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SUMMARY

A mixed-e�ects propensity adjustment is described that can reduce bias in longitudinal studies involving
non-equivalent comparison groups. There are two stages in this data analytic strategy. First, a model
of propensity for treatment intensity examines variables that distinguish among subjects who receive
various ordered doses of treatment across time using mixed-e�ects ordinal logistic regression. Second,
the e�ectiveness model examines multiple times until recurrence to compare the ordered doses using a
mixed-e�ects grouped-time survival model. E�ectiveness analyses are initially strati�ed by propensity
quintile. Then the quintile-speci�c results are pooled, assuming that there is not a propensity× treatment
interaction. A Monte Carlo simulation study compares bias reduction in fully speci�ed propensity model
relative to misspeci�ed models. In addition, type I error rate and statistical power are examined. The
approach is illustrated by applying it to a longitudinal, observational study of maintenance treatment of
major depression. Copyright ? 2005 John Wiley & Sons, Ltd.
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1. INTRODUCTION

An observational study of treatment e�ectiveness is typically challenged by non-equivalent
comparison groups. That is, when subjects are not randomized to a treatment, there are se-
lection biases that contribute to outcome. In clinical settings, for instance, patients who receive
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the most intensive dose of an antidepressant are likely to be the most severely ill; whereas
those receiving lower doses tend to be less severely ill. An unadjusted analysis would likely
conclude that higher doses are less e�ective. This is because the factors that contribute to
choice of treatment are confounds in that they are also associated with outcome. In addition,
there are other fundamental aspects of observational data that complicate the treatment e�ec-
tiveness analyses. For example, neither the dose nor the duration of treatment is determined
by the investigator. Moreover, a longitudinal observational study will likely have repeated
measures on each subject.
The propensity adjustment is a general approach to reduce the e�ects of confounding vari-

ables on e�ectiveness analyses [1] that can be implemented through matching, subclassi�ca-
tion, or covariance adjustment. In an e�ort to apply the propensity strategy to longitudinal,
observational studies, we proposed a dynamic adaptation of the propensity adjustment for
ordinal doses [2, 3]. It is a two-stage, mixed-e�ects data analytic strategy that includes a
model of propensity for treatment intensity and a model of treatment e�ectiveness. In stage
one, the propensity model examines repeated measures of ordinal treatment doses over time.
The model can incorporate multiple treatment intervals per subject and variations in both
within-subject treatment intensity and within-subject propensity for treatment intensity during
the course of the study. In stage two, the treatment e�ectiveness model examines time from
the start of each treatment until relapse. The mixed-e�ects framework accounts for the corre-
lated within-subject relapse times, which correspond to the successive within-subject treatment
intervals.
Our initial implementation of the propensity score with longitudinal data involved covari-

ate adjustment that incorporated four vectors to represent the propensity quintiles [2]. We
have since applied the approach with analyses that were strati�ed by propensity quintile [3]
and subsequently examined type I error, statistical power and bias of the quintile-strati�ed
approach [4]. We now focus on bias reduction from the mixed-e�ects propensity adjustment.
Initially, this article describes the longitudinal model of propensity for treatment intensity. We
then discuss a mixed-e�ects treatment e�ectiveness model that is strati�ed by propensity quin-
tiles. The approach is illustrated with an application to a longitudinal study of antidepressant
treatment for relapse prevention. Finally, a simulation study examines the performance of this
data analytic strategy.

2. MIXED-EFFECTS PROPENSITY FOR TREATMENT INTENSITY MODEL

The model of propensity for treatment intensity characterizes the longitudinal ordinal doses
of treatment based on demographic and clinical features. Speci�cally, a mixed-e�ects ordinal
logistic regression examines the repeated ordinal doses as a function of these subject charac-
teristics. This approach assumes that an ordered categorical scale of therapeutic equivalents
has been developed, such as that used for treatments of mood disorders [5, 6].
Rosenbaum and Rubin [1] de�ned the propensity score as ‘the conditional probability of

assignment to a particular treatment given a vector of observed covariates’. They have shown
that propensity score adjustments can be used to reduce the bias in estimates of treatment
e�ectiveness in an observational study [1, 7]. Adapting the Rosenbaum and Rubin notation,
the mixed-e�ects propensity for treatment intensity score, for the kth ordinal dose denoted
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by the variable T , is

ek(xij; �)=P(Tij¿k|�; x)

for subject i (i=1; : : : ; N ), at time j ( j=1; : : : ; J ), for dose k (k=1; : : :; K−1). This is derived
from a mixed-e�ects ordinal logistic regression model that includes covariates and random
subject-speci�c e�ects in terms of the k − 1 cumulative logits [8]:

ln
[
P(Tij¿k)

