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Subject-level matching for imbalance in
cluster randomized trials with a small number
of clusters
Andrew C. Leon,a Hakan Demirtas,b* Chunshan Li,a and Donald Hedekerb

In a cluster randomized controlled trial (RCT), the number of randomized units is typically considerably smaller than in trials
where the unit of randomization is the patient. If the number of randomized clusters is small, there is a reasonable chance of
baseline imbalance between the experimental and control groups. This imbalance threatens the validity of inferences regard-
ing post-treatment intervention effects unless an appropriate statistical adjustment is used. Here, we consider application of
the propensity score adjustment for cluster RCTs. For the purpose of illustration, we apply the propensity adjustment to a
cluster RCT that evaluated an intervention to reduce suicidal ideation and depression. This approach to adjusting imbalance
had considerable bearing on the interpretation of results. A simulation study demonstrates that the propensity adjustment
reduced well over 90% of the bias seen in unadjusted models for the specifications examined. Copyright © 2013 John Wiley &
Sons, Ltd.
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1. INTRODUCTION

The propensity score has been widely used in the analyses of
observational data where intervention group imbalance is not
unusual because treatment assignment is based on self-selection,
not randomized treatment assignment. It represents the condi-
tional probability of treatment group membership .Ti D 0, 1/
given a vector of covariates, e.x/ D P.Ti D 1jx/ [1]. The
propensity adjustment has also been applied for correlated data
in longitudinal, observational studies [2]. Here, we consider the
application of the adjustment with a different form of corre-
lated data, those obtained in a cluster randomized controlled trial
(RCT) [3]. Such designs are also referred to as group-randomized
trials [4].

In cluster RCTs of community-based interventions, entities
larger than the individual participant are randomized. The cluster
RCT design is consistent with interventions that are implemented
at the provider level. In such cases, clinics or nurses might be ran-
domized to an intervention. For instance, the impact of two types
of nurse training programs on patient illness severity could be
examined in a cluster RCT. The intervention would be randomized
by clinic. Nurses within a clinic would be trained with the same
intervention. The unit of analysis would be the patient or per-
haps repeated measures of illness severity within patients while
accounting for the nesting of subjects within clinics.

A hallmark of the cluster RCT is that the number of random-
ized units is typically much smaller than in trials where the
unit of randomization is the patient [3, 5–7]. As the number of
randomized clusters becomes smaller, the likelihood of imbal-
ance between patients in the intervention and comparison con-
ditions on baseline characteristics increases. Group imbalance
at baseline threatens the validity of inferences regarding post-
treatment intervention effects unless an appropriate statistical

adjustment is used. The Prevention of Suicide in Primary Care
Elderly: Collaborative Trial study [8, 9] is a case in point. It was
a cluster RCT that evaluated an intervention to reduce suicidal
ideation, suicide attempts, suicides, and depression. Twenty clin-
ical practices (i.e., clusters) were each randomized to one of two
intervention cells, care management, or usual care. The patients
within the two cells differed on only one baseline variable, suicidal
ideation. Yet, suicidal ideation was a critically important variable,
because it was a component of the primary outcome that was
assessed several months later. Without proper statistical adjust-
ment, the estimate of the treatment effect could very likely be
biased.

The objective of this paper is to examine propensity score-
based cross-cluster matching as a method of bias reduction in
cluster RCTs with a small number of clusters. It was hypothesized
that propensity score matching would reduce bias in a cluster
RCT with groups that are imbalanced at baseline. This manuscript
is organized in the following manner. In Section 2, the propen-
sity adjustment for cluster RCT is defined, a description of the
type of propensity score matching strategy used in this work is
presented, and the propensity-matched treatment effectiveness
model is described. In Section 3, an application of the data ana-
lytic strategy to the Prevention of Suicide in Primary Care Elderly:
Collaborative Trial study is articulated as a motivating example.

aDepartment of Psychiatry, Weill Cornell Medical College, New York, NY, USA

bDivision of Epidemiology and Biostatistics, University of Illinois at Chicago,
Chicago, IL, USA

*Correspondence to: Hakan Demirtas, University of Illinois at Chicago, Chicago, NY,
USA.
E-mail: demirtas@uic.edu

2
6

8

Pharmaceut. Statist. 2013, 12 268–274 Copyright © 2013 John Wiley & Sons, Ltd.



