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Abstract

Studies in which clusters of individuals are randomized to conditions are in-
creasingly common in public health research. However, the designs utilized
for such studies are often suboptimal and inefficient. We review strategies
to improve the design of cluster randomized trials. We discuss both older
but effective design concepts that are underutilized, such as stratification and
factorial designs, as well as emergent ideas including fractional factorial de-
signs and cluster randomized crossover studies. We draw examples from the
recent literature and provide resources for sample size and power planning.
Given the inherent inefficiencies of cluster randomized trials, these design
strategies merit wider consideration and can lead to studies that are more
cost-effective and potentially more rigorous than traditional approaches.
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INTRODUCTION

In an individually randomized trial (IRT), individuals are randomized to treatment conditions and
the intervention is applied at the individual level. In a group or cluster randomized trial (CRT),
naturally occurring groups or clusters of individuals are the experimental units randomized to
conditions and the units to which the intervention is applied. The experimental units in CRTs
have included families, schools, work sites, churches, health care centers, and entire communities.

Since public health investigators first conducted cluster randomized trials in the 1970s (6,
26), the CRT has become a widely used design. CRTs are well suited to public health research.
Researchers have increasingly recognized that in order to change complex behaviors such as
tobacco use, physical inactivity, and unhealthy diet, which are associated with chronic diseases, it
is not sufficient to focus solely on interventions applied to the individual; rather, behavior change
also requires systems-level interventions focused on the societal or environmental factors that
influence these behaviors (47). CRTs are a natural design for the evaluation of health system
and policy interventions and other interventions applied to organizations of individuals (28, 47).
A relatively new intervention-delivery strategy is to target social networks, on the theory that
doing so will accelerate the spread of information and behaviors within a community and will
maximize behavior change at the community level (34). CRTs are a natural design for testing the
effectiveness of such delivery strategies.

Other factors can motivate the choice of clusters as the units of experimentation (6, 23, 26, 31).
These include the desire to avoid contamination, that is, exposure of individuals randomized to
one condition to the comparison condition. Other considerations are the logistical convenience
and cost containment that accrue when an intervention is applied at a group level, as well as a
desire to avoid the acceptability and ethical issues that can arise when individuals in the same
group are treated differently.

Literature reviews in the recent past have found widespread deficiencies in the design, analysis,
and reporting of CRTs, such as analyzing them as if they were IRTs, which typically leads to
underestimated standard errors and increased type I error rates (7, 18, 50). Such gross errors
have diminished. However, when resources are limited, it is not enough simply to avoid overt
errors; rather, we should strive to design studies to be as efficient as possible. Thus it behooves
investigators to understand all strategies available for improving a CRT and to use design features
that will achieve study objectives as cost-effectively and efficiently as possible.

To that end, this article reviews ideas for CRT design that may aid public health investigators
who seek improved, cost-effective, and rigorous studies. We discuss new design options that merit
serious consideration because of their economy and versatility but are not yet widely used. We
also discuss older but effective design strategies for CRTs. Classic statistical design, discussed in
texts such as that of Casella (8), offers many ideas for improving statistical efficiency. However,
these principles tend to be overlooked when designing CRTs. Our main focus is on strategies
that increase efficiency, that is, increase the precision of the intervention effect estimator. A more
efficient design achieves the same power with fewer resources.

This review is organized as follows. First, we discuss the most basic cluster randomized trial
design, the completed randomized parallel group CRT, which serves as a reference point. We
then discuss some classic methods of improving efficiency. These include blocking and factorial
designs. Factorial designs are especially useful for evaluating multicomponent interventions. We
then discuss some emergent design ideas, including fractional factorial designs and cluster ran-
domized crossover trials. We provide examples and sample size formulas and discuss resources for
conducting sample size and power calculation.
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For readers seeking general resources on the design and analysis of CRTs, a number of texts are
available, including those of Murray (41), Donner & Klar (23), Hayes & Moulton (31), Eldridge
& Kerry (26), Campbell & Walters (6), and Moerbeek & Teerenstra (39).

COMPLETELY RANDOMIZED PARALLEL GROUP DESIGN

The completely randomized parallel group design is the best understood CRT design. In this
design, clusters are allocated to intervention and control conditions using simple randomization
and remain in their allocated condition throughout the trial. This design is the analog of the
completely randomized IRT, except that clusters rather than individuals are randomized.

A key feature of CRTs is that they yield estimates of intervention effects that have higher
variance (higher standard error) than an IRT with the same number of individuals. The higher
variance arises from the cluster-based sampling of observations. This was first recognized by Corn-
field (17) and is explained in several texts (see, for example, 6, 23, 26). Suppose that we randomly
and independently sample n observations, e.g., children, from a population and compute the sam-
ple mean of an outcome. The variance of this sample mean is σ 2/n, where σ 2 is the variance of a
single observation, and its standard error is σ/

√
n. Now suppose that the observations are naturally

aggregated into clusters, e.g., children aggregated into schools, and we sample clusters. In this
case, we can apportion the total variance of an observation into two components, σ 2 = σ 2

B + σ 2
W ,

where σ 2
W represents the variance of observations within a cluster and σ 2

B represents the variance
of cluster-level means. Note that σ 2

W ≤ σ 2, reflecting that observations within the same cluster
tend to vary less than randomly selected observations from the overall population (23). The extent
of clustering will vary from setting to setting. We often quantify the magnitude of clustering using
the intraclass correlation coefficient (ICC), defined as the proportion of the total variance in the
outcome that is attributable to variance between clusters,

ρ = σ 2
B

σ 2
= σ 2

B

σ 2
B + σ 2

W
.

