRM in analyzing these
HRSD data has resulted in findings
largely in agreement with those pub¬
lished earlier. This new analysis does,
however, allow us to make a clearer
statement of some of the major find¬
ings in the TDCRP and to have more
confidence in these findings. It is abun¬
dantly clear that (1) there is at best a
very small difference between the CBT
and IPT conditions in their rate of re¬
ducing depressive symptoms; (2) the
IMI-CM condition serves as an adequate
standard reference treatment in this
study; (3) the two psychotherapies have
a slower rate of improvement than does
IMI-CM through the 12-week evalu¬
ation period, but these differences are
no longer significant at 16 weeks; and
(4) there is considerable improvement
across the 16-week course of treatment
in all groups, including PLA-CM. When
initial severity is moderate, placebo, es¬
pecially when combined with minimal
supportive therapy, can be a power¬
ful intervention, making it hard for other
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competitors to show what they can do,

large samples. The 16-week du¬
study allows the benefi¬
cial effects of psychotherapy to show
themselves, but by then improvement
even in

ration of the

in the PLA-CM group appears as well.

data,

In future analysis of the TDCRP

intend to explore the rela¬
between
baseline severity of
tionship
illness and differential response to treat¬
ment. In addition, we also intend to
examine other measures of clinical sta¬
tus by means of the same model.
At least four commercially avail¬
able software programs exist for com¬
puting RRM. The first, the BMDP5V
program,41 is available as part of the
general BMDP statistical package for
both mainframe and DOS-based per¬
sonal computers. This program is fairly
complete and takes advantage of the
extensive data handling capabilities of
the BMDP environment. The other soft¬
ware programs—ML3,42 HLM,43 and
VARCL44—are stand-alone programs
that are more suited for use on DOSbased personal computers, though avail¬
able for some types of mainframe com¬
we

puters, and

run primarily in interac¬
tive sessions with the user. The ML3
is probably the easiest of all three pro¬
grams to use (its manual is complete
and clearly written), and it has excel¬

lent data handling capabilities for a stand¬
alone statistical program. Additionally,

fit a wide variety of models,
some
models for dichotomous
including

ML3

can

outcome variables and models for data

that are both longitudinal and clustered
(individuals observed within clusters).
While HLM is more awkward to use,
it does have the ability to read data from
SYSTAT files, which allows one to take
advantage of SYSTAT data handling ca¬
pabilities before the analysis. The VARCL
includes unique features that are more
critical for analysis of clustered data than
for longitudinal data, and while both
ML3 and HLM are distributed through
software companies, VARCL is avail¬
able through its author, and as a re¬
sult, user support is not at the same
level. All of these programs were writ¬
ten by researchers with many published
articles on random-effects models, and
the manuals refer to these articles as
examples and to clarify the use of RRM.
Not surprisingly, use of the programs
is made simpler with reference to the
published articles. Features lacking in
all programs are the ability to model
autocorrelated residuals and also the
ability to provide a general model for
noncontinuous response data, in par¬

ticular, response data measured on an
ordinal scale. A general program that
includes these important features has
been developed by two of us (D.H. and
R.D.G) under a grant from the National
Institute of Mental Health Services Re¬
search Program and is now available
to the public.
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