A. C. Leon et al.

In Section 4, bias reduction with propensity-based matching in
cluster RCTs is examined in a simulation study.

2. MODEL SPECIFICATION

2.1. Propensity model for cluster randomized
controlled trials

The Rosenbaum and Rubin [1] notation is used to describe a
propensity score in a cluster RCT of two intervention groups
denoted by the variable Tij (0 Dcontrol, 1 Dexperimental), for
cluster i (i = 1, 2, ...,N) that includes subject j (j = 1, ..., Ji/

e.xij/D P
�

Tij D 1jxij
�

(1)

The propensity for treatment score is estimated with a logistic
regression model

ln

"
P
�

Tij D 1
�

1� P
�

Tij D 1
�
#
D ˇ0C x0ijˇ (2)

where ˇ0 is the intercept, xij is the p � 1 vector of covariates, and
ˇ represents the corresponding regression coefficients. Vector x
contains the observed variables that account for treatment; each
of these is ascertained at baseline of the study. A low propensity
score would represent a subject with characteristics of those in a
clinic randomized to the control intervention, whereas a higher
propensity score would be an indicative of a subject in a clinic
randomized to the experimental intervention.

2.2. Matching based on the propensity score

Prior to conducting treatment effectiveness analyses, study par-
ticipants are matched on propensity scores using the optimal
matching approach [10]. Optimal matching assigns a subset of
control participants and a subset of experimental intervention
participants to matched-set k .k D 1, 2, : : :K/ in a way that min-
imizes the distances among matched units. All subjects assigned
to a matched set will have propensity scores that do not differ by
more than a predefined value. That value is called the caliper. K is
determined by the size of the caliper and the relative proximity of
the propensity scores among subjects. As applied here, the caliper
metric is expressed in propensity score standard deviation units.
Participants are assigned to matched sets such that at least one
participant from the intervention group and one from the con-
trol group is included in each matched set. The minimum number
of participants per matched set is two, but the size of a matched
set can be larger and the number representing each treatment
group in a matched set need not be equivalent. This approach
is the full matching variation of optimal matching, as opposed
to pairwise matching [11, 12]. In fact, it is conceivable that con-
trol participants will be overrepresented in matched sets with
low propensity scores, whereas a greater number of experimen-
tal intervention participants will be in sets with higher propensity
scores. When a caliper is used, it is highly probable that there
will be participants who do not qualify for any matched set. They
are excluded from subsequent analyses. (In the simulation study
of Section 4, we track the percentage of participants who are
matched.)

2.3. Propensity-adjusted treatment effectiveness analyses

The comparative effectiveness of the two randomized interven-
tion groups is examined in a propensity-adjusted mixed-effects

linear regression model of a continuous outcome, yijk (e.g., illness
severity [2]) clustered within clinic

yijk D ˛0C ˛Ti C �mxij C �i C 'k C "ijk (3)

where i, j, k, and m stand for clusters, subjects within clusters,
matched sets, and variables in propensity score model, respec-
tively. Here, yijk and "ijk are continuous outcome and error terms,
respectively, for subject j in matched set k and cluster i, ˛0 is the
intercept term, ˛ is the coefficient for dummy-coded treatment
effect .Ti/, �ms are the coefficients for vector of covariates xij , �i

is the cluster-specific random intercept, �k is the matched set-
specific random intercept. Of note, the error term and these two
random effects are assumed to be independent with distributions

N
�
0, �2

"

�
, N
�
0, �2

�

�
and N

�
0, �2

'

�
, respectively. The random cluster

and matched set effects are crossed, and not hierarchical, in this
model, in that subjects in a matched set come from different clus-
ters (and by definition, a matched set includes subjects of both
control and treatment clusters).

As presented earlier, the treatment effectiveness model (3)
includes all �ms for generation of data in the simulation study. We
estimate the treatment effect in the final outcome model, which
is identical to the treatment effectiveness model (Equation 3)
except that effects of xij are assumed to be null, that is, all �m

are set to 0. This was carried out to reflect a belief that match-
ing subsumes the effect of known covariates (i.e., variables in the
propensity model). The model (3) could be extended such that
time effects are included if repeated measures of outcome were
assessed over time for each participant. Here, however, we con-
sider within-subject change in illness severity from baseline to
endpoint as a univariate outcome.