If we sample c clusters with m observations in each cluster for a total of n = mc observations, we
can show that the sample mean will have variance σ 2 [1 + (m − 1)ρ] /n = (σ 2

W + mσ 2
B )/n (40).

Because ρ is generally positive, 1+ (m−1)ρ will usually be greater than 1, and the variance will be
inflated compared with independent sampling. The factor 1 + (m − 1)ρ is the well-known design
effect or variance inflation factor for a CRT. Thus, a cluster-based sample will yield an estimate
of the intervention effect that has a larger standard error than yielded by independent sampling,
all else being equal, and more subjects will be required to achieve the same power.

Table 1 provides the total number of subjects required to achieve the desired power for a
comparison of means in a two-arm trial for various trial designs. The sample size formulas are
expressed in two different but equivalent forms, a variance components version and a correlation
coefficient version. Comparing the correlation coefficient versions for completely randomized
IRT and CRT designs, we see that the required sample size is inflated by the design effect,
1 + (m − 1)ρ, for the CRT. Similarly, comparing the variance components versions, we note that
σ 2

W + mσ 2
B > σ 2 = σ 2

W + σ 2
B , which also reflects variance inflation due to clustering.

The reader should note that in the formulas in Table 1, in order to focus on important
concepts, we have made simplifying assumptions such as equal variances, equal allocation, and
constant cluster size, which may not hold for all studies. Researchers should consult references
such as the texts cited in this article when designing a real trial. We illustrate the impact of the
design effect with an example.
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Table 1 Total number of subjects required to achieve desired power for comparing two means for various trial designsa,b

Design Variance components form Correlation coefficient form
Completely randomized IRT 4(zα/2 + zβ )2σ 2

(μ0 − μ1)2
4(zα/2 + zβ )2σ 2

(μ0 − μ1)2

Completely randomized CRT 4(zα/2 + zβ )2(σ 2
W + mσ 2

B )
(μ0 − μ1)2

4(zα/2 + zβ )2σ 2[1 + (m − 1)ρ]
(μ0 − μ1)2

Matched or stratified CRT 4(zα/2 + zβ )2(σ 2
W + mσ 2

B M )
(μ0 − μ1)2

4(zα/2 + zβ )2σ 2[1 + (m − 1)ρ − mρM ρ]
(μ0 − μ1)2

Crossover IRT 2(zα/2 + zβ )2σ 2
e

(μ0 − μ1)2
2(zα/2 + zβ )2σ 2(1 − ρe )

(μ0 − μ1)2

Crossover CRT, crossover at cluster level 4(zα/2 + zβ )2[σ 2
W (1 − mρC ) + mσ 2

B (1 − ρC )]
(μ0 − μ1)2

4(zα/2 + zβ )2σ 2[1 + (m − 1)ρ − mρC ]
(μ0 − μ1)2

Crossover CRT, crossover at individual level 2(zα/2 + zβ )2σ 2
e

(μ0 − μ1)2
2(zα/2 + zβ )2σ 2(1 − ρe )

(μ0 − μ1)2

Factorial CRT For factors with two levels, use formula for completely randomized CRT, possibly
with adjustment of α for multiple comparisons.

Abbreviations: IRT, individually randomized trial; CRT, cluster randomized trial.
aFormulas assume equal variances and correlations in the two study arms, equal numbers of clusters in each arm, constant cluster size, a two-sided test, and
a sufficient number of clusters to allow a normal approximation for the test statistic. Several authors recommend adding 1–2 clusters per arm to offset loss
of degrees of freedom from use of the t distribution when the number of clusters is small; see, e.g., Hayes & Moulton (31), Donner & Klar (23), or
Eldridge & Kerry (26).
bNotation: zγ , γ th quantile of the standard normal distribution; α, desired type I error rate; β, desired type II error rate; power, 1−β; m, cluster size;
μ0, μ1, true means in the control and intervention arms, respectively; σ 2, marginal (total, unconditional) variance of an observation in the population; σ 2

W ,
variance of observations within the same cluster; σ 2

B , variance of cluster-level means; σ 2
B M , variance of cluster-level means between clusters in same pair or

stratum; σ 2
e , variance of measurements on the same individual; ρ, intraclass correlation, correlation between two observations in same cluster, equal to

σ 2
B/(σ 2

W + σ 2
B ); ρM , correlation between cluster-level means of matched pairs of clusters, equal to σ 2

B M /(σ 2
W + σ 2

B M ); ρC , correlation between two
observations in same cluster in different periods; ρe , correlation between two measurements on the same individual.

Example of Completely Randomized Parallel Group CRT:
Tai Chi for Stroke Patients

The protocol for a CRT in China evaluating Tai Chi Yunshou exercises for community-based
stroke patients calls for randomly allocating community health centers to a Tai Chi exercise group
or a balance rehabilitation training group (54). A cluster-randomized design was selected over
individual randomization to avoid contamination and for logistical reasons. The study will recruit
25 participants from each center, and the ICC is projected to be 0.05. Thus the variance inflation
factor is 1 + (25 − 1)0.05 = 2.2, meaning that owing to the cluster randomized design, the study
requires 2.2 times as many participants as would be required for an IRT, all else being equal.

To improve the situation, we might consider increasing the sample size of each cluster, m.
However, even though increasing m increases the overall sample size, it can also increase the
variance inflation factor, so this strategy is typically of limited help. Rather, the key to increasing
the power and precision of a CRT lies in reducing the impact of between-cluster variability.

DESIGN STRATEGIES TO IMPROVE EFFICIENCY

A completely randomized parallel group CRT design does nothing to reduce the inefficiency
attributable to between-cluster variation. We now discuss several strategies to improve efficiency
for CRTs.
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Blocked Designs

Blocking, in the form of matching or stratification, is often used in CRTs. However, its advantages
are often overlooked, and it is not always utilized when it could prove helpful.