1− P(Tij¿k)
]
= �k + �+ x′

ij�+ �i

where �k represents the threshold for dose k, � is the intercept, xij is the p × 1 vector of
covariates, � includes the corresponding regression coe�cients, and �i is the subject-speci�c
random e�ect that is normally distributed in the population with mean 0 and variance �2� .
This subject-speci�c random e�ect is included in the model to account for the within-subject
clustering (i.e. repeated observations within subjects). Both time-varying and time-invariant
covariates can be included in the vector x. The k −1 thresholds are strictly increasing param-
eters, and with the intercept in the model it is common to set the �rst threshold equal to zero
for identi�cation purposes.
Assuming this mixed-e�ects ordinal logistic model, the propensity score, which ranges in

value from 0 to 1, can be expressed using the logistic response function for subject i at time
j as

e(xij; �i)=
exp(�+ x′

ij�+ �i)
1 + exp(�+ x′

ij�+ �i)

The above propensity is speci�cally for the �rst threshold, and one could calculate k − 1
propensity scores, each indicative of the k − 1 cumulative response probabilities. However,
since the covariate e�ects and random subject e�ects are constant across the cumulative log-
its (i.e. proportional odds assumption) the results would not change for purposes of ranking
propensity scores. Thus, here we de�ne the propensity score for the ordinal dose in terms
of the probability of responding in categories greater than the �rst category (i.e. in terms of
the �rst threshold). As indicated above, the propensity score embodies the contribution of
covariates x and subject e�ects � on the probability of receiving a more intensive dose
of treatment (i.e. a higher value in terms of the ordinal dose T ). An observation with a
high propensity score presents as someone quite likely to receive intensive treatment at time
point j, whereas an observation with a low propensity score has characteristics of someone
less likely to receive intensive treatment.
Propensity quintiles classi�cation. Each observation for subject i at time j is classi�ed into

a propensity quintile, q(1); : : : ; q(5), based on the corresponding propensity score. In an e�ort
to remove confounding e�ects of the variables comprising the propensity score, treatment
e�ectiveness is conducted separately for each quintile. Prior to conducting quintile-speci�c
analyses, however, one must determine whether all treatments are well-represented in each
quintile. This is because a treatment that is not represented in a particular quintile, of course,
cannot be evaluated in treatment e�ectiveness analyses of that quintile. Quintile representation
is evaluated by examining the frequencies in a treatment by propensity quintile contingency
table. The amount of uncertainty around the treatment e�ect will naturally increase as the N ’s
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decrease, yet there are no formal guidelines regarding this issue. We proceed with analyses
if there are at least 5 to 10 observations per cell.

2.1. Mixed-e�ects treatment analyses

E�ectiveness analyses strati�ed by propensity quintiles. Once the quintiles are formed, sep-
arate quintile-speci�c treatment e�ectiveness analyses are conducted. The rationale underly-
ing this strategy is that strati�cation on a confounding variable will remove the associated
bias [9]. Based on the quintile-speci�c results, pooled estimates of treatment e�ectiveness are
obtained under the condition that there is not a signi�cant quintile× treatment interaction. This
condition can be assessed, as described below, in a combined analysis that includes model
terms for treatment, quintile, and quintile× treatment interactions.
In terms of treatment e�ectiveness, the time until recurrence of disease or event is the

dependent variable, modelled using survival analysis methods. Here, because the measurement
of survival is ascertained in time intervals (e.g. did the event occur since the last follow-up?)
grouped-time survival analysis is appropriate. Additionally, since subjects can have multiple
observations (i.e. multiple recurrences of the event) across the time period of the study, a
mixed-e�ects grouped-time survival model [10] is used. This model examines the probability
of recurrence up to, and including, time interval t for subject i and observation j as

Pijt =P(tij6t)

Using the complementary log–log link function yields a proportional hazards regression model
describing the cumulative probability of recurrence as a function of treatment:

Pijt =1− exp(− exp(�t + x′
ij�+ �i))

where �t represents the intercept terms (i.e. the baseline hazard), x is a vector of covariates
(dummy coded to represent the treatment groups), � is a vector of coe�cients, and �i rep-
resents a random subject e�ect accounting for the clustering of repeated occurrences within
subjects.
Pooling the quintile-speci�c results. The results from the quintile-speci�c models are pooled

using the Mantel–Haenszel procedure as described by Fleiss [11]. Using this approach, each
quintile-speci�c parameter estimate is weighted by the inverse of its squared standard error and
those weighted estimates are summed for each treatment. As noted, this approach assumes that
there is not a treatment×propensity interaction. The assumption is tested by comparing the �t
of two mixed-e�ects grouped-time survival models, each of which includes observations from
all quintiles: (1) the main e�ects only model (treatment and propensity quintile) and (2) the
main e�ects model plus propensity× treatment interaction. The incremental contribution of the
propensity × treatment interaction is tested with a likelihood ratio test and, if the interaction
is statistically signi�cant, the assumption is violated. Such an interaction would indicate that
the treatment e�ect varies across propensity quintiles, and thus pooling quintile-speci�c results
is not viable. Instead, conclusions regarding treatment e�ectiveness must be quintile-speci�c
in this case.
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3. APPLICATION

The National Institute of Mental Health Collaborative Depression Study (CDS) enrolled 955
subjects with a�ective disorders from 1978–1981 who sought treatment for one of the major
a�ective disorders (major depressive disorder, mania, or schizoa�ective disorder) at one of
�ve academic medical centres in the United States (Boston, Chicago, Iowa City, New York,
and St. Louis). Each subject provided written informed consent. The objectives and design
of this longitudinal, observational study have been described previously [12]. Among those
there were 431 subjects who had major depressive disorder at intake [13]. Eighty-six of those
subjects developed bipolar disorder and another 43 of them did not recover from their intake
episode. Here, we examine the e�ectiveness of somatic antidepressant treatment for relapse
prevention among those who recovered from unipolar major depression as de�ned by the
Research Diagnostic Criteria (RDC: [14]). These subjects have been followed for up to 20
years.
The propensity-adjusted analyses proceeded in two stages, as described above. Initially,

analysis of propensity for treatment intensity examined characteristics that distinguished among
those receiving various levels of somatic antidepressant treatment. In this propensity analysis,
treatment intensity was the ordinal-dependent variable (ranging from 0 to 3, described in
detail in References [3, 5] and covariates included several demographic and clinical variables
that were hypothesized to be associated with treatment intensity. As mentioned, since subjects
had multiple observations of treatment intensity across time, a mixed-e�ects ordinal logistic
regression model [8] was used.
In the second stage, treatment e�ectiveness analyses examined time from the start of the

course of a particular intensity of treatment until recurrence of a major depressive episode
using the aforementioned mixed-e�ects grouped-time survival model. Survival time represented
the ‘time until recurrence’, de�ned as the number of consecutive weeks during which treatment
remained at one level of intensity during a ‘well’ period. A survival interval terminated in one
of three ways: (1) recurrence of depression (2) change in antidepressant treatment intensity
or (3) end of follow-up. The latter two were classi�ed as censored. Censoring due to the end
of follow-up was assumed to be unrelated to time until recurrence. Each subject accumulated
additional survival intervals, which we refer to as ‘treatment intervals’, with each new episode
and each change in treatment intensity while in episode. The unit of analysis for both the
propensity and e�ectiveness models was treatment interval and a separate propensity score
was calculated for each treatment interval. All analyses were performed with MIXOR [15]
software.

3.1. Results

Propensity for treatment intensity. The analyses included 1782 observations on 296 sub-
jects. (Of the 302 subjects who otherwise met criteria for these analyses, six were excluded
due to missing data necessary for the propensity model.) The propensity model included 6
independent variables (Table I). Those with more severe symptoms, those with primary major
depression at intake into the CDS, and those with more prior episodes tended to get more
intensive maintenance treatment, as did those who got more intensive treatment in their more
recent episode. The younger subjects were signi�cantly less likely to get aggressive treatment.
Likewise, subjects from three of the study sites (New York, Iowa, and Chicago) tended to get
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Table I. Mixed-e�ects ordinal logistic regression model of propensity for treatment intensity.