3. MOTIVATING EXAMPLE

The impact of propensity score-based matching in a cluster RCT
is now considered by re-examining data from the previously pub-
lished Prevention of Suicide in Primary Care Elderly: Collaborative
Trial (PROSPECT) [8, 9]. PROSPECT sought to determine the effect
of a primary care intervention on suicidal ideation and depres-
sion in older patients. It randomized 20 primary care practices
(i.e., clusters) into practices that offered treatment of depression
enhanced by care management or practices that offered usual
care. In the former, care managers provided to primary care physi-
cians appropriately targeted and timed recommendations that
adhered to evidence-based practice guidelines for depression. A
total of 598 subjects with diagnoses of major or minor depres-
sion were enrolled into the study from the 20 practices. Each sub-
ject provided written informed consent after receiving a complete
description of the study. It was hypothesized that the intervention
would reduce suicidal ideation and depression. Both, time until
suicidal ideation (a survival outcome) and depression severity (a
continuous outcome), declined more in subjects in practices ran-
domized to the intervention than those in usual care practices.
However, there was a problem with randomization in this study.
The two intervention groups in PROSPECT differed significantly
on the baseline assessment of suicidal ideation, which threat-
ened the internal validity of the study. We adjust for this base-
line imbalance with the propensity score matching (as described
in Section 2.3) in an evaluation of the intervention effect on
depression severity.
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3.1. Propensity model

Propensity analyses of the PROSPECT data involved a logistic
regression model, where the response variable was the interven-
tion (0 D usual care; 1 Dcare management). The unit of analysis
in both the propensity and effectiveness models is the subject.
Each variable included in the propensity model was measured
at baseline of the study. SAS 9.3 Proc Logistic (SAS Institute Inc.,
North Carolina, USA) was used for these analyses.

The propensity model indicates that those with greater suici-
dal ideation (odds ratio D 1.506; 95% confidence interval (CI):
1.007–2.252) were significantly more likely to be randomized to
care management. There were marginal associations of depres-
sion severity (odds ratio D 1.030; 95% CI: 0.995–1.066), minority
status (odds ratio D 0.706; 95% CI: 0.480–1.040), years of edu-
cation (odds ratio D 0.954; 95% CI: 0.903–1.009), and gender
(female odds ratio D 0.737; 95% CI: 0.499–1.091) with treatment
status. Other variables in the propensity model included age,
poverty status, marital status, cognitive ability, and a diagnosis of
major depressive disorder. A propensity score was calculated for
each subject based on the logistic regression model parameter
estimates.

It is conceivable that a clinic might attract patients with similar
socioeconomic or clinical characteristics. Hence, the propensity
scores within a clinic would be correlated. However, a cluster-
specific random effect was not included in the propensity analysis
because of its deterministic nature. That is, for a given cluster, all
observations are either in the control or treatment group (i.e., the
treatment outcome is fully determined).

3.2. Matching

Subjects were then assigned to matched sets using optimal
matching as described earlier. A caliper of 0.40 was used. The opt-
match package (Version 0.7-1; [12, 13] in R (Version 2.12.2) was
used for optimal full matching.

3.3. Examination of propensity-adjusted intervention
group balance

The goal of the propensity-based matching procedure was to
account for baseline covariate imbalance across intervention
groups. In an effort to examine the extent to which this was
achieved, a series of regression models were examined for com-
ponents of the propensity score that were most strongly asso-
ciated with intervention group, specifically, suicidal ideation,
minority status, gender, and depression severity. Each of these

variables served as the dependent variable in a model in which
the independent variable was intervention group. One set of
models incorporated a propensity score adjustment via fixed
effects of aforementioned variables and matched set as a random
effect in mixed-effects models. The other set of models did not
include any such propensity score adjustments or matched set
random effects and hence were fixed-effects models. Contrast-
ing results from models with and without matching (Table I), it is
clear that the propensity adjustment reduced imbalance between
groups (odds ratios closer to 1.0 and regression coefficients closer
to 0). More specifically, in the examination of intervention group
balance, odds ratio for suicidal ideation, minority status, and gen-
der, changed from 1.575 to 1.208, 0.713 to 1.025, and 0.775 to
1.022, respectively, and p-values become substantially larger with
the propensity score adjustment. The regression coefficient for
depression changed from 0.869 to 0.354. This adjustment did
not remove the imbalance completely; however, it resulted in
considerable improvement.