In a matched or stratified CRT design, clusters that are similar on one or more prognostic
characteristics are first grouped together, then clusters within groupings are randomized to con-
ditions (23, 31, 41). In a matched-pair design, clusters are formed into pairs and one cluster within
each pair is assigned to each condition. In stratified designs, clusters are grouped into larger strata;
the number in each stratum exceeds the number of conditions, and multiple clusters within each
stratum are assigned to each condition (31). Matching or stratification on one or more character-
istics prior to randomization ensures balance between arms on these variables (23, 31). Thus these
are useful strategies for achieving balance on baseline prognostic indicators when the number of
clusters is relatively small and simple randomization cannot be relied on to achieve balance.

The advantages of matching and stratification in terms of improved power and precision arise
when these designs are coupled with a matched or stratified analysis. In such an analysis, com-
parisons between conditions are made within matched pairs or within strata. If the matching is
very close, these comparisons will be similar to comparing the same experimental units under two
different conditions. This reduces between-unit (between-cluster) variability in the estimation of
the intervention effect, reducing the standard error and increasing power and precision.

The sample size formulas in Table 1 illuminate the increase in power. Compared with a
completely randomized design, in a blocked design, the variance of cluster means over all clusters,
σ 2

B , is replaced by the variance of cluster means within pairs or strata, σ 2
B M (31). If the matching

is good, we expect to have σ 2
B M < σ 2

B , and the sample size requirement is reduced. Similarly,
the correlation coefficient version of the formula shows that the design effect is decreased by an
amount mρM ρ, where ρM is the matching correlation, defined as the Pearson correlation for the
outcome computed over blocks of clusters (22, 23) and equal to 1 − σ 2

B M /σ 2
B (26).

Variants of this formula exist. Some authors use the approximation that the reduction in the
design effect for a matched-pair design compared with a completely randomized design is 1 − ρM

(22, 23). Thus, if the matching correlation is 0.25, the design effect will be reduced by 25%, all
else being equal.

There is an important caveat with matched designs, however. The degrees of freedom (df ) of
the test statistics for unmatched and matched analyses are different. For unmatched analysis, with
c clusters in each condition, a t-test statistic comparing the two conditions will have 2(c − 1) df.
For a matched analysis, with c matched cluster pairs, the t statistic will have c − 1 df, which is half
the value. A lower df for a t-distribution corresponds with a larger critical value and hence lower
power. The difference can be important when the number of clusters is small (23, 31).

Thus matching will yield an efficiency gain only if ρM is sufficiently high to offset the reduction
in df. For this reason, it is worthwhile to match or stratify only on cluster-level factors known to
be strongly associated with the outcome (23). Break-even values of ρM are provided in Hayes &
Moulton (31).

A further disadvantage of the matched-pair design is that loss to follow-up of a cluster implies
that both clusters in the pair must be dropped from a paired outcome analysis. Alternatively, an
unpaired analysis could be conducted, but doing so would lose the efficiency gains of matching.
This problem is less likely to occur in a stratified design, in which each stratum has multiple
clusters in each condition, better ensuring that within-stratum comparisons can be made.

Stratified designs and matched-pair designs share similar advantages in that the intervention
effect is estimated by comparing intervention and control clusters within strata, in which cluster
characteristics are similar, thus reducing the amount of between-cluster variability that enters into
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the comparison and ultimately the standard error. In practice, stratification into a few strata often
achieves almost as much reduction in between-cluster variance as does pair-matching, with fewer
df lost (31).

Example of matched-pair CRT design: the ACTIVITAL study. ACTIVITAL, a school-
based intervention conducted in urban Ecuador, aimed to improve diet and physical activity among
adolescents (1). A lifestyle intervention program tailored to the local context was developed and
implemented at each school. Randomization at the school level was utilized because intervention
development and implementation were school-based.

A matched-pair design was selected to ensure balance on four baseline characteristics: total
number of students; monthly school fee, a proxy for socioeconomic level; gender composition;
and time schedule of classes. In general, pair-matching on multiple criteria can be challenging.
However, the pool of eligible schools was large. Forty-nine schools were available, but sample size
calculations indicated that only 10 pairs (20 schools) were needed for adequate power. A total of
28 schools were paired, and 10 pairs were randomly selected.

Schools within pairs were randomly allocated to intervention and wait-list control condi-
tions. Within each school, four classes participated; measurements were collected at baseline and
28 months. The outcome analysis used linear mixed models with a random effect for each pair.

In general, pair-matching will be more efficient than stratification only if pairs can be very
closely matched on prognostic factors. In the ACTIVITAL study, there was a relatively large pool
of schools and detailed information was available on each school, which facilitated the formation
of well-matched pairs. In other studies, there is typically minimal information about the units
available in advance, which makes pair-matching less viable and stratification a better option.

Example of stratified CRT design: the Korean health study. The Korean Health Study was
a CRT to evaluate an intervention to promote hepatitis B virus testing among Koreans in Los
Angeles County (3). The units of randomization were Korean churches. Prior to recruitment, a
sampling frame of Korean churches in the county was developed, which included basic information
such as geographic location and membership size. These two factors were used as strata. Fifty-
two churches, stratified by size (small, medium, large) and location (Koreatown versus other),
were randomized to intervention or control conditions. Intervention church participants attended
a small-group session on liver cancer and hepatitis B testing, and control church participants
attended a similar session on physical activity and nutrition. The outcome was self-reported receipt
of a hepatitis B serological test.