Variable b SE Odds ratio CI low CI high �2 df Z p

Symptom severity (range: 1–6) 0.16 0.04 1.17 1.09 1.26 4.31 ¡0:001
Primary depression at intake 0.22 0.16 1.25 0.91 1.73 1.36 0.17

Number prior episodes 16.88 4 0.002
1 1.00
2 −0:32 0.16 0.73 0.53 0.99 −2:04 0.04
3 −0:32 0.16 0.72 0.52 1.00 −1:98 0.05
4 −0:28 0.21 0.76 0.50 1.14 −1:35 0.18
5+ 0.26 0.19 1.30 0.90 1.87 1.42 0.16

Age (years) 26.05 4 ¡0:001
¡30 −0:77 0.17 0.46 0.33 0.65 −4:49 ¡0:001
30–39 1.00
40–49 0.09 0.16 1.09 0.80 1.48 0.55 0.58
50–59 0.15 0.19 1.17 0.80 1.71 0.79 0.43
60+ 0.26 0.24 1.29 0.80 2.08 1.06 0.29

Education 10.31 3 0.016
¡12 Years 1.00
High school grad 0.57 0.25 1.77 1.09 2.87 2.33 0.02
Some college 0.19 0.23 1.21 0.77 1.90 0.82 0.41
College & higher 0.64 0.26 1.89 1.14 3.14 2.47 0.01

Study site 24.96 4 ¡0:001
Boston 1.00
New York 0.92 0.36 2.51 1.24 5.08 2.57 0.01
St. Louis 0.14 0.26 1.15 0.69 1.92 0.53 0.60
Iowa 0.96 0.25 2.61 1.60 4.26 3.86 ¡0:001
Chicago 0.63 0.30 1.88 1.04 3.39 2.10 0.04

more intensive treatment than those from other sites. The intensity of treatment was not highly
consistent within subjects across treatment intervals (intraclass correlation coe�cient =0:19).
A propensity score was computed for each observation based on the results of the model

in Table I. Observations were then classi�ed into one of �ve propensity score quintiles. The
propensity for treatment tended not to vary widely within subject, 47.6 per cent of the subjects
remained in just one quintile (across their repeated observations) and another 36.5 per cent
were in two quintiles. The representativeness of treatments in each quintile was evaluated by
examining the quintile × treatment contingency table (Table II). As expected, observations
in the lower quintiles tend to receive less intensive doses and, conversely, those in higher
quintiles tend to receive more intensive doses. Nevertheless, each dose is represented in each
quintile; therefore, quintile-speci�c treatment e�ectiveness analyses compared the four doses.
Balance. The purpose of the propensity adjustment is to adjust for imbalance in demo-

graphic and clinical characteristics across treatment groups (i.e. doses). The extent of balance
was examined by comparing unadjusted and propensity-adjusted mixed-e�ects ordinal logistic
regression models of ordinal dose. Separate models evaluated the strength of the association
of each of the six variables that form the propensity score with dose. The results are presented
in Table III, which compares the adjusted and unadjusted odds ratios (95 per cent CI) and
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Table II. Cross-classi�cation of ordinal treatment dose by propensity quintile.

Propensity quintile

Dose 1 2 3 4 5 Total

0 256 175 126 69 31 657
1 59 106 85 80 34 364
2 27 53 98 111 116 405
3 14 21 51 94 176 356

Total 356 355 360 354 357 1782

Cell entries represent frequencies of observations.
Data are based on 1782 treatment intervals (i.e. observations) from 296 subjects.

Table III. A comparison of unadjusted and propensity-adjusted mixed-e�ects ordinal logistic regression
models of ordinal doses.

Unadjusted results Propensity-adjusted results

Variable∗ Odds ratio CI low CI high p-value Odds ratio CI low CI high p-value

Symptom severity (range: 1–6) 1.15 1.08 1.24 ¡0:0001 1.08 1.02 1.14 0.009
Primary depression at intake 1.30 0.95 1.78 0.103 1.12 0.89 1.42 0.346

Number prior episodes ¡0:001 0.028
1 1.00
2 0.88 0.65 1.19 0.390 1.02 0.78 1.33 0.882
3 0.87 0.64 1.17 0.350 1.01 0.77 1.32 0.938
4 1.04 0.71 1.51 0.850 1.04 0.74 1.46 0.843
5+ 1.83 1.34 2.51 ¡0:001 1.59 1.22 2.07 0.001

Age (years) ¡0:0001 0.954
¡30 0.51 0.37 0.71 ¡0:001 0.99 0.73 1.34 0.949
30–39 1.00 1.00
40–49 1.11 0.86 1.42 0.435 1.01 0.80 1.29 0.913
50–59 1.31 0.90 1.90 0.156 1.13 0.83 1.54 0.450
60+ 1.34 0.87 2.07 0.188 1.01 0.74 1.36 0.971

Education 0.025 0.837
¡12 Years 1.00 1.00
High school grad 1.70 1.06 2.71 0.027 1.16 0.83 1.63 0.388
Some college 1.20 0.78 1.85 0.409 1.11 0.81 1.52 0.518
College & higher 1.83 1.10 3.06 0.020 1.10 0.78 1.56 0.584