3.4. Treatment effectiveness model

The analyses presented here examine pre-post change on the
Hamilton rating scale for depression from the 529 subjects with
post-baseline ratings. (Although our future work will examine a
three-level model with repeated measures within subject, here,
we illustrate the proposed model with a two-level model that
examines one change score per subject.) We contrast two mod-
els, one with matching and one without matching. The for-
mer included both the cluster-specific and matched set random
effects, whereas the latter included only one random effect, the
cluster-specific intercept. SAS 9.3 Proc Mixed was used for the
effectiveness analyses.

The naïve model (i.e., that with no propensity score adjustment)
shows a significantly greater reduction in depression among
elderly primary care patients in care management clinics (care
management relative to usual care: bD 2.271; df D 509; tD 1.97;
pD 0.049). In contrast, when analyses are adjusted for variables in
the propensity model through matching, the intervention effect
is non-significant (b D 2.141; df D 275; t D 1.87; p D 0.063).
We acknowledge that the difference in results between the two
models is small. However, there could be a fundamental dispar-
ity in interpretation of results of the two approaches and that
could affect policy. In addition, the differences are small, but with-
out having performed the propensity score adjustment, we would
not have known that and the baseline differences would still call
the treatment effect into question. On the basis of the results of

Table I. Examination of intervention group balance with and without propensity score matching.

No adjustment Propensity score matched

Dependent variable Odds ratio 95% CI t p Odds ratio 95% CI t p

Suicidal ideation (y/n) 1.575 1.074 2.304 �2.329 0.020 1.208 0.722 2.020 -0.719 0.473
Minority(y/n) 0.713 0.504 1.009 1.909 0.056 1.025 0.958 1.097 �0.715 0.475
Gender 0.775 0.540 1.114 1.378 0.168 1.022 0.954 1.096 �0.623 0.533

B 95% CI t p B 95% CI t p
Depression 0.869 �0.094 1.833 1.770 0.078 0.354 �0.518 1.227 �0.800 0.426

CI, confidence interval.2
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the unadjusted model (p-value of 0.049, which is barely less than
0.05), the effectiveness of care management is suspect. This is fur-
ther emphasized in the results of the adjusted model where the
p-value is 0.063. The interpretation under the unadjusted model
would reinforce an ineffective care management program as a
preventative strategy to reduce risk factors for depression.

3.5. Sensitivity analyses

The sensitivity of results to the caliper of 0.40 was examined by
conducting analyses that used a caliper for matching of 0.10. The
matching procedure with a caliper of 0.10 included 525 of the
529 subjects who were included with a caliper of 0.40. As a con-
sequence, the results with a caliper of 0.10 were nearly identical
to those with caliper of 0.40: (b D 2.007; df D 272; t D 1.74;
pD 0.083).

4. SIMULATION STUDY

A simulation study was performed to examine bias reduction in
the estimates of treatment effectiveness with cross-cluster match-
ing. In the context of cluster RCTs, clinics represent the clusters. In
each simulated data set, 12 .n/ participants were included in each
of the 20 clinics .N/. Four predictors were used in the propen-
sity score model, which forms a basis for treatment assignment.
Subsequently, subjects were assigned to clinics through another
layer of a linear model under the condition that each clinic in a
cluster RCT only includes participants in the same treatment con-
dition. A continuous treatment effectiveness score was computed
for each subject, which was analyzed with and without propen-
sity adjustment by optimal full matching. Linear and nonlinear
mixed-effects models were employed throughout the whole pro-
cess. A 4 (coefficient combinations) �2 (calipers) �3 (true treat-
ment effects) factorial design was used. The details are given in
the remainder of this section.

