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Abstract Some experimental designs involve clustering
within only one treatment group. Such designs may involve
group tutoring, therapy administered by multiple therapists, or
interventions administered by clinics for the treatment group,
whereas the control group receives no treatment. In such
cases, the data analysis often proceeds as if there were no
clustering within the treatment group. A consequence is that
the actual significance level of the treatment effects is larger
(i.e., actual p values are larger) than nominal. Additionally,
biases will be introduced in estimates of the effect sizes and
their variances, leading to inflated effects and underestimated
variances when clustering in the treatment group is not taken
into account. These consequences of clustering can seriously
compromise the interpretation of study results. This article
shows how information on the intraclass correlation can be
used to obtain a correction for biases in the effect sizes and
their variances, and also to obtain an adjustment to the signif-
icance test for the effects of clustering.
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Meta-analysis

Randomized field experiments sometimes assign entire intact
groups (such as schools, classes, wards, or hospitals) to treat-
ments. Such designs are called nested or cluster-randomized
designs, because the intact groups are nested within treatment
conditions, and the groups may act as statistical clusters in the
sense of cluster sampling (see, e.g., Donner & Klar, 2000).
Such designs may be used for reasons of convenience (when it

is practically or politically difficult to assign individuals with
the same cluster to different treatments) or to minimize con-
tamination of different treatments within the same cluster. The
purpose of such designs is typically to estimate the average
effect of the treatment across groups (e.g., across schools).
Although analyses could (and often do) attempt to model the
variation across clusters, the cluster effects are taken to be
random, and the purpose is to generalize treatment effects to a
population of clusters from which the observed clusters are a
sample.

Sometimes clustering arises within one treatment group
(e.g., the active treatment), but not the other (e.g., a waitlist
control). For example, when the treatment is administered to
subgroups by agents such as teachers, tutors, or therapists and
it is expected that the agents may not produce identical effects,
then each subgroup may acquire a component of variance due
to the agent with whom they worked. In such cases, the
subgroups are statistical clusters whose effects need to be
taken into account in the statistical analysis and in computing
effect size estimates and their sampling variance. When such
treatments are compared to a no-treatment control, the situa-
tion is one in which clustering occurs in the treatment group,
but not in the control group. This is sometimes called a
partially clustered (or partially nested) design. Designs such
as that described above can be found in numerous fields,
including education, psychology, and medicine.

Several authors have developed multilevel random- and
mixed-effects models that take one-group clustering into ac-
count in order to test for individual-study significance (e.g.,
Bauer, Sterba, & Hallfors, 2008; Hoover, 2002; Lee &
Thompson, 2005; Lohr, Schochet, & Sanders, 2014; Roberts
& Roberts, 2005). However, too often the clustering is
ignored, and the data are analyzed as if the observations are
independent of one another. Pals et al. (2008) reviewed arti-
cles in six public health and behavioral health journals span-
ning the years 2002 to 2006, in order to examine how
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individually randomized trials with treatments administered in
groups were analyzed. They found that 32 out of 34 articles
ignored the group level entirely, analyzing the data only at the
individual level. Analyses that incorrectly assume that the
observations are independent may lead to wrong conclusions,
because ignoring the extra between-cluster variation underes-
timates the error term, inflates the magnitude of the effect size,
and can lead to inflated Type I errors in tests of hypotheses
about treatment effects (see, e.g., Wampold & Serlin, 2000).

The effects of clustering in all treatment groups on effect
size estimation were considered by Hedges (2007a, b, 2011).
In 2007, he derived adjusted statistics that allow for the
calculation of effect sizes (and their sampling variances) when
the summary data come from a two-level cluster-randomized
design (e.g., when students are clustered within classrooms).
In 2011, Hedges extended his analysis to allow for correction
in three-level designs (e.g., when students are clustered within
classrooms, which are then clustered within schools). Both
studies take clustering into account when it exists in both the
treatment and control groups; however, we know of no devel-
opment of effect size methods when there is clustering in only
a single group. This problem was called to our attention by a
colleague conducting a meta-analysis.