Study site ¡0:0001 0.106
Boston 1.00
New York 2.89 1.45 5.74 0.002 1.20 0.72 1.98 0.490
St. Louis 1.30 0.79 2.13 0.302 0.93 0.62 1.40 0.717
Iowa 2.61 1.61 4.24 ¡0:001 1.35 0.91 1.99 0.138
Chicago 2.49 1.41 4.41 0.002 1.16 0.76 1.77 0.484

∗Separate models evaluated each of the six variables.
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p-values. Balance was achieved with four of the variables; whereas for symptom severity and
number of prior episodes, the imbalance was greatly reduced, but not eliminated.
Treatment e�ectiveness analyses. Results from the quintile-speci�c treatment e�ectiveness

analyses were pooled as described above because the treatment × propensity interaction was
not statistically signi�cant (�2 = 6:146; df =12; p=0:909). The e�ectiveness of each of
the doses was then contrasted with dose 0. These results indicate that those treated with
higher doses of somatic antidepressant therapy (dose 3) were half as likely to have a re-
currence than those who received no somatic treatment (dose 0) (odds ratio: 0.50; 95 per
cent con�dence interval: 0.30–0.84; Z = − 2:60;p=0:009), after controlling for propensity
for treatment intensity. In contrast, moderate doses (dose 2) were associated with marginal
protection (OR: 0.65; 95 per cent CI: 0.41–1.01; Z = − 1:92; p=0:055); whereas lower
doses (dose 1) were not associated with signi�cant protection from recurrence (OR: 0.98;
95 per cent CI: 0.65–1.48; Z = − 0:09; p=0:929). In an observational study treatment
e�ectiveness such as this, it is prudent to control for hypothesized confounding variables.
Nevertheless, for comparative purposes, an unadjusted antidepressant e�ectiveness analysis
was also conducted with these data. In this case, the unadjusted results are remarkably
similar to the propensity-adjusted results. That is, higher doses of somatic antidepressant
therapy o�ered signi�cant protection from recurrence (OR: 0.63; 95 per cent CI: 0.44–
0.89; Z = − 2:61; p=0:009), moderate doses were associated with marginal protection (OR:
0.70; 95 per cent CI: 0.49–1.00; Z = − 1:95; p=0:051), and lower doses did not o�er
signi�cant protection (OR: 1.11; 95 per cent CI: 0.77–1.60; Z = − 0:56; p=0:574). This
one example should not be seen as an indication that confounding variables can gener-
ally be ignored. The stimulation studies that follow highlight the bene�t of the propensity
adjustment.

4. SIMULATION STUDY

Propensity score simulation speci�cations. A Monte Carlo simulation study was conducted
to evaluate the performance of the mixed-e�ects quintile-strati�ed propensity strategy that
was just described. Simulated data were generated in the following way. First, propensity
scores were calculated for each of 8 observations (i.e. repeated measures over time) per
subject from a mixed-e�ects ordinal logistic regression model including four randomly gen-
erated predictor variables: (1) two time-invariant dichotomous variables (x1, x2), each with
a 50:50 split of zeros and ones (2) two time-varying continuous variables (x3, x4) based on
a uniform distribution. Odds ratios for each of the four predictors in the propensity model
varied (1.25, 1.50, 1.75, 2.0) and the intercept was set to unity. The correlation among
the propensity model predictor variables was set at 0.10. The intraclass correlation coef-
�cient among the (time-varying) dependent variable within subjects varied (0.20, 0.40) in
both the propensity and treatment e�ectiveness models. An ordinal dose (0, 1, 2, 3) was
calculated for each observation as a function of the full propensity score (described below)
and speci�ed model threshold values that indicate the response probabilities of the ordinal
outcome.
Modelling a misspeci�ed propensity score. In order to evaluate the e�ect of misspeci-