4.1. Data generation and treatment assignment

First, a design matrix was generated of size Nxp, where N (num-
ber of rows) is the specified number of clinics, and p (number
of columns) represents four time-invariant variables (X1 to X4/.
X1 to X4 follow a standard multivariate normal distribution with
the correlation among the X variables set at 0.20. X1 and X3 were
then dichotomized to include an equal distribution of zeros and
ones. X1 and X2 were subject-varying; X3 and X4 varied across
rows (i.e., clinics). Because N D 20 and n D 12, the number of
subject-varying variables is 12�2 D 24 and there are two clinic-
varying variables, we generated 24 C 2 D 26 Xs from a multi-
variate standard normal distribution, then dichotomized half of
these variables. Prior to calculation of the propensity score (see
section 4.2), a latent score was computed using a linear combina-
tion of these four X variables with specified coefficients including
an intercept as well as a normally distributed clinic-level random
effect and a residual error that follows a logistic distribution. Treat-
ment .Tj D 0, 1/ was determined for each subject as a function
of this simulated latent score. The median score served as the
threshold value used to assign equal number of participants to
each intervention group. The Nxn data matrix includes the treat-
ment group indicator (0 or 1). In this matrix, rows are pseudo-
clinics (the rationale for this label is clarified below) and columns
are subjects within these pseudo-clinics. In each row, there are
different combinations 0s and 1s. The rows are in fact intended

to represent clinics, so participants were assigned to clinics using
a linear model that was based on X3 and X4; this model pro-
duced scores that were sorted for the re-assignment process of
participants to clinics. This adjustment was needed because of the
cluster randomized design, in which treatment is constrained to
be a constant within each clinic (a cluster). This was performed
by reshuffling the data until all participants within a clinic had
identical treatment assignment.

4.2. Propensity model

Prior to restructuring the data, propensity scores were calculated
using fitted values that come from a mixed-effects logistic regres-
sion model where the outcome is the treatment group and pre-
dictors are from X1 to X4. All model predictors, propensity scores,
and treatment group indicators used in this study were reshuffled
accordingly. After this process, X3 and X4 became hybrid predic-
tors rather than clinic-varying. What we mean by hybrid is that
they are technically subject-varying, but they do not always vary.

The odds ratios (eˇx / for two of the predictors .X1 and X2/ of
T to be included in the propensity model were constrained to be
equal, yet those values varied across the simulations .eˇ1 D eˇ2 D

1.0, 1.5, 2.0/. Similarly, odds ratios for X3 and X4 were constrained
to be equal and those values varied .eˇ3 D eˇ4 D 1.5, 2.0/. Fur-
thermore, in cases where eˇ1 and eˇ2 were both specified as non-
null values, the four odds ratios were constrained to be equal. That
leaves us with four combinations of ˇ1,ˇ2,ˇ3, and ˇ4. The odds
ratios for the two hybrid predictors, X3 and X4, represent their
associations with pseudo-clinics and varying minimally within
clinics. (As mentioned earlier, a pseudo-clinic, unlike a clinic, per
se, is a crude proxy for clinic and therefore does not correspond
one-on-one with treatment assignment.) The simulated propen-
sity scores e�.xi , vi/ were then calculated on the basis of fitted
values that come from a logistic regression model as described
in Section 2.1,

e�.xij/D P.Tij > kjx1i , x2i , x3i , x4i/ (4)

4.3. Outcomes

The effect of the investigational intervention (relative to a control)
on the continuous outcome .yij/ was specified in a linear mixed-
effects regression model, with standardized effect sizes of 0, 0.4,
and 0.7. The propensity model covariates .X1 to X4/ were speci-
fied to have effects on the outcome; these assumed one of two
values (� D 0.50 or 1.0) and were chosen in a parallel fashion such
that if the covariate eˇk D 1.0, �k D 0; if eˇk D 1.5, �k D 0.50; and if
eˇk D 2.0, �k D 1.0. The intraclass correlation coefficient was fixed
at 0.05 to allow for correlated outcome data among participants
within a clinic.

4.4. Calipers

The caliper used for matching varied and was specified to be
either 0.10 or 0.40. In this way, we could examine the tradeoff
between finer-grained matching and the greater loss of data from
non-matched observations.

4.5. Data analysis

For each simulated dataset, we estimated the parameters of the
propensity and effectiveness models. Specifically, the propensity
model was estimated from the logistic model given in (2) and
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was estimated using the lmer function in the lme4 package [14]
in R (Version 2.12.2). Observations were matched using optimal
matching with the optmatch package (Version 0.7-1 [13, 15] for
R. Each matched set included at least one observation from each
treatment group. The effectiveness estimates were derived from
the linear mixed model given in (3) using the lme4 package in R.

For comparative purposes, each data set was also analyzed with
an effectiveness model that excluded the matched-set specific
intercept, 'k

yij D ˛0C ˛Ti C �i C "ij (5)

This allowed for an evaluation of model performance with and
without propensity score-matching.