Meta-analyses involve a synthesis of statistical estimates
from various studies being used to summarize a particular
topic (Lipsey & Wilson, 2001). Summary statistics in each
study are used to estimate effect sizes, which are then com-
bined to compute tests of significance for the combined results
and to describe the pattern of results on the given topic
(Hedges & Olkin, 1985). However, if the magnitudes of the
effect sizes included in the meta-analysis are inflated or their
variances are underestimated, the overall combined mean
effect and its variance will also be affected, which may lead
to incorrect inferences. Although the multilevel random- and
mixed-effects models that take one-group clustering into ac-
count lead to valid tests of individual-study significance, to
our knowledge no account has described how to compute
effect sizes or their sampling variances in partially clustered
designs. The purpose of this report is to describe methods for
computing effect size estimates and their variances when there
is clustering in only one group and the analysis has not taken
clustering into account.

The article is organized into several parts. First, we define
the model. Then we provide equations for the appropriate
effect size computations and show the calculations via exam-
ple. Finally, we provide an adjustment for the significance test.
In the Appendix, we provide the derivations for the statistics.

Model

Denote the jth observation in the ith cluster in the treatment by
Yij

T (i =1, . . . , m; j =1, . . . , n), so that there are m clusters of

size n in the treatment group. Denote the ith observation in the
control group by Yi

C (i =1, . . . , NC). Notice that there are no
clusters in the control group. Thus, the sample size is NT = nm
in the treatment group and NC in the control group, and the
total sample size is N = NT + NC = nm + NC.

We denote the mean of the ith cluster in the treatment group

by Y
T
i• (i =1, . . . , m), and denote the overall (grand) means in

the treatment and control groups by Y
T
•• and Y

C
• , respectively.

We also define the total pooled within-group variance ST
2 via

S2T ¼
X
i¼1

m X
j¼1

n

YT
i j−Y

T

••

� �2

þ
XNC

i¼1

YC
i −Y

C

•

� �2

N−2:

Assume that the observations are normally distributed
within the treatment group clusters with cluster means μi

T

and within-cluster variance σW
2. Assume that the observations

are also normally distributed in the control group, with mean
μC and variance σW

2. That is,

YT
i j∼N μT

i ;σW
2

� �
; i ¼ 1; : : : ;m; j ¼ 1; : : : ; n;

YC
i ∼N μC;σW

2
� �

; i ¼ 1; : : : ;NC:

Assume that the clusters in the treatment group have ran-
dom effects (e.g., they are considered a sample from a popu-
lation of clusters), so that the cluster means themselves are
normally distributed with mean μ●

T and variance σB
2. That is,

μT
i ∼N μT

• ;σ
2
B

� �
; i ¼ 1; : : : ;m:

Thus, notice that the standard deviation in the control group
is simply σW, whereas the standard deviation in the treatment
group is a combination of σW and σB, or σT, defined by

σ2
T ¼ σ2

B þ σ2
W :

Note that the variance, σB
2 of the treatment clusters can be

interpreted either as variation due to groups themselves or to
variation (heterogeneity) in treatment effects. If it is due to
variation in treatment effects, then some investigators might
wish to model that variation as a function of explanatory
variables (such as characteristics of therapists). Alternatively,
they might be primarily concerned with the average treatment
effect across clusters. This article deals with the situation like
that found in over 90 % of the studies cited by Pals et al.
(2008), in which the investigator has chosen not to model
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between-treatment-cluster variation, so that the focus is im-
plicitly on the average treatment effect across clusters.

A parameter that summarizes the relationship between the
variances is called the intraclass correlation coefficient ρ,
which is defined by

ρ ¼ σ2
B

σ2
B þ σ2

W

¼ σ2
B

σ2
T

: ð1Þ

The intraclass correlation ρ can be used to obtain σW from
σT, as σW

2 = (1 – ρ)σT
2.

