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Abstract
Background

Intervention trials with nested designs seek to balance sites randomized regarding key site
characteristics. Among the goals of such site-level balancing is to accrue patient-level equivalence
among treatment arms. We investigated patient-level equivalence in a cluster randomized controlled trial,
which balanced study waves on site-level characteristics.

Methods

The Behavioral Health Interdisciplinary Program - Collaborative Chronic Care Model project utilized a
stepped wedge design to stagger implementation of an evidence-based team-oriented mental health
patient management system at 9 Veteran Affairs Medical Centers. Study sites were balanced on eight
site-level characteristics over time (3 balanced waves [consecutive time periods] with 3 sites per wave) to
minimize trend. Sites were balanced on selected site-level characteristics but not on patient-level
variables. We explored internal differences in patient demographics across the three study waves. Eligible
patients had at least two visits to a participating mental health clinic in the prior year and did not have a
diagnosis of dementia (n=5,596).

Results

We found modest but statistically signi�cant inter-site differences in age, marital status, ethnicity, service-
related disability, mental health hospitalizations, and selected diagnoses by study wave. Although many
of the differences in patient demographics by study wave were statistically signi�cant, only a few results
were practically meaningful as measured by effect size. A bipolar diagnosis (49.0%, 21.0%, 17.0% in
waves 1-3, respectively; Cramer’s V=.3124) and Hispanic ethnicity (2.9%, 29.6%, 2.0% in waves 1-3,
respectively; Cramer’s V=.3949) resulted in differences that were considered a ‘moderate’ effect size.  The
number of patient characteristics that were both statistically and meaningfully different by study wave
among all possible site assignments was comparable to the 34 most balanced site assignments
identi�ed in our balancing algorithm.

Conclusions

Using a balancing algorithm to reduce imbalance among site characteristics across time periods did not
appear to negatively affect the balance of patient characteristics across sites over time. A site-level
balancing algorithm that includes characteristics with a direct relationship to relevant patient-level factors
may improve the overall balance across key elements of the study, and aide in the interpretation of
results.

Trial registration: Hybrid Collaborative Care Randomized Program Evaluation (BHIP-CCM)

NCT02543840 (September 7, 2015)
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Background
Cluster randomized designs are used when individual patients are members of a larger unit, and
randomization is done at the level of the unit, rather than the level of the individual patient.(1). This
design is commonly used in health services or implementation research when it is necessary, or most
relevant, to randomize at the region, site, or clinic level, but measure outcomes at the level of members of
those units, e.g., patients. Site-level intervention trials with cluster-randomized designs hope to balance
sites randomized with respect to a large number of key characteristics most pertinent to patient care.(2) A
parallel, but often unstated, goal of such site-level balancing is to achieve patient-level equivalence
among sites and treatment arms. Even if site characteristics are balanced there is no guarantee that this
will translate into similar patient populations.

Numerous multivariate matching methods from various disciplines have been used to match patients to
simultaneously balance groups on many variables.(3–7) These methods produce best matches in terms
of a de�ned “distance”; they are in effect close but inexact matches. Rosenbaum and Rubin
demonstrated that certain distances are highly effective in producing balanced clusters, even when exact
matches are not used.(8) Although matching algorithms in a controlled trial design can reduce bias due
to the observed variables and increase the precision of analytical adjustments, these matching methods
will not likely remove all biases presented by unobserved covariates.(9) Additionally, cluster-randomized
designs are unable to match at the patient level, as characteristics on study patients are not available
when the study is designed.

We have demonstrated that a novel balancing algorithm can, as hypothesized, successfully reduce
imbalance across clusters in terms of site-level characteristics.(7) Therefore we subsequently
investigated the degree to which successful balancing at the site level resulted in similar patient
populations across treatment groups. We utilized the site-balancing algorithm to ensure similar groupings
of sites across three waves of a stepped wedge(2) implementation trial to establish evidence-based team
care in general mental health clinics in the Department of Veterans Affairs (VA).(10) Therefore, after
balancing sites across study waves, using site characteristics, we explored whether this site-level
balancing resulted in balanced patient-level demographic and clinical characteristics across study waves.
We are aware of no health services trial data that analyze whether site-level balancing results in patient-
level equivalence among treatment arms.