Recruitment of churches into the trial spanned several years, during which the investigators
cycled through the six strata, sampling two churches within each stratum then randomly allocating
them to intervention and control. Although these pairs were not matched on additional church
characteristics, they were matched on timing of recruitment, which helped to control for secular
trends. The pairing was also a logistical convenience.

Several benefits accrued from the stratified design. The investigators ensured balance between
conditions on the stratification factors. The replicates of intervention and control units within
each stratum made it possible to obtain stratum-specific estimates of the intervention effect, and
these stratified analyses had internal validity because they were essentially randomized trials nested
within the larger study.

The pairing within stratum also proved beneficial. During the study, several churches in the
large Koreatown stratum were contaminated by free hepatitis B screening events conducted
by an outside organization. Sensitivity analyses were conducted by repeating the intervention
effect estimation dropping all members of any affected church pair, a strategy that preserved the
balance created by randomization. The results confirmed an overall intervention effect as well as
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intervention effects within all strata. Thus pairing within a stratum can be considered a strategy
to mitigate contamination. Cluster dropout could be handled in the same manner.

Factorial Designs

Many interventions involve multiple components, and their effectiveness is tested together as a
package. However, investigators are often interested in studying the effectiveness of the individual
intervention components. Factorial designs can be an efficient method to accomplish this objective.

Factorial experimental designs have a history that reaches back to the nineteenth century (61)
and discussion of factorial designs can be found in many texts (4, 33, 35, 49). However, factorial
designs have not been widely used in public health research or as part of a CRT (41). Articles
explaining and promoting the use of factorial designs for intervention research (9, 13) and within
CRTs (31, 41) have recently begun to appear in the literature.

Factorial designs involve two or more independent variables or “factors” varied within a single
study. Each factor has two or more levels, e.g., present/absent. In a full factorial design, all factors
are crossed with each other, such that all possible combinations of factor levels are represented;
for example, if one factor has two levels and a second factor has three levels, all 2 × 3 = 6 possible
combinations are evaluated. In a fractional factorial design, discussed later, only a fraction of the
possible combinations are utilized.

The completely randomized CRT can be viewed as a one-factor factorial design. Formulas for
one-factor designs can be used to predict power for the main effects of dichotomous factors when
there is more than one factor (24). In some studies, adjustments to sample size requirements may
be needed owing to df, alpha control for multiple hypothesis testing, or other considerations.

One key advantage of factorial experiments is that they can require much smaller sample sizes
than comparable single-factor experiments (13, 49). For example, consider a CRT setting involving
clusters of size 20 with an ICC of 0.04. Trial A will test Intervention A versus control. To detect
a standardized effect size (difference in means divided by pooled standard deviation) of d = 0.4
with 80% power and significance level 0.05, a total of 20 clusters will be required. Trial B will test
Intervention B versus control. To detect d = 0.3 with 80% power at level 0.05, 34 clusters will
be required. Conducted separately, the two trials require 54 clusters. In contrast, a 2 × 2 factorial
design, even with a Bonferroni-adjusted significance level of 0.025 for each comparison, would
require a total of only 40 clusters. The smaller sample size requirement occurs because all the
clusters are included in the estimation of each main effect.

Factorial designs are also “rich with information” (33, p. 195); they provide information about
not only the main effects of each factor, but also their combined or interaction effects. In our
example, the factorial design would provide information about the combined effect of Interventions
A and B. Interactions can, however, be more difficult to detect than main effects, so larger sample
sizes may be required if tests for interaction are important (31).

Factorial designs also have advantages from an equity standpoint, in that a greater proportion
of participants receive intervention. Whereas in a two-arm trial with equal allocation, 50% of
participants receive intervention, in a 2×2 factorial design, 75% of participants receive at least some
intervention. This higher probability of receiving treatment can enhance recruitment (5). Factorial
designs can also facilitate mediation analyses examining specific mediators for each intervention
component (12). Factorial designs have been promoted as useful for screening studies, in which
many candidate intervention components are simultaneously assessed to identify and screen out
inactive components (9, 24).

Factorial designs do have some limitations. Because the individual components are likely to have
smaller effect sizes than the full multicomponent intervention, a factorial experiment may require a
larger sample size than would a two-arm trial comparing a full intervention package with a control
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condition (58). However, the two-arm trial would not provide information on the effectiveness of
individual components. Factorial designs require close control over the combination of treatments
given to each unit, which may be difficult to achieve in community settings (49). The complexity
of dealing with interactions is off-putting for some investigators. However, main effects can still
be estimated in the presence of interactions in balanced designs (14), and interactions are often a
key object of interest for multicomponent interventions and should be a motivator for conducting
factorial studies rather than a reason to avoid them (13). Indeed, factorial designs are the only
experimental designs that can systematically investigate interactions (9). None of these limitations
is specific to CRTs. There are a limited but increasing number of examples of 2×2 factorial CRTs
in health research (37). Here we discuss a CRT with a three-factor design.

Example of a full factional CRT design: the HWStudy2. Caldwell et al. (5) report on the
design of a translational study implementing a substance use and sexual risk prevention program
in schools in South Africa. HealthWise (HW) South Africa is a curriculum of 18 lessons for students
in grades 8 and 9 that was previously shown in a CRT with nine schools in the Cape Town area to be
efficacious at reducing risky behaviors (51). Given its efficacy, administrators wished to disseminate
the program to the remaining 56 schools in the district. Researchers used this opportunity to design
a translational study, called HWStudy2, whose objective is to examine factors affecting the quality
and fidelity of program implementation and, ultimately, student outcomes.