�cation of the propensity model, two di�erent propensity scores were calculated for each
observation. One, which we call the full propensity score, included all four of the propensity
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model predictors. The other, called the misspeci�ed propensity score, only included two pre-
dictors: one time-invariant dichotomous variable (x1) and one time-varying continuous vari-
able (x3). The full propensity score was used to generate values for dose and for survival
times for each observation. In contrast, the misspeci�ed propensity score was used strictly
for quintile strati�cation in the treatment e�ectiveness analyses. In this way, two confounds,
x2 and x4, each components of the full propensity score, were ignored in the strati�cation
process. Of course, when the propensity model was de�ned such that the odds ratios for
x2 and x4 were both 1.0, the full and misspeci�ed propensity scores were identical. This
property was used to examine the e�ect of a misspeci�ed propensity score. More speci�-
cally, the full propensity score was speci�ed such that odds ratios corresponding to x1 and
x3 varied, whereas those for x2 and x4 were constrained to unity. Hence, the terms to be
omitted from the misspeci�ed propensity score would not e�ect strati�cation. Conversely, in
the misspeci�ed models, the full propensity score was speci�ed such that odds ratios corre-
sponding to x1 and x3 were constrained to unity, whereas those for x2 and x4 varied. In this
way, the e�ect of strati�cation that ignores confounds, whether purposefully or na��vely, was
examined.
Treatment e�ectiveness simulation speci�cations. Latent survival times were then gen-

erated using a proportional hazards model as a function of both the full propensity score
and treatment e�ectiveness. The e�ects of doses 1–3, relative to dose 0, were speci�ed as
odds ratios of 1.0, 1.25, and 1.75, respectively. Time until recurrence, which is the sur-
vival time outcome in the treatment e�ectiveness analyses, was modelled as a function of
the dose for each subject at each time point and the confounds that were incorporated in
the propensity score. In order to represent ten grouped-time survival times, the continu-
ous latent survival times were transformed into deciles. The censoring rate was speci�ed
as 25 per cent in all e�ectiveness models. One thousand data sets were generated, each with
8 within-subject observations, for each of 32 combinations of the following data speci�-
cations: fully speci�ed versus misspeci�ed, N (150, 300 subjects), odds ratios (1.25, 1.5,
1.75, 2.0) for the propensity model, and intraclass correlations (ICC: 0.20, 0.40), which
represent the within-subject correlation of both the repeated propensity scores and survival
times.
For each data set, several treatment e�ectiveness models were analysed. There were �ve

quintile-speci�c models and one model in which the quintile-speci�c results were pooled
using the Mantel–Haenszel procedure. In addition, 2 models were used to test the assumption
of no propensity × treatment interaction: a main e�ects only model and a main e�ects plus
interaction model. These last two models included observations from all quintiles. Thus, 8
models were analysed for each of 1000 data sets for each combination of speci�cations. An
augmented version of MIXOR software [15] was used for the simulations.
Evaluation of model performance. Five criteria were used to evaluate the performance of

the data analytic strategy: Type I error, statistical power, coverage, bias, and bias reduction.
These were each derived from the Mantel–Haenszel pooled results. Bias was de�ned as the
di�erence between each parameter estimate and the speci�ed treatment e�ect. Bias reduction
was de�ned as proportion decrease in bias of the model that used the full propensity score
relative to the bias that failed to adjust for the propensity score (i.e. that only used the
misspeci�ed propensity score). Coverage represents the proportion of simulations in which
the 95 per cent CI for the parameter estimate include the speci�ed value. Feasibility was also
examined and de�ned as the proportion of models in which convergence was achieved.
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Table IV. Monte Carlo simulation results of the quintile-strati�ed, mixed-e�ects propensity adjustment
for e�ectiveness analyses of ordinal treatment groups: coverage, bias, and bias reduction.

Coverage∗ Bias Bias reduction†

Treatment odds ratio Treatment odds ratio Treatment odds ratio
Number of Propensity
subjects odds ratio ICC 1.00 1.25 1.75 1.00 1.25 1.75 1.00 1.25 1.75

150 1.25 0.20 0.971 0.964 0.961 0.005 0.011 0.023 0.869 0.804 0.725
1.25 0.40 0.976 0.975 0.981 0.006 0.012 0.012 0.848 0.776 0.847
1.50 0.20 0.961 0.946 0.942 0.005 0.030 0.054 0.944 0.759 0.684
1.50 0.40 0.978 0.970 0.969 0.013 0.016 0.004 0.833 0.859 0.975
1.75 0.20 0.965 0.936 0.906 0.013 0.054 0.087 0.909 0.751 0.729
1.75 0.40 0.961 0.967 0.964 0.015 0.008 0.013 0.899 0.962 0.959
2.00 0.20 0.972 0.923 0.883 0.006 0.056 0.106 0.966 0.794 0.745
2.00 0.40 0.967 0.963 0.968 0.018 0.007 0.021 0.909 0.975 0.951