Because intraclass correlations are used in planning cluster-
randomized experiments, there have been considerable efforts
to develop empirical evidence about intraclass correlations.
One form of evidence is based on intraclass correlation esti-
mates from experiments that have already been conducted
(see, e.g., Baldwin et al., 2011; Schnurr et al., 2007). Another
form of evidence is based on secondary analyses of sample
surveys that use cluster-sampling designs (see, e.g., Hedges &
Hedberg, 2007). In order to produce a reference guide for
planning cluster-randomized trials in education, Hedges and
Hedberg (2007) compiled a collection of intraclass correlation
coefficients of academic achievement and provided extensive
tables of ρ values in the Variance Almanac, available on the
website for the University of Chicago’s Center for Advancing
Research and Communication. A third form of evidence is
based on census data collections from administrative units,
such as school districts or states (see, e.g., Bloom, Richburg-
Hayes, & Black, 2007; Hedges & Hedberg, 2013).

Effect sizes

The most commonly used effect sizes in experimental educa-
tional and psychological research are standardized mean dif-
ferences, defined as the difference between the treatment and
control group means divided by (i.e., standardized by) a
standard deviation. In designs in which there is statistical
clustering, in at least one of the treatment groups, there is
more than one standard deviation, leading to more than one
possible definition of the standardized mean difference (see,
e.g., Hedges, 2007b).

Here we focus on designs in which there is clustering in
only one group (the treatment group). Two effect sizes are
possible, depending on whether or not one wants to include
between-cluster–within-treatment group variance in the stan-
dard deviation.

In some cases, the clustering in the treatment group is
caused by the administration of the treatment. For example,
if the treatment is administered by agents (e.g., therapists) that
have different effects from one another, additional variance
might be created that would not occur in the control group. In

this case, one might argue that the “natural” standard deviation
of the outcome is one that does not include the extra outcome
variance induced by the treatment clustering. This would be
consistent with the position that the appropriate standard
deviation to use in defining the effect size is the control group
standard deviation. In this case (if σW ≠0, and hence ρ ≠1), one
effect size parameter has the form

δW ¼ μT
• −μC

σW
: ð2Þ

In other cases, it may be reasonable to think that the
clustering is the “natural” situation. (In this case, it may be
easier to think of the group without clustering as the “treat-
ment” group, but the labels “treatment” and “control” are
entirely arbitrary.) For example, consider a treatment that is
usually delivered in a small group setting by agents leading
groups, and an experiment to evaluate whether the treatment
was just as effective if administered in a single large group.
Because the small-group administration of the treatment is the
standard administration, it might be sensible to include the
additional variance associated with clustering in the standard
deviation used to define the effect size. This leads to a second
effect size parameter of the form

δT ¼ μT
• −μCffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2
B þ σ2

W

p ¼ μT
• −μC

σT
: ð3Þ

Note that if the intraclass correlation ρ is known, it is
possible to obtain δW from δT (and vice versa), because

δW ¼ δT
. ffiffiffiffiffiffiffiffi

1−ρ
p

:

Estimating the effect sizes

It is our experience that the information reported in
studies will often involve ST (e.g., when the clustering
within the treatment group was ignored in the statistical
analysis). The actual data might be a standard deviation
or a t or F statistic from an analysis that ignored
clustering. Because we believe that the information most
likely to be reported will involve ST, we focus first on
estimating δT using ST and converting this estimate to an
estimate of δW, if that estimate is desired. However,
occasionally, only SW is reported and not ST (see, e.g.,
Chaplin & Capizzano, 2006). Consequently, we also
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address estimation of δW and δT when only SW is
reported.

Estimating δT when ST is reported

One might expect that

dNaive ¼ Y
T

••−Y
C

•

ST
ð4Þ

would be an unbiased, or nearly unbiased, estimate of δT.
However, this dNaive has a small but systematic bias (which
does not disappear even in large samples), due to the fact that
ST

2 consistently underestimates σT
2 when there is clustering in

the treatment group.
The intraclass correlation coefficient ρ may be used to

obtain an estimate of δT that takes clustering in the treatment
group into account. A direct argument shows that a consistent

estimator of δT is

dT ¼ Y
T

••−Y
C

•

ST

0@ 1A ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1−

NC þ n−2
� �

ρ

N−2

s
: ð5Þ

The second factor (under the radical sign) arises as a
correction for the bias in ST

2 as an estimate of σT
2. Note that

when ρ =0, so that there is no clustering, the correction factor
is 1 and dT = dNaive. The expression for dT makes it clear that
|dT| ≤ | dNaive | and the difference between dT and dNaïve is an
increasing function of ρ, but also that the value of dT is often
very similar to that of dNaive. For example, if NC =10, m =2,
and n =5, so that NC = NT =10, the ratio dT/dNaive ranges from
.98 for ρ = .05 to .91 for ρ = .25. Note that if there is no
clustering, so that ρ =0, dT given in Eq. 5 reduces to the usual
standardized mean difference.