Because the study outcomes have not been reported yet, we focus solely on the trial design. The
investigators were interested in the causal effects of each of three factors: enhanced teacher training;
enhanced teacher support, structure, and supervision; and enhanced school environment. Because
they were interested in the main effects of each enhancement, a factorial design was selected over
an intervention package approach. They hypothesized that each factor would have a main effect
on the outcomes, which were measures of implementation fidelity and student behaviors. Each
factor will have two levels, present and absent, for a total of 2 × 2 × 2 = 8 conditions. Seven
schools will be randomly allocated to each condition, for a total of 56 schools.

This design is not an eight-arm trial in which each condition is compared with the control
condition; such a design would have very low power. Rather, in this factorial experiment, the effect
of each of the three factors will be estimated using the entire sample of 56 schools. The authors
report that in order to achieve the same power as the factorial experiment, conducting individual
experiments on each factor would have required three times as many schools (5). Furthermore, in
this design, only one out of eight schools received none of the enhancement elements (and even
these schools will receive the basic HW program). Other advantages of the factorial design cited
by the investigators include the ability to estimate interaction effects and the effects of each of the
factors on specific mediators.

Fractional Factorial Designs

Sometimes a full factorial design is not an option because resources are too limited to implement
all possible combinations of factors or because some combinations cannot or should not be imple-
mented (14). In these cases, a fractional factorial design could be considered. A fractional factorial
design is derived from a full factorial by dropping some conditions (combinations of factors).
Although unfamiliar to many public health investigators, fractional factorial designs deserve con-
sideration because of their economy. These designs are discussed in texts on experimental design
(8, 35, 59) and in articles aimed at behavioral researchers (14).

The obvious advantage of a fractional factorial design is the reduction in the number of condi-
tions and experimental units utilized. One drawback is that when conditions are removed, certain
effects become completely confounded with each other and cannot be estimated separately. This
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is termed aliasing. However, researchers can strategically drop conditions so that effects of interest
are confounded only with effects that are expected to be minimal, e.g., high-order interactions (59).
Hence, it is quite feasible to achieve study objectives with a fractional factorial design. Because
fractional factorial designs are widely used in engineering and other fields, software to assist with
designs is widely available and includes the FACTEX procedure in SAS, the orthoplan procedure
in SPSS, and the R package RfR2.

Investigators may be concerned that the statistical analysis for a cluster-randomized fractional
factorial design would be overly complex. However, it is relatively straightforward to analyze
data from such studies using a multilevel modeling framework (60). A few examples of the use
of fractional factorial designs for health behavior research can be found in Nair et al. (42) and in
Strecher et al. (53). These studies used individual randomization. We discuss a rare example of a
CRT using a fractional factorial design.

Example of fractional factorial CRT design: the myPlaybook study. Wyrick et al. (60)
describe the design of a study to develop and test an online program, myPlaybook, for the
prevention of substance use among college student–athletes in the United States. A pilot study
of myPlaybook used the classic treatment package approach, in which the entire program—six
online lesson modules targeting risk and protective factors for substance use—was delivered as
a single package. The results did not provide clear guidance on how the effectiveness could be
improved. Thus the researchers decided to use a fractional factorial design to help optimize the
multicomponent intervention.

The study by Wyrick et al. used the multiphase optimization strategy, a three-phase framework
for the development and evaluation of multicomponent interventions proposed by Collins et al.
(12, 15, 16). During the preparation phase, researchers identified intervention components to
be studied and performance criteria to be optimized. In the optimization phase, incremental
experiments were used to evaluate the components, with revision or deletion of underperforming
components. The final evaluation phase involved a randomized trial to evaluate the optimized
intervention.

It was the evaluation phase of the myPlaybook study that used a cluster-randomized frac-
tional factorial design. Although the intervention was delivered to individuals in an online format,
student–athletes are clustered within schools. Thus, the investigators decided to randomize at the
school level to reduce the risk of contamination.

The investigators wanted to evaluate five intervention components corresponding to five spe-
cific lesson modules. A full factorial design would have required 25 = 32 conditions. Additionally,
the investigators wanted to stratify schools on division (level of college athletics). To have at least
1 school from each of the 3 divisions in each condition, at least 96 schools would have been re-
quired. To reduce the sample size, the investigators used a fractional factorial design. Reasoning
that high-order interactions would be negligible, they selected a design that combines main effects
with four-way interactions and two-way interactions with three-way interactions. Doing so cut the
number of conditions in half, to 16. Implementing 16 different conditions was feasible because the
program was delivered online, enabling close control over content delivery. The power analysis
for the CRT fractional factorial design was carried out using a SAS macro developed by Dziak
et al. (24, 38), and the investigators determined that 56 schools with 100 students per school would
provide 90% power to detect an effect size of d = 0.3.

Cluster-Randomized Crossover Design

The individually randomized crossover design is widely used in clinical research (43, 48). In a
2×2 individually randomized crossover trial, each participant receives two treatments during two
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successive time periods, in random order, with a washout period between them. Operationally,
individuals are randomized to receive treatments A and B in the order AB or BA.

The main advantage of a crossover IRT is increased statistical efficiency compared with a
parallel group trial. Comparisons are made within individuals rather than between individuals,
which removes interindividual variability from the treatment effect estimator and thus reduces
the standard error (10). As seen in Table 1, whereas the key variance component for a com-
pletely randomized IRT is the variance between measurements on different individuals, σ 2, the
key for a crossover IRT is the variance between measurements on the same individual, σ 2

e , where
σ 2

e = σ 2 (1 − ρe ) and ρe is the correlation between measurements on the same individual (see,
for example, 32). Because ρe is expected to be positive, σ 2

e < σ 2. Note that in a 2 × 2 crossover
IRT, the outcome of each individual is measured twice rather than once; hence the formula for
total individuals involves a factor of 2 rather than 4. The formula assumes no period or carryover
effects.