Methods
The Behavioral Health Interdisciplinary Program - Collaborative Chronic Care Model (BHIP-CCM) cluster
randomized controlled trial (ClinicalTrials.gov, NCT02543840) utilized a stepped wedge design (SWD) to
stagger implementation of an evidence-based team care program in general mental health clinics at nine
VA medical centers.(10, 11) Brie�y, all sites received implementation support to establish mental health
teams structured according to the evidence-based collaborative care model;(12, 13) however, sites were
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randomized with regard to the timing of the receipt of implementation support, which was stepped out in
three waves of three sites each.(10)

Types of balance in controlled trials
Prior to implementation, the nine BHIP VA study sites were balanced on eight site-level characteristics
over the three waves, with three sites assigned to each wave. Our method (7) allocates sites to study
waves so as to minimize a pre-speci�ed imbalance score. There are different types of balance in cluster
randomized controlled trials. The most familiar, mean balance, tries to make the mean values of each of
many site characteristics the same across every time-wave of a SWD. This is di�cult to implement with a
small pool of potential sites because an extreme outlier ruins mean balance. Another type of balancing,
sequential balance, tries to minimize the time trend of continuous factors over the time-waves of a SWD.
For example, a study hoping to reduce infection rates should avoid a design with all small hospitals in the
�rst wave and all large hospitals in the last wave, as hospital size would be confounded with time (i.e. did
infection rates fall over time or did large hospitals do better at preventing infection than small hospitals?)
Perfect mean balance implies perfect sequential balance, but the latter is easier to achieve. The BHIP-
CCM study sequentially balanced sites, but the same central question of obtaining balanced patient-level
characteristics would be relevant had the study mean-balanced sites.

For the initial site balancing we drew on the concepts behind the method of �ne balance proposed by
Silber, Rosenbaum, and Ross for medical outcome analyses that pro�le and rank hospital performance.
(14) With an abundance of patient data, their method can simultaneously balance up to 60 factors. We
also considered stable balancing weights proposed by Zubizaretta et al.(15) These methods complement
the propensity score methods put forth by Rosenbaum and Rubin.(8) However, these methods require a
large pool of potential controls. In contrast, we only had a pool of nine sites.

Balancing sites in the BHIP-CCM study
The BHIP-CCM research team, which consisted of healthcare system operational leaders and health
services and implementation researchers, began with a list of over 20 site characteristics that were
winnowed down to a set of 8 factors (after removing redundant or correlated characteristics) which were
then used to balance sites across the three waves: urban/rural; site complexity (a 5-level index including
relevant characteristics such as array of available services, inpatient care intensity, size of training
programs, etc.); region; proportion of care received via telephone calls (an index of use of non-traditional
treatment methods); percentage of primary care patients seen in integrated primary care / mental health
teams (an index of system redesign experience); number of BHIP-CCM teams established at the site prior
to the studyy; VA employee psychological safety score (a critical component both of team-building and of
system redesign efforts); and number of patients seen in general mental health clinics in the prior year
(an indicator of size and �ow through the mental health programs).

Detailed information about the site balancing algorithm that was used for the current study has been
published previously.(7) To measure the aggregate imbalance over many characteristics requires creating
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an imbalance score with a weight and an imbalance term for each characteristic. All characteristics were
categorized into tertiles. We generated n = 1,680 distinct site assignments from 20,000 permutations of
the nine sites assigning the �rst three sites to wave 1, the next three sites to wave 2, and the last three
sites to wave 3. After computing the imbalance score for all 1,680 assignments, we restricted to those 34
with the lowest overall imbalance scores, and randomly chose one permutation. Table 1 shows the
imbalance scores among all 1,680 site assignments and the 34 site assignments with minimal scores.
The primary set of factor representations used equal weights and re-expressed all characteristics as
categorical variables.

Table 1
Imbalance scores among all 1,680 site assignments and to the 34 site assignments with minimal scores

Site characteristics (categorical) All site
assignments (n = 
1,680)

Mean (sd)

Site assignments with
minimal scores (n = 34)

Mean (sd)

VA Employee Psychological Safety Score 0.40 (0.42) 0.12 (0.11)

Number of BHIP teams 0.38 (0.40) 0.15 (0.13)

Number of patients seen in general mental
health clinics in the prior year

0.36 (0.34) 0.09 (0.07)

Primary Care - Mental Health integration 0.40 (0.42) 0.10 (0.07)

Proportion of care via telephone 0.38 (0.40) 0.13 (0.11)

VA geographic region 0.40 (0.42) 0.09 (0.07)

Urban / Rural 0.40 (0.42) 0.18 (0.15)

Site Complexity 0.38 (0.40) 0.13 (0.11)

Overall Imbalance Score 3.10 (0.91) 0.99 (0.32)