300 1.25 0.20 0.963 0.921 0.924 0.007 0.014 0.024 0.799 0.745 0.678
1.25 0.40 0.959 0.948 0.965 0.014 0.015 0.015 0.649 0.742 0.805
1.50 0.20 0.980 0.899 0.882 0.011 0.032 0.058 0.857 0.725 0.648
1.50 0.40 0.961 0.957 0.952 0.019 0.017 0.009 0.768 0.856 0.946
1.75 0.20 0.957 0.867 0.809 0.008 0.050 0.090 0.940 0.764 0.713
1.75 0.40 0.938 0.950 0.951 0.022 0.013 0.007 0.854 0.942 0.979
2.00 0.20 0.954 0.867 0.755 0.006 0.050 0.104 0.969 0.815 0.745
2.00 0.40 0.953 0.953 0.946 0.026 0.010 0.012 0.863 0.962 0.971

∗Coverage represents the proportion of models in which the 95 per cent con�dence interval includes the
speci�ed parameter.

†Bias reduction is the proportion reduced relative to bias in a null propensity model.

4.1. Simulation results

Bias. The simulations were designed such that each treatment e�ectiveness model estimated a
treatment e�ect for each of three doses, relative to the lowest dose. The respective speci�ed
values for those treatment e�ects were 0, 0.223, and 0.560; or, expressed as odds ratios, 1.0,
1.25, and 1.75. Bias, the di�erence between the parameter estimate and the speci�ed value,
tended to be quite small (Table IV). The median bias was 0.009, 0.014, and 0.022 for each
of the three doses, respectively, with N =150 and 0.012, 0.016, and 0.020 for each of the
three doses with N =300.
Bias reduction. The magnitude of bias reduction was examined relative to a misspeci�ed

model (which was described in detail above). Reduction in bias is de�ned as the di�erence
between the bias in the misspeci�ed and fully speci�ed quintile-strati�ed models as a propor-
tion of bias in the misspeci�ed model. The quintile-strati�ed propensity adjustment reduced
substantial bias in the estimates of the treatment e�ect (Table IV), ranging from 68.4 per cent
to 97.5 per cent (median=85:4 per cent) for N =150 and from 64.8 per cent to 97.9 per
cent (median=81 per cent) for N =300.
Coverage. The coverage of the 95 per cent CI for each estimate was examined and is

presented in Table IV as the percent of con�dence intervals (among the 1000 simulated data
sets) that included the speci�ed value of the treatment e�ect. Following the format used by
Collins et al. [16], coverage that is less than 90 per cent is highlighted in the tables. For
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Table V. Monte Carlo simulation results of the quintile-strati�ed, mixed-e�ects propensity adjustment
for e�ectiveness analyses of ordinal treatment groups: type I error, power and non-convergence.

Type I error Power

Treatment odds ratio
Number of Propensity
subjects odds ratio ICC 1.00 1.25 1.75 Non-convergence

150 1.25 0.20 0.029 0.298 0.966 0.038
1.25 0.40 0.024 0.257 0.945 0.066
1.50 0.20 0.039 0.244 0.950 0.046
1.50 0.40 0.022 0.281 0.937 0.073
1.75 0.20 0.035 0.164 0.900 0.079
1.75 0.40 0.039 0.256 0.902 0.117
2.00 0.20 0.028 0.158 0.847 0.196
2.00 0.40 0.033 0.242 0.892 0.197

300 1.25 0.20 0.037 0.606 1.000 0.003
1.25 0.40 0.041 0.593 1.000 0.003
1.50 0.20 0.020 0.505 1.000 0.000
1.50 0.40 0.039 0.599 1.000 0.003
1.75 0.20 0.043 0.401 0.999 0.000
1.75 0.40 0.062 0.562 0.997 0.004
2.00 0.20 0.046 0.393 0.997 0.018
2.00 0.40 0.049 0.538 0.997 0.006

N =150, the median coverage was 96.7 per cent (mean=95:7 per cent; SD=2:4 per cent),
with just one value (of 24 parameter estimates) falling below 90 per cent. However, with
N =300, the median coverage was 95.1 per cent (mean=92:5 per cent; SD=5:4 per cent),
with 6 values (of 24 parameter estimates) falling below 90 per cent, occurring only with an
ICC of 0.20.
Type I error. Type I error rates (Table V) ranged from 0.022 to 0.039 for N =150

