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Abstract

Background—When designing cluster randomized trials, it is important for researchers to be
familiar with strategies to achieve valid study designs given limited resources. Constrained
randomization is a technique to help ensure balance on pre-specified baseline covariates.

Methods—The goal was to develop a randomization scheme that balanced 16 intervention and 16
control practices with respect to 7 factors that may influence improvement in study outcomes during
a 4-year cluster randomized trial to improve colorectal cancer screening within a primary care
practice-based research network. We used a novel approach that included simulating 30,000
randomization schemes, removing duplicates, identifying which schemes were sufficiently balanced,
and randomly selecting one scheme for use in the trial. For a given factor, balance was considered
achieved when the frequency of each factor’s sub-classifications differed by no more than 1 between
intervention and control groups. The population being studied includes approximately 32 primary
care practices located in 19 states within the U.S. that care for approximately 56,000 patients at least
50 years old.

Results—Of 29,782 unique simulated randomization schemes, 116 were determined to be balanced
according to pre-specified criteria for all 7 baseline covariates. The final randomization scheme was
randomly selected from these 116 acceptable schemes.

Conclusions—Using this technique, we were successfully able to find a randomization scheme
that allocated 32 primary care practices into intervention and control groups in a way that preserved
balance across 7 baseline covariates. This process may be a useful tool for ensuring covariate balance
within moderately large cluster randomized trials.
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Introduction

“Cluster” (or “group”) randomized trials (CRTS), are trials that use a cluster as the unit of
randomization and cluster members as the units of analysis [1]. In contrast to traditional
randomized trials in which patients are randomized, CRTSs are often used in circumstances
when the intervention is administered at the level of the cluster.

The use of CRTSs has been steadily increasing since 1980 [2]. Within primary care research,
these study designs might be becoming more popular for several reasons [3], including a greater
national emphasis on improving quality of care (often requiring systems-level interventions)
[4], the development and growth of practice based research networks (which often provide
excellent infrastructure for CRTs) [5], and the continued adoption of electronic health records
(which greatly facilitate data collection) [6]. As CRTs become more common, it is important
that researchers become more familiar with the ways in which they differ from traditional
randomized clinical trials.

Because CRTs often include a small number of groups relative to the number of subjects, the
chance of treatment groups being imbalanced on important relevant covariates may be
unacceptably high [7-9]. Should the clusters be randomized in an imbalanced fashion, it may
be difficult to determine whether the estimated treatment effect is influenced by baseline
imbalance. While it may be possible to control for such imbalance in the analysis phase, results
may still be deemed “suspect” [10].

Several mechanisms have already been proposed for balancing baseline covariates across
treatment groups. The processes, collectively referred to as “constrained randomization”, have
been discussed in the statistical literature since the 1970°s [11,12]. These methods include
stratifying clusters prior to randomization [13,14] or pairwise matching of clusters [15,16].
Such techniques are ideal when there are sufficient numbers of subjects for each stratum.
However, having large numbers of strata in studies with small numbers of randomization units
can be impractical because of sparseness of subjects within each stratum [12]. Additionally,
imbalance may be minimized by selecting an appropriately balanced randomization scheme
from all possible allocations of clusters to treatments [17,18]. However, as the number of
clusters to be randomized increases, the number of possible randomization schemes grows
extremely fast, and enumerating all possible randomization schemes may be impractical due
to computational limitations. In this paper we propose an alternative method to achieve balance
across several (> 2) covariates in a CRT.

The research context is a 4-year CRT, called Colorectal Cancer (CRC) Screening in Primary
Care Practice (C-TRIP). The population being studied includes 32 primary care practices
located in 19 states within the U.S. that care for approximately 56,000 patients at least 50 years
old. They share acommon electronic medical record system and participate in a practice based
research network called Practice Partner Research Network (PPRNet).

The study protocol required 16 practices to be randomized to receive a specific practice-focused
intervention based upon the PPRNet quality improvement model [19,20] for improving CRC
screening and 16 practices to be randomized to a usual care control group. The multi-faceted
intervention incorporates quarterly provider feedback reports, semi-annual site visits by
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research investigators to help identify strategies for improvement, and annual network
meetings. The primary outcome is the proportion of active patients 50 year of age or older up-
to-date with any form of CRC screening.

Study investigators desired for the intervention and control groups to be balanced on 7 factors
of interest that might influence the degree of improvement in CRC screening. Factors included
baseline CRC screening performance (3 tertiles), presence/absence of state mandated insurance
coverage for CRC screening, past network experience with quality improvement projects (yes/
no), practice specialty (internal medicine or family medicine), number of healthcare providers
(3 groupings: 1 or 2, 3 or 4, 5 or more), geographic region (East, South, Midwest, West), and
whether or not the practice is a residency training program.

Because there were over 600 million ways to randomize these 32 practices into 2 groups,
enumerating all possible randomization schemes and assessing their level of covariate balance
was computationally impractical. We modified this approach by significantly reducing the
number of randomization schemes being assessed. This process included simulating
randomization schemes (i.e. randomly assigning the 32 practices into 1 of the 2 treatment
groups, 16 practices per group), removing duplicate schemes, identifying which ones were
sufficiently marginally balanced on the pre-specified covariates of interest (defined below),
and randomly selecting one scheme from all possible balanced schemes, with each having an
equal probability of being selected.

Based upon preliminary timings of our algorithm, we determined that it would be possible to
generate and assess approximately 30,000 randomization schemes within a reasonable amount
of time (24-hours). The computer was then programmed to conduct 30,000 simulations, to find
1 or more sufficiently balanced randomization schemes. Were a different study to have fewer
pre-specified covariates, more potential randomization schemes could be generated with a 24-
hour window, since balance assessment would be quicker.