BHIP-CCM study patient population
Having reduced imbalance among the site characteristics over time, for the current manuscript, we then
explored internal differences in patient demographics, hospitalizations, and diagnoses by facilities in
each study wave (n = 3 sites in k = 3 study waves). The eligible study population consisted of Veterans
who had at least two visits in the prior year (with at least one visit within the past three months) to a
general mental health clinic at one of nine Veteran Affairs Medical Centers (VAMCs) (n = 5,596).(10, 11,
16) A subset of up to 500 individuals from each VAMC were selected to complete a telephone-
administered survey battery at baseline, 6, and 12 months with a total of 1,050 Veterans who completed
an interview (n = 1,436 total interviews). Women were oversampled to increase gender balance. Two
weeks prior to calls, potential participants received mailed study information and opt-out instructions if
they chose not to be interviewed.
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Statistical analyses
We calculated the differences in demographic and clinical variables across our three study waves via chi-
squared tests for categorical variables and analysis of variance for continuous variables. The study
waves were sequentially balanced on site-level variables (as discussed above) whereas we tested for the
more stringent mean balance in patient-level variables across these waves. Effect size was obtained from
Cramer’s V test for categorical variables and by calculating eta squared (i.e. the between-groups sum of
squares divided by the total sum of squares) for continuous variables.(17, 18) For Cramer’s V, an effect
size of 0.1 is considered a 'small' effect size, 0.3 a 'medium' effect size, and 0.5 a 'large' effect size.(19)
For eta squared, an effect size of 0.01 was considered a 'small' effect size, 0.06 represented a 'medium'
effect size and 0.14 a 'large' effect size.(19) Statistical signi�cance was assessed at the p < .05 and p 
< .0001 level. We also explored the number of patient-level variables with a medium or large effect size
difference among all 1,680 site assignments versus the 34 site assignments with minimal scores,
identi�ed in our site balancing algorithm.(7) All data analysis was generated using SAS software, Version
9.4. All study procedures were approved by the VA Central Institutional Review Board.

Results
With a large sample size, we found modest but statistically signi�cant inter-site differences in age,
marital status, ethnicity, service-related disability, mental health hospitalizations, and selected diagnoses
by study wave (i.e. with the site assignments determined by our balancing algorithm; Table 2). Mean age
by waves 1–3 was, respectively: 53.2 years, 51.2 years and 52.4 years (p < .0001). Sites in wave 2 had a
much higher percentage of Hispanic/Latino (29.6%) than study sites in wave 1 (2.9%) or wave 3 (2.0%).
The percent married was similar in waves 1 (43.4%) and 3 (42.0%), but 53.9% in wave 2 (p < .0001). A
bipolar disorder diagnosis in the year prior was 49.0% in Wave 1, 21.0% in Wave 2, and 17.0% in Wave 3
(Chi-Square p < .0001). There were no statistically signi�cant differences across study waves by gender
(p = .31). Race (p = .0088), substance use (p = .0107), and personality disorder (p = .0038) were all
signi�cant at the p < .05 level but did not reach the p < .0001 level (Table 2).
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Table 2
Differences in patient demographics by study wave

  Wave 1 (n = 
1993)

Wave 2 (n = 
2060)

Wave 3 (n = 
1543)

p value Effect
Size

Age (mean (± sd)) 53.2 (14.3) 51.2 (14.7) 52.4 (14.3) < .0001 0.0035

Race (%)       0.0088 0.0359

White 79.1 81.7 77.3    

Black 18.6 15.4 19.4    

Other 2.4 2.9 3.4    

Hispanic/Latino (%) 2.9 29.6 2.0 < .0001 0.3949b

Female (%) 14.9 16.7 15.6 0.3074 0.0205

Service Connected 73.1 88.0 69.3 < .0001 0.1951a

Marital Status (%)       < .0001 0.0863

Married 43.4 53.9 42.0    

Never Married 16.2 15.6 21.6    

Divorced/Widowed/Separated 40.4 30.6 36.4    

Mental Health Hospitalization
(%)

6.1 2.0 5.4 < .0001 0.0897

Diagnoses (%)          