(median=0:031) and from 0.020 to 0.062 for N =300 (median=0:042). There was a ten-
dency for somewhat higher type I error as the odds ratios in the propensity model increased.
Statistical power. Statistical power (Table V) typically exceeded 0.90 for treatment e�ec-

tiveness odds ratios of 1.75 for models with sample size of 150 and 300 (median=0:98). Nev-
ertheless, there were two such models with lower power (0.85 and 0.89), each of which had
N =150 and odds ratios in the propensity model of 2.0. In contrast, statistical power for treat-
ment e�ectiveness odds ratios of 1.25 ranged from 0.16 to 0.30 for N =150 (median=0:25)
and 0.39 to 0.61 (median=0:55) for N =300.
Feasibility. There were some problems with convergence for the models with N =150, in

that, on average, about 10 per cent of the models did not converge (Table V). This problem
typically stemmed from the quintile-speci�c analyses, particularly for the lowest or highest
quintile and was more common as the odds ratio in the propensity model increased. In these
cases, it sometimes happened that not all ordinal doses were present, or were present in very
small numbers, for a given quintile, thus giving rise to computational di�culties. In contrast,
less than 1 per cent of the models failed to converge for models with N =300.
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5. CONCLUSION

A two-staged mixed-e�ects propensity adjustment for longitudinal data was described and
examined in a simulation study. A mixed-e�ects ordinal logistic regression model was used
to estimate the propensity for treatment intensity and a mixed-e�ects grouped-time survival
model was used to estimate the e�ect of ordinal doses. The primary objective of applying
this method was to reduce bias in the estimate of the treatment e�ect. Bias tended to be
quite small with the propensity adjustment. In comparison with models that incorporated a
misspeci�ed propensity score, the quintile-strati�ed propensity adjustment reduced substantial
bias, typically in excess of 80 per cent.
Type I error rates were slightly conservative, particularly for N =150 where it was less than

0.03 for half of the models. Statistical power readily exceeded 0.80 for treatment e�ectiveness
odds ratios of 1.75, even with an N of 150. However, for an e�ectiveness odds ratio of 1.25,
even an N of 300 provided inadequate power.
The simulations included 8 repeated observations per subject. Despite the resulting 1200

data points, there were problems with convergence about 10 per cent of the time for an N of
150 when the propensity odds ratio was 1.75 or higher. In these situations, data sparseness
contributed to collinearity or near-collinearity of model parameters in quintile-speci�c analyses.
This situation could be avoided in actual data analysis, where an attentive analyst would realize
that model simpli�cation was necessary in these cases. In simulations, however, it is harder
to program in this type of �exibility.
The extent of bias reduction was not dissimilar to that found by Cochran [9] for using

quintile subclassi�cation for non-normal continuous data. Drake [17] conducted a simulation
study that, among other things, examined bias reduction with a logistic propensity score and
a binary response variable. She found somewhat higher bias reduction than seen here; but
unlike the mixed-e�ects approach examined in the current manuscript, Drake did not include
repeated measurements per subject.
The �ndings of our simulation study are limited by the speci�cations used in that de-

sign. For instance, we did not examine the impact of hidden bias, which can result from a
propensity model that includes some, but not all variables that are imbalanced across treat-
ments. The e�ects of hidden bias can be quite insidious, in that it results from both observed
and unobserved variables, and its impact can a�ect both the magnitude and the direction of
bias. Instead, our simulations compared the performance of models that included all confounds
with those that included none. Although our simulation study examined performance of the
approach, we do not provide a proof that the balancing property extends to longitudinal study.
Further work is needed to examine these issues.
Furthermore, all data generation in the simulations incorporated a 25 per cent censoring

rate. We do not know how this strategy would perform with greater censoring or, for that
matter, fewer observations per subject. Likewise, we did not evaluate the impact of ignoring
a treatment×propensity interaction when pooling the parameter estimates nor did we examine
the consequences of violations of the proportional odds assumptions. Furthermore, it is unclear
how the approach would perform in a mixed-e�ects linear treatment e�ectiveness model. In
the application, the propensity model showed that those with more severe symptoms tended
to receive more intensive maintenance treatment for depression. The propensity adjustment
removed or greatly reduced this imbalance. However, imbalance among unobserved measures
could remain and contribute bias. Nonetheless, the e�ectiveness analyses showed that the
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largest dose signi�cantly reduced the risk of recurrence. Similar �ndings were seen in our
earlier propensity-adjusted examination of acute treatment for major depression [3].
In conclusion, we have evaluated a mixed-e�ects quintile-strati�ed propensity adjustment

for bias reduction in longitudinal, observational studies. Overall, the approach performed quite
well, although some of the evaluation criteria were sensitive to smaller sample size.
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