4.6. Evaluation of model performance

For each combination of simulation specifications, the following
evaluation quantities were calculated. Bias was defined as the
mean of the absolute difference between the specified treatment
effect and the parameter estimates. Coverage represents the pro-
portion of simulations in which the 95% CI for the parameter esti-
mate included the specified treatment effect. Root mean square

error is defined as

r
ET

�
OT � T

�2
. The percent bias reduction com-

pares performance of propensity score-based matched analyses
(3) relative to unmatched analyses (5). The percent of participants
included in the matched sets was also determined.

In sum, there are 24 combinations (2 caliper values �, 3 true
medication effect levels�, 4 coefficients). One thousand data sets
were generated and analyzed for each combination of simulation
specifications.
The steps of the simulation study can be summarized as follows:

(1) Generate data for nD 12 subjects within ND 20 clinics.

(2) Compute a latent score for each subject.
(3) Assign subjects to treatments by a median split on the latent

score.
(4) Compute the propensity scores based on Equation 4.
(5) Restructure the data to fulfill the requirement that subjects

within each clinic belongs to the same treatment group.
(6) Compute the treatment effectiveness score.
(7) Perform an optimal full matching procedure via the propen-

sity scores.
(8) Compute the estimated treatment effect with and without

matched set-specific random effects while setting �ms to
zero in Equation 3 to assess whether or not matching leads
to bias reduction and determine the extent that matching
subsumes the effects of covariates.

(9) Repeat this process 1000 times.
(10) Repeat Steps 1–9 for a 4 (coefficient combinations) � 2

(calipers) � 3 (true treatment effects) factorial design.
(11) Evaluate the performance by well-accepted accuracy and

precision measures.

5. SIMULATION RESULTS

5.1. Bias

The primary objective of the simulation study was to examine
bias reduction in effectiveness models with and without propen-
sity score-based matching in cluster RCTs with a small number of
clusters. The bias reduction with matching was noteworthy, rang-
ing from 78.7% to 93.3%. Nevertheless, matching did not remove
all bias. The reduction in bias with a matching caliper of 0.10
(Table II) was, at best, marginally better than for a caliper of 0.40
(Table III) (medians: 89.5% vs 89.9%) and this came at a slight
cost of fewer participants being included in matched sets, and

Table II. Simulation results for propensity score matching in cluster randomized controlled trial: caliperD 0.10.

Propensity model
Treatment Match Unadjusted Adjusted Bias Unadjusted Adjusted Unadjusted Adjusted
effect(T) eˇ1 eˇ3 (%) bias bias reduction(%) coverage coverage RMSE RMSE

0 1.0 1.5 96.2 0.182 0.039 78.67 52.5 98.3 0.202 0.049
1.5 1.5 96.2 0.484 0.064 86.83 46.4 98.9 0.518 0.083
1.0 2.0 95.9 0.609 0.048 92.12 7.2 99.4 0.634 0.061
2.0 2.0 94.7 1.440 0.097 93.23 1.6 99.0 1.494 0.133

0.4 1.0 1.5 96.2 0.180 0.037 79.60 52.0 99.1 0.199 0.046
1.5 1.5 96.3 0.481 0.067 86.06 49.8 98.4 0.516 0.085
1.0 2.0 95.8 0.613 0.046 92.46 6.5 99.5 0.638 0.057
2.0 2.0 94.9 1.437 0.096 93.32 1.6 98.1 1.492 0.129

0.7 1.0 1.5 96.2 0.184 0.039 78.90 50.8 99.1 0.202 0.048
1.5 1.5 96.2 0.491 0.072 85.39 47.0 98.6 0.524 0.092
1.0 2.0 95.9 0.612 0.046 92.57 7.2 99.7 0.636 0.058
2.0 2.0 95.0 1.457 0.102 93.01 2.0 99.0 1.520 0.136

Mean 95.8 0.68 0.06 87.7 27.1 98.9 0.71 0.08
Quartile 1 95.6 0.41 0.04 83.9 5.4 98.6 0.44 0.06
Median 96.0 0.55 0.06 89.5 26.8 99.0 0.58 0.07
Quartile 3 96.2 0.82 0.08 92.7 50.1 99.2 0.85 0.10

RMSE, root mean square error.2
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Table III. Simulation results for propensity score matching in cluster randomized controlled trial: caliperD 0.40.

Propensity Model
Treatment Match Unadjusted Adjusted Bias Unadjusted Adjusted Unadjusted Adjusted
effect(T) eˇ1 eˇ3 (%) bias bias reduction(%) coverage coverage RMSE RMSE

0 1.0 1.5 98.4 0.208 0.038 81.66 41.4 98.9 0.226 0.048
1.5 1.5 98.6 0.530 0.071 86.62 41.4 98.6 0.562 0.090
1.0 2.0 98.3 0.691 0.050 92.83 3.6 98.9 0.714 0.063
2.0 2.0 98.3 1.611 0.107 93.38 0.6 98.4 1.666 0.141

0.4 1.0 1.5 98.5 0.208 0.039 81.03 41.8 98.4 0.226 0.049
1.5 1.5 98.6 0.527 0.068 87.10 40.1 97.8 0.559 0.088
1.0 2.0 98.4 0.691 0.049 92.90 3.4 99.6 0.714 0.062
2.0 2.0 98.4 1.619 0.110 93.20 0.7 98.3 1.671 0.144

0.7 1.0 1.5 98.4 0.211 0.040 81.32 39.8 99.0 0.230 0.049
1.5 1.5 98.6 0.528 0.071 86.49 43.2 98.7 0.563 0.091
1.0 2.0 98.2 0.692 0.050 92.74 3.0 99.4 0.716 0.064
2.0 2.0 98.4 1.620 0.106 93.46 0.7 99.2 1.673 0.138

Mean 98.4 0.76 0.07 88.6 21.6 98.8 0.79 0.09
Quartile 1 98.4 0.45 0.05 85.3 2.4 98.4 0.48 0.06
Median 98.4 0.61 0.06 89.9 21.7 98.8 0.64 0.08
Quartile 3 98.5 0.92 0.08 93.0 41.4 99.1 0.95 0.10

RMSE, root mean square error.

therefore, included in the analyses (medians: 96.0% vs 98.4% were
included in matched sets).

5.2. Coverage

The 95% probability coverage in matched models was far supe-
rior to unmatched models (medians: 26.8% vs 99.0% for caliper
0.10; 21.7% vs 98.8% for caliper 0.40). In fact, coverage exceeded
95% in over three-quarters of the sets of specifications, indicat-
ing a conservative aspect of this adjustment procedure. This slight
efficiency loss can be regarded as a minor price to be paid for
substantial bias reduction.

5.3. Root mean square error

The medians for RMSE in the matched models (0.07 for caliper of
0.10 and 0.08 for caliper of 0.40) indicate substantial improvement
over the unmatched models (0.58 for caliper of 0.10 and 0.64 for
caliper of 0.40).

6. DISCUSSION

The cluster randomized trial is used across a range of areas of
medicine. The unit of randomization is not the participant but
instead, the clinic (or other such entity each treating numerous
patients). With a small number of randomized units, baseline
balance is certainly not assured. As a result of baseline imbal-
ance, post baseline differences cannot necessarily be attributed
to the experimental intervention. A propensity score cross-cluster
matching procedure to reduce bias in cluster RCTs with a small
number of clusters has been described and evaluated. Relative
to an unadjusted model, bias reduction with matching was quite
substantial in the simulation study, with a median in excess
of 90%.

This approach was applied to a cluster randomized trial for
depressed elderly primary care patients. There was a difference
in results of the adjusted and unadjusted models. The unadjusted
model suggests that the intervention was significantly effective
for depression, whereas the adjusted model did not. Although the
difference in parameter estimates was modest, the interpretation
of results and policy implications could be substantial.

The simulation study results presented here are limited to the
specifications that were examined. It is not known how these find-
ings would apply under different study characteristics including
a smaller number of clinics or patients and forms of the out-
come measure other than continuous variables. Furthermore, we
acknowledge that the propensity adjustment assumes that a fully
specified propensity model was used. If confounding variables
are omitted from the propensity score, bias attributable to those
variables will not be removed unless those variables are highly
correlated with variables in the model. This has been shown with
cross-sectional and longitudinal data [16, 17].

In conclusion, the simulation study provides strong empiri-
cal support for the use of propensity score-based cross-cluster
matching as a method of bias reduction in cluster RCTs with a
small number of clusters.
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