The estimator dT is approximately normally distributed
with variance

vT ¼ N

NTNC 1þ nNC

N
−1

� �
ρ

� �
þ

N−2ð Þ 1−ρð Þ2 þ NT−n
� �

nρ2 þ 2 NT−n
� �

1−ρð Þρ
h i

δ2T

2 N−2ð Þ 1−ρð Þ þ NT−n
� �

ρ
	 
2

¼ N

NTNC 1þ nNC

N
−1

� �
ρ

� �
þ δ2T

2h
;

ð6Þ

where h is the effective degrees of freedom of ST
2, given by

h ¼ N−2ð Þ 1−ρð Þ þ NT−n
� �

ρ
	 
2

N−2ð Þ 1−ρð Þ2 þ NT−n
� �

nρ2 þ 2 NT−n
� �

1−ρð Þρ : ð7Þ

Note that the term [1 + (nNC/N – 1)ρ] is a design effect or
variance inflation factor that describes the ratio of the variance
of the mean difference when one group is clustered to that
when neither group is clustered. Moreover, observe that in a
balanced design in which NT = NC, the design effect becomes
[1 + (n/2 – 1)ρ]. Comparing the design effect just given for
clustering in one group with that when there is clustering in
both groups, [1 + (n – 1)ρ], we see that clustering in one group
has the same impact on the variance of the mean difference as
clustering in both groups, with cluster sizes half as large (i.e.,
clusters of size n/2 vs. n). When clustering is ignored, the
variance is computed as

vNaive ¼ N

NTNC þ d2Naive
2 NT þ NC−2
� � : ð8Þ

Although the value of dT is often quite similar to the
value of dNaive, the variance of dT is typically consider-
ably larger than the value of the variance that would be
computed if clustering was ignored. Note that if ρ =0,
so that there is no clustering, Expression 6 reduces to
Expression 8 and vT = vNaive. For example, if NC =10,
m =2, and n =5, so that NC = NT =10, the ratio vT/vNaive
ranges from 1.07 for ρ = .05 to 1.36 for ρ = .25. In the
latter case, vNaive underestimates the variance of dT by
more than a third. Note that when there is no clustering
so that ρ =0, then h = N – 2, and the variance given in
Eq. 6 reduces to the variance ignoring clustering given
in Eq. 8.

An approximately unbiased estimate of δT (analogous to
that given by Hedges, 1981) can be obtained by multiplying
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dT by

J hð Þ ¼ 1−
3

4h−1
; ð9Þ

where h is the effective degrees of freedom of ST
2 given in

Expression 7. Thus, the approximately unbiased estimator of
δT is

gT ¼ J hð ÞdT ; ð10Þ

which is an analogue of Hedges’s g in designs without clus-
tering, and which has variance [J(h)]2vT.

Estimating δW when ST is reported

If ρ ≠1 (so that σW ≠0) and an estimate of δW is desired, then
the estimate dT can be converted into an estimate of δW by
using the intraclass correlation; namely,

dTffiffiffiffiffiffiffiffi
1−ρ

p ð11Þ

estimates δW and has variance vW = vT/(1 – ρ). Similarly, an
approximately unbiased estimator of δW is

gTffiffiffiffiffiffiffiffi
1−ρ

p ¼ J hð ÞdTffiffiffiffiffiffiffiffi
1−ρ

p ; ð12Þ

and has variance [J(h)]2vW = [J(h)]2vT /(1 – ρ).