CRT crossover designs are rare but becoming more popular (2). In a 2 × 2 CRT crossover
design, clusters are randomized to AB or BA conditions. Like the crossover IRT, the crossover
CRT has increased statistical efficiency compared with a parallel group CRT. Comparisons are
made within clusters rather than between clusters; each cluster serves as its own control, which
removes between-cluster variability from the variance of the intervention effect estimator and thus
increases precision and power (31). Because the inefficiency of CRTs compared with IRTs is due
principally to between-cluster variation, this can represent a large efficiency gain.

A further advantage is that only half the total number of clusters is needed to achieve the
same number of person-years of observation compared with a parallel group trial (31). This can
be an important consideration when the available number of clusters is limited. In addition, all
participants receive all treatments.

In a crossover CRT, each cluster experiences each experimental condition. However, individ-
uals within clusters may not necessarily experience both conditions. Two design subtypes can be
distinguished (46). In a CRT with crossover at the cluster level, subjects are included in only one
period. This can occur naturally in short-term or acute care settings such as emergency rooms or
intensive care units (ICUs), in which individuals accrue and attain their outcome within a single
period, or can be implemented by design, by sampling different individuals within a cluster in
each period. In a CRT with crossover at the individual level, the same subjects are included in
both periods. Such designs may be used in longer-term settings such as schools or residential
facilities, where the same individuals are available to be observed during both time periods.

Table 1 shows that compared with a completely randomized CRT, the design effect of a
CRT with cluster-level crossover is reduced by mρC , where ρC is the correlation between two
observations in the same cluster in different periods [see Giraudeau et al. (29)]. From a variance
components perspective, the within- and between-cluster variances are reduced by factors of
1 − mρC and 1 −ρC , respectively. These formulas assume there are no period or carryover effects.
Variants of these formulas appear in the literature (46).

CRTs with individual-level crossover have the advantage of eliminating both between-cluster
and between-subject variation from the variance of the treatment effect estimator because the
comparison is between the same individual in the same cluster in different conditions. This strategy
reduces the standard error to an even greater extent, making CRTs with individual-level crossover
potentially extremely efficient compared with standard parallel group CRTs (46). In fact, as shown
in Table 1, if there are no period or carryover effects, a CRT with crossover at the individual level
is as statistically efficient as a crossover IRT without clustering (46).

Crossover CRTs have important limitations, however. When crossover is at the individual level,
the trials have the same limitations as IRT crossovers. They are appropriate only when treatment
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effects are reversible (not curative) and short-lived (25), and the outcome must be repeatable, which
rules out end points such as primary infection or mortality (48). Period effects may arise when
subjects do better or worse in a subsequent period because their physical or psychological status
changes, independent of treatment (48). Another concern is carryover effects, in which the first
treatment changes the subject’s status and that change persists into the second period (43, 46, 48).

Because many interventions involve education or training that is expected to have an ongoing
influence over an individual’s behaviors, carryover effects limit the usefulness of individual-level
crossover CRTs for intervention studies. For designs with cluster-level crossover, however, these
effects may be less of a concern. Carryover effects may be reduced or absent because individuals
do not carry over to the next period. Period effects may be reduced for the same reason, although
they may still occur because of secular trends or other changes in the cluster environment (46). Of
note, there are ways to account for carryover or period effects in the analysis model (43). Another
limitation of crossover CRTs is that the overall duration of a crossover study may be greater than
that for a parallel group study because time is needed for each cluster to undergo two conditions
rather than only one (31). Despite their limitations, the cluster randomized crossover design has
been gaining popularity and is increasingly used in nonclinical settings. We provide two examples.

Example of CRT with crossover at the individual level: the OPUS school meal study.
Damsgaard et al. (20, 21) report on a cluster randomized crossover trial that investigated the effects
on schoolchildren in Denmark of providing school meals that are rich in fish, vegetables, and fiber,
consistent with the New Nordic Diet (NND). Many outcomes were assessed, including dietary
intake, nutrient status, physical activity, fitness, sleep, growth, body composition, cardiometabolic
markers, illness, school absences, well-being, and cognitive function. Nine schools participated.
Year group within school was used as the unit of randomization because school activities are
typically coordinated by year group in Denmark; thus this design was practical and helped to
avoid dietary contamination among peers.

For two consecutive three-month periods, children received school meals based on the NND
or their usual packed lunch from home (control condition) in AB or BA order within their year
group. Crossover was at the individual level; the same children were exposed to both conditions.
Children were assessed at three time points: baseline, after the first period, and after the second
period. Owing to the crossover design and large sample, the study had high power, allowing
investigators to detect small effect sizes (d = 0.11) with 80% power based on a conservative
calculation (21).

In this crossover study, there is potential for period effects due to seasonality and child growth
and for carryover effects due to long-term metabolic change induced by diet. However, many
outcomes were examined, and these issues are less of a concern for some outcomes than for
others. On balance, the merits of crossover outweighed the drawbacks.

Example of CRT with crossover at the cluster level: antibiotic resistance in ICUs. An
example of a CRT with crossover at the cluster level is a planned trial involving eight ICUs in five
European countries, which aims to evaluate the effectiveness of two antibiotic rotation strategies
on reducing antimicrobial resistance in Gram-negative bacteria (56). In the mixing strategy, the
antibiotic regimen is changed with every new antibiotic course given to a patient. This strategy
aims to maximize antibiotic heterogeneity. In the cycling strategy, the regimen changes per time
block (weeks or months), and a single regimen is used within each time block. This approach
aims to maximize antibiotic homogeneity within each time block. The primary outcome is the
prevalence of antibiotic-resistant Gram-negative bacteria among patients in the ICU, determined
through monthly point-prevalence screening.
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In the crossover design, the ICUs will be randomized to one of the two interventions, imple-
mented for 9 months, followed by a 1-month washout, and then followed by the other strategy
for 9 months. Owing to patient turnover, the patients assessed in the same ICU under different
conditions are expected to be different.