PTSD 48.9 59.2 38.8 < .0001 0.1628a

Substance Use 21.5 17.7 19.6 0.0107 0.0403

Anxiety Disorder 33.2 27.0 35.2 < .0001 0.0750

Bipolar Disorder 49.0 21.0 17.0 < .0001 0.3124b

Depression 50.3 35.2 48.7 < .0001 0.1415a

Pain 51.3 44.9 39.0 < .0001 0.0981

Personality Disorder 4.2 4.9 6.6 0.0038 0.0446

Schizophrenia 6.5 4.9 10.8 < .0001 0.0941

a small effect size; b medium effect size

Although many of these differences in patient characteristics by study wave were statistically signi�cant,
only a few results were practically meaningful as measured by effect size (Table 2). The difference in
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depression diagnosis across study waves (50.3%, 35.2% and 48.7% in waves 1–3, respectively) was
associated with a small effect size (Cramer’s V = .1415). A small effect size (Cramer’s V = .1620) was also
found in PTSD diagnoses across waves (48.9%, 59.2%, and 38.8% in waves 1–3, respectively) and
among the percent with a service-related disability (Cramer’s V = .1951; 73.1%, 88.0%, and 69.3% in waves
1–3, respectively). Only the difference across study waves among bipolar diagnoses (49.0%, 21.0%,
17.0% in waves 1–3, respectively; Cramer’s V = .3124) and Hispanic ethnicity (2.9%, 29.6%, 2.0% in waves
1–3, respectively; Cramer’s V = .3949) resulted in differences that were considered a ‘moderate’ effect size.
Among all 1,680 site allocation schemes, the number of patient characteristics that were both statistically
and meaningfully different (of a medium effect size, no large effect sizes were found) among waves was
2.7% (+/- .8%). Among the 34 site allocations that were identi�ed as the most balanced according to our
site-level algorithm(7), the number of patient characteristics that were both statistically and meaningfully
different among waves was 1.2% (+/- 3.7%).

Discussion
Balancing site-level characteristics over time should improve the precision of results in a multi-site
stepped wedge design intervention. Patient demographics among study sites may differ, despite a
balanced design to mute potential imbalance at the site level. The results of the current study
demonstrate that although allocating sites to study waves can reduce sequential imbalance among site-
level characteristics, patient characteristics among study waves may still differ. We are aware of no
health services trial data that analyze whether site-level balancing results in patient-level equivalence
among treatment arms.

Among study sites balanced with respect to eight site-level characteristics using a sequential balancing
algorithm(7), the three waves of sites differed in multiple patient demographic variables. Although
statistically signi�cant, many of the differences in patient demographics across study waves were of
small to moderate effect. Patient characteristics vary greatly by region, and by site-speci�c specialization,
making imbalance more likely. We found a higher percentage of Veterans who self-identi�ed as
Hispanic/Latino among our wave 2 study sites. Although sites overall were balanced by region two of the
three study sites in wave 2 are located in Texas. Differences in diagnoses across study wave were also
found, most notably among bipolar disorder. Regional variation in provider diagnostic practices and
availability of site-level services may explain some of these differences across VA medical centers.(20)

There are limitations to our study. First, data were collected from multiple sites of a large, publicly-funded
healthcare system, and results may differ in populations treated in other healthcare systems. Although
this study was conducted within the VA, external validity limitations of VA-based studies are diminishing
as health care organizations move toward integrated care models.(21–23) Second, the data on VA sites
originates from regular reports required by the VA administrative and �nancial management, but not
explicitly designed for research, and these national data might not contain some of the factors pertinent
to the research question. However, the VA employs one of the largest electronic health record systems in
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the nation, which is extensive in scope and captures a multitude of patient demographic and diagnostic
characteristics that were included in this study.(24)

Cluster randomized controlled trials that seek to balance characteristics at the site level should also
explore cross-group patient-level demographics to understand the extent to which these characteristics
are balanced across study groups. In this way, the interpretation of �ndings can appropriately consider
patient-level imbalance. Algorithms to balance site-level variables should include, to the extent available,
factors that re�ect relevant patient-level characteristics. For example, a study on the effect of patient
employment status on health outcomes may want to include ‘proportion employed’ among the site-level
factors to promote balance. If the number of patients in the study is very large, then covariate adjustment
may adequately correct for any overall imbalance at the site level.

Conclusions
Cluster randomized trials may risk imbalance across study arms even if the total number of patients
enrolled in the study is large. Using a balancing algorithm(7) to reduce imbalance among site
characteristics across time periods did not appear to negatively affect the balance of patient
characteristics across sites over time, further bolstering the potential utility of our site-level balancing
algorithm. In the future, site-level balancing algorithms that include characteristics with a direct
relationship to relevant patient-level factors may further improve the overall balance across key elements
of the study, and aid in the interpretation of results.
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