Estimating δW when SW is reported

If ρ ≠1 (so that σW ≠0), the effect size estimator

dW ¼ Y
T

••−Y
C

•

SW
: ð13Þ

is a consistent estimator of δW, where SW is the standard
deviation of the control group. It is approximately normally
distributed with variance

vW ¼ N

NTNC

1þ nNC

N
−1

� �
ρ

1−ρ

0BB@
1CCAþ δ2W

2 NC−1
� � : ð14Þ

Note that when there is no clustering, so that ρ =0, the
variance given in Eq. 14 reduces to the variance of an effect
size standardized by the control group standard deviation
when clustering is ignored. An approximately unbiased esti-
mator of δW is

gW ¼ J NC − 1
� �

dW ; ð15Þ

which is an analogue of Hedges’s g, and which has variance
[J(NC – 1)]2vW.

Estimating δT when SW is reported

If ρ ≠1 (so that σW ≠0) and an estimate of δT is desired, then the
estimate dW can be converted into an estimate of δT by using
the intraclass correlation; namely,

dW
ffiffiffiffiffiffiffiffi
1−ρ

p
ð16Þ

estimates δT and has variance vW(1 – ρ). Similarly, an approx-
imately unbiased estimator of δT is

gW
ffiffiffiffiffiffiffiffi
1−ρ

p
¼ J NC−1

� �
dW

ffiffiffiffiffiffiffiffi
1−ρ

p
ð17Þ

and has variance [J(NC – 1)]2vT (1 – ρ).

Example

Kubany et al. (2004) conducted a study on cognitive trauma
therapy for battered women (CTT-BW) with posttraumatic
stress disorder (PTSD). They administered cognitive therapy
to women assigned to one of two groups: the immediate
therapy group, who received cognitive trauma therapy right
away, and the delayed therapy group, who received therapy
only six weeks after initial assessment. The women were
assessed on various measures at four different time-points in
order to assess treatment effects. We focused on the results of
the Clinician-Administered PTSD Scale (CAPS) at the second
time point, which compares the women two weeks after the
immediate therapy group has completed CTT-BWand directly
before the delayed therapy group has received CTT-BW. (The
results that we use to conduct our calculations for this example
can be found in columns 3 and 8 of Table 3 of that article:
“Posttherapy for the immediate therapy group and Pretherapy
2 for the delayed therapy group.”) That time point is particu-
larly useful for illustrating the method because the immediate
therapy group contains m =7 therapist clusters, whereas the
delayed therapy group does not contain any clustering. The
authors do not take this one-group clustering into account,
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thus, their results may be inflated due to the omission of
between-cluster treatment variance. Note that our goal is not
to criticize the authors for not accounting for clustering in the
treatment group, since the method presented here was not
previously available, but rather to use the article for illustrating
the new method and describe the difference in results.

The control (delayed therapy) group contained a total ofNC

=40women, whereas the treatment (immediate therapy) group
consisted ofNT =45 women.Withm =7 therapists, the average
cluster size in the treatment groups was NT/m =45/7 =6.4. The
exact sizes of the clusters were not reported, so here we treat
the clusters as equal. Moreover, we chose a slightly conserva-
tive sample size by rounding down to n =6. That resulted in a
total treatment group sample size of NT = nm =6 ×7 =42 and a
total sample size of N = NT + NC =42 +40 =82. The means
(and standard deviations) for the treatment and control groups
reported in Table 3 of Kubany et al. (2004) are 15.8 (14.4) and
71.9 (23.8), respectively. Finally, in order to adjust the results
for clustering, an intraclass correlation coefficient is required.
Schnurr et al. (2007), reported a ρ of .05 for therapists in the
context of cognitive behavioral therapy for PTSD in women.

Let us first examine how the results for the effect size
change when one accounts for clustering. Note that here we
are interested in estimating dT when information to compute
ST is reported (i.e., Section “Estimating δT when ST is report-
ed” above). With the mean difference between the treatment

and control groups Y
T
••−Y

C
• ¼ 15:8−71:9 ¼ −56:1 , and the

pooled within-group standard deviation ST =19.555, the stan-
dardized difference between means (SMD) effect size that
does not account for clustering is –2