Due to transmissibility, the bacterial colonization rates of patients within the same ICU are
highly dependent. A cluster-randomized design was selected over an IRT to physically separate
the two intervention populations (56). The crossover design enables comparison within ICUs,
thereby controlling for differences between ICUs in factors such as patient case mix. However,
the crossover design also increases the trial duration, making the trial susceptible to case mix
fluctuation over time and possibly magnifying the effect of baseline resistance, which can carry
forward over time. Thus this trial illustrates some of the trade-offs that are inherent in a crossover
design.

SAMPLE SIZE AND POWER PLANNING RESOURCES

We have provided some formulas for sample size calculation in Table 1. These formulas apply
only to the comparison of two group means and entail assumptions such as constant cluster size,
equal variances and correlations in the two arms, and a sufficiently large number of clusters to
use the normal rather than the t distribution. Thus we discuss additional resources for power and
sample size planning.

Sample size and power calculation for completed randomized parallel group CRTs have been
widely discussed (6, 23, 26, 31). Many authors have provided formulas that are adaptations of
IRT formulas and are straightforward to apply for posttest comparisons of rates, proportions,
or means. Other authors use a multilevel modeling perspective (36, 39, 41). R, SAS, and SPSS
code for two- and three-arm CRTs as well as three-level and multisite CRTs for continuous
outcomes are provided by Liu (36). Optimal Design Plus software (44, 52) supports these designs
and also covers binary outcomes. R code for many different CRT designs is provided in Campbell
& Walters (6). For matched-pair and stratified CRT designs, sample size and power formulas
applicable to posttest comparisons of rates, proportions, and means are discussed in several texts
(6, 23, 26, 31).

Several authors discuss sample size and power for 2×2 factorial designs for CRTs (26, 31, 55).
Fewer resources are available for larger factorial or fractional factorial CRT designs. Dziak et al.
(24) provide a detailed discussion, showing how calculations for unclustered factorial designs and
single-factor CRT designs can be adapted, and they provide power formulas and a SAS macro
(38) for both full and fractional factorial designs.

For CRTs with crossover at the cluster level, Harrison & Brady (30) and Giraudeau et al. (29)
discuss sample size and power for continuous outcomes. Forbes et al. (27) present methods for
binary outcomes and unequal cluster sizes. Reich et al. (45) provide a framework for estimating
power for crossover and parallel group CRTs via simulation using the R package clusterPower.

Sample size and power methods for CRTs with crossover at the individual level have received
less attention. Rietbergen & Moerbeek (46) discuss sample size and power for both types of
crossover CRTs (cluster-level and individual-level crossover). They also provide formulas for
optimal allocation of clusters and subjects for these designs.

DISCUSSION

We have reviewed several strategies that can help investigators design more efficient cluster ran-
domized trials. Several of these strategies are well known in other fields but are underutilized in
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public health, most likely owing to a lack of awareness. For example, public health researchers
seem to have largely overlooked the merits of factorial experiments. We hope it will become more
widely known that a factorial experiment analyzed using a classic factorial ANOVA can be a highly
efficient design.

Some strategies may be underutilized owing to perceived complexity. Some of the approaches
do require more statistical expertise. For example, in the OPUS School Meal Study, the data had a
nested and longitudinal structure, which necessitated the use of a linear mixed model with multiple
random effects for the outcome analysis (20). However, these designs can yield substantial benefits
in terms of efficiency and cost savings, and a well-trained statistician—who should be part of the
study team anyway—should be able to implement them.

There is increasing interest in the use of digital technologies to deliver behavioral and mental
health interventions, owing to their low delivery costs and tailorability (11, 19, 57). Strategies
such as fractional factorial designs should be more widely considered for such studies because
the technology can easily facilitate control over the combination of intervention components
delivered.

Crossover CRTs, and in particular CRTs with cluster-level crossover, can also be highly ef-
ficient. Although CRTs with individual-level crossover suffer from the same limitations as do
individually randomized crossover trials, when crossover is at the cluster level, the individuals in
each period within a cluster are different. This approach broadens the range of interventions and
outcomes that are suitable for a crossover trial because of the reduced risk of carryover effects and
the potential to accommodate nonrepeatable end points.

This review has not exhausted the possible strategies for improving the power and precision of
CRTs. Other strategies include covariate adjustment, which can increase precision if the covariate
is associated with variation in the outcome (6, 31, 39). This is the well-known analysis of covariance
(ANCOVA) approach (8). Also on the horizon are optimal design methods for CRTs, which seek
to find designs that minimize variance within cost constraints (see 55 for a recent review).

More power and sample size calculation tools are needed to facilitate adoption of these trial
designs. Unfortunately, sample size and power procedures in standard statistical software packages
typically do not accommodate CRT designs. Because clustered data are common, we hope that
software developers will respond to this need. In sum, the field of public health would benefit
greatly by increasing the adoption of both older and newer design ideas that can increase the
efficiency of cluster randomized trials.
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Making Healthy Choices Easier: Regulation versus Nudging
Pelle Guldborg Hansen, Laurits Rohden Skov, and Katrine Lund Skov � � � � � � � � � � � � � � � � � 237

Preventing Obesity Across Generations: Evidence for Early Life
Intervention
Debra Haire-Joshu and Rachel Tabak � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � 253

Sugar-Sweetened Beverages and Children’s Health
Rebecca J. Scharf and Mark D. DeBoer � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � 273

Visible and Invisible Trends in Black Men’s Health: Pitfalls and
Promises for Addressing Racial, Ethnic, and Gender Inequities
in Health
Keon L. Gilbert, Rashawn Ray, Arjumand Siddiqi, Shivan Shetty,

Elizabeth A. Baker, Keith Elder, and Derek M. Griffith � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � 295

Contents vii

A
nn

u.
 R

ev
. P

ub
lic

 H
ea

lth
 2

01
6.

37
:1

-1
6.

 D
ow

nl
oa

de
d 

fr
om

 w
w

w
.a

nn
ua

lr
ev

ie
w

s.
or

g
 A

cc
es

s 
pr

ov
id

ed
 b

y 
U

ni
ve

rs
ity

 o
f 

C
al

if
or

ni
a 

- 
L

os
 A

ng
el

es
 U

C
L

A
 o

n 
11

/1
8/

22
. F

or
 p

er
so

na
l u

se
 o

nl
y.

 



PU37-FrontMatter ARI 17 February 2016 13:59

One Hundred Years in the Making: The Global Tobacco Epidemic
Heather Wipfli and Jonathan M. Samet � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � 149

The Health Effects of Income Inequality: Averages and Disparities
Beth C. Truesdale and Christopher Jencks � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � 413

Health Services

A Review of Opportunities to Improve the Health of People Involved
in the Criminal Justice System in the United States
Nicholas Freudenberg and Daliah Heller � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � 313

Defining and Assessing Public Health Functions: A Global Analysis
Jose M. Martin-Moreno, Meggan Harris, Elke Jakubowski, and Hans Kluge � � � � � � � � � � 335

Opportunities for Palliative Care in Public Health
Liliana De Lima and Tania Pastrana � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � 357

Racial and Ethnic Disparities in the Quality of Health Care
Kevin Fiscella and Mechelle R. Sanders � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � 375

Rural Health Care Access and Policy in Developing Countries
Roger Strasser, Sophia M. Kam, and Sophie M. Regalado � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � 395

The Health Effects of Income Inequality: Averages and Disparities
Beth C. Truesdale and Christopher Jencks � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � 413

Indexes

Cumulative Index of Contributing Authors, Volumes 28–37 � � � � � � � � � � � � � � � � � � � � � � � � � � � 431

Cumulative Index of Article Titles, Volumes 28–37 � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � 437

Errata

An online log of corrections to Annual Review of Public Health articles may be found
at http://www.annualreviews.org/errata/publhealth

viii Contents

A
nn

u.
 R

ev
. P

ub
lic

 H
ea

lth
 2

01
6.

37
:1

-1
6.

 D
ow

nl
oa

de
d 

fr
om

 w
w

w
.a

nn
ua

lr
ev

ie
w

s.
or

g
 A

cc
es

s 
pr

ov
id

ed
 b

y 
U

ni
ve

rs
ity

 o
f 

C
al

if
or

ni
a 

- 
L

os
 A

ng
el

es
 U

C
L

A
 o

n 
11

/1
8/

22
. F

or
 p

er
so

na
l u

se
 o

nl
y.

 


	Annual Reviews Online
	Search Annual Reviews
	Annual Review of Public Health
Online
	Most Downloaded Public Health
Reviews 
	Most Cited Public Health
Reviews 
	Annual Review of Public Health
Errata 
	View Current Editorial Committee

	All Articles in the Annual Review of Public Health, Vol. 37

	Epidemiology and Biostatistics
	Improved Designs for Cluster Randomized Trials
	Mediation Analysis: A Practitioner’s Guide
	Nutritional Determinants of the Timing of Puberty
	Spatial Data Analysis
	Using Electronic Health Records for Population Health Research:A Review of Methods and Applications
	Metrics in Urban Health: Current Developments and Future Prospects
	A Transdisciplinary Approach to Public Health Law: The EmergingPractice of Legal Epidemiology

	Environmental and Occupational Health
	Cumulative Environmental Impacts: Science and Policy to ProtectCommunities
	Heat, Human Performance, and Occupational Health: A Key Issue forthe Assessment of Global Climate Change Impacts
	Metrics in Urban Health: Current Developments and Future Prospects
	One Hundred Years in the Making: The Global Tobacco Epidemic

	Public Health Practice
	A Transdisciplinary Approach to Public Health Law: The EmergingPractice of Legal Epidemiology
	One Hundred Years in the Making: The Global Tobacco Epidemic
	The Double Disparity Facing Rural Local Health Departments
	Using Electronic Health Records for Population Health Research:A Review of Methods and Applications
	Defining and Assessing Public Health Functions: A Global Analysis

	Social Environment and Behavior
	Civil Rights Laws as Tools to Advance Health in the Twenty-FirstCentury
	Documenting the Effects of Armed Conflict on Population Health
	Latino Immigrants, Acculturation, and Health: Promising NewDirections in Research
	Making Healthy Choices Easier: Regulation versus Nudging
	Preventing Obesity Across Generations: Evidence for Early LifeIntervention
	Sugar-Sweetened Beverages and Children’s Health
	Visible and Invisible Trends in Black Men’s Health: Pitfalls andPromises for Addressing Racial, Ethnic, and Gender Inequitiesin Health
	One Hundred Years in the Making: The Global Tobacco Epidemic
	The Health Effects of Income Inequality: Averages and Disparities

	Health Services
	A Review of Opportunities to Improve the Health of People Involvedin the Criminal Justice System in the United States
	Defining and Assessing Public Health Functions: A Global Analysis
	Opportunities for Palliative Care in Public Health
	Racial and Ethnic Disparities in the Quality of Health
	Rural Health Care Access and Policy in Developing Countries