To create a randomization scheme, we allocated 32 practices into 2 treatment groups by
assigning a random number to each practice using a statistical software program (i.e. SAS
v9.1.3, Cary NC), sorting the practices by the random number, selecting the first 16 practices
to be in the intervention group, and selecting the last 16 practices to be in the intervention
group, in effect randomly assigning each practice to intervention or control. This process was
repeated to generate 30,000 randomization schemes. Quicker algorithms may exist, but this
method is generalizable to other software packages.

To assess balance for a simulated scheme, we generated 2-way cross-tabulations of treatment
group by each factor of interest and saved the frequencies in a separate dataset, 1 observation
per scheme. For a given factor, balance was considered to have been achieved when the
frequency count of practices within each factor’s sub-classifications differed by no more than
1 between intervention and control groups. For example, since there were 8 practices in states
with mandated insurance coverage for CRC screening, 4 were forced to be in the intervention
group and 4 had to be in the control group; a 5:3 split was considered imbalanced. A series of
“If-Then” statements were used to determine whether marginal balance was achieved for all
of the 7 factors. Once the final randomization scheme was selected, we also compared
intervention and treatment groups on other baseline variables using non-parametric Wilcoxon
rank sum tests.
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Of the 30,000 generated randomization schemes, 228 were duplicates, assigning the same
practices to the treatment and control groups. Of 29,782 uniquely simulated randomization
schemes, 116 (0.39%) were balanced on all baseline factors of interest. The final randomization
scheme was randomly selected from these 116 acceptable schemes. By design, none of the 7
relevant baseline factors differed significantly between intervention and control groups (see
Table 1). Additionally, intervention group practices did not differ significantly from control
group practices with respect to number of eligible patients (p=0.99), baseline percent of eligible
patients up-to-date with CRC screening (p=0.87), average age among eligible patients
(p=0.84), and percent of eligible patients who are male (p=0.84).

Discussion

There is a growing need to optimize designs for CRTs. We have described a method that uses
minimal computer resources and which proves to be extremely efficient in achieving balance
across 7 covariates of interest in a 2-arm CRT involving 32 primary care practices. Since this
technique worked to achieve balance on 7 covariates, we can assume that it would have worked
with fewer than 7 covariates.

This approach has limitations. While we did find an appropriately balanced randomization
scheme, there is no guarantee that such a solution always exists. In such instances, we would
recommend relaxing the balance criteria in some fashion or considering alternative approaches.
For example, one might allow treatment groups to differ on a given factor, as long as a chi-
square test for group differences remained above a specified threshold (e.g. p > 0.10).
Additionally, while this algorithm helps achieve marginal covariate balance, it does not ensure
balance across other covariates within a given covariate’s classification groups. For example,
although the 2 residency programs are in different treatment groups, they are not balanced with
respect to geographic region. By identifying only 116 acceptable randomization schemes, we
may also have significantly reduced the statistical power for finding a significant treatment
effect if we were to rely solely on permutation tests [21] in the analyses. However, the statistical
power associated with hypothesis testing using general or generalized linear mixed models
remains unaffected. Had many (e.g. thousands) more unique schemes satisfied the balance
criteria, we might have been able to rely on a permutation test for the primary analysis, a
statistical test often recommended for CRTs.

The strength of this technique is its computational efficiency in achieving marginal covariate
balance across baseline covariates in a CRT. It may be particularly appealing when
stratification on multiple factors is impractical. These methods may also be generalizable to
studies involving 3 or more treatment group assignments, although more simulated
randomization schemes may be required to achieve balance in such situations.
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Table 1
Baseline comparison of practice characteristics among control and intervention
practices.
Control Practices (n=16) Intervention Practices (n=16)

Factors Used In Balancing Criteria
Geographic Region

East: n (%) 4(25.0%) 3 (18.8%)

South: n (%) 2 (12.5%) 3(18.8%)

Midwest: n (%) 5 (31.3%) 5 (31.3%)

West: n (%) 5 (31.3%) 5 (31.3%)
State-Mandated CRC Screening Coverage

No: n (%) 12 (75.0%) 12 (75.0%)

Yes: n (%) 4(25.0%) 4 (25.0%)
Baseline CRC Performance Tertile

Low: n (%) 5 (31.3%) 6 (37.5%)

Middle: n (%) 5 (31.3%) 5 (31.3%)

High: n (%) 6 (37.5%) 5 (31.3%)
Past network experience

No: n (%) 12 (75.0%) 12 (75.0%)

Yes: n (%) 4(25.0%) 4 (25.0%)
Specialty

Internal Medicine: n (%) 3 (18.8%) 2 (12.5%)

Family Medicine: n (%) 13 (81.3%) 14 (87.5%)
Number of providers

1or 2:n (%) 6 (37.5%) 5 (31.3%)

30r4:n (%) 5 (31.3%) 5 (31.3%)

5 or more: n (%) 5 (31.3%) 6 (37.5%)
Residency program

No: n (%) 15 (93.8%) 15 (93.8%)

Yes: n (%) 1(6.3%) 1(6.3%)

Other Factors
Number of patients 50 years and older per practice
Median (Interquartile Range) 982 (743 — 2460)

Percent of patients 50 years and older up-to- date
with CRC screening
Median (Interquartile Range) 51.6% (44.6% — 56.0%)

Average age of patients 50 years and older in each
practice

Median (Interquartile Range) 64.5 (62.7 - 67.2)
Percent of patients 50 years and older who are male

Median (Interquartile Range) 43.0% (38.9% to 47.3%)

1260 (752 — 2388)

50.8% (44.8% — 57.4%)

64.8 (63.6 — 67.0)

40.9% (38.9% to 49.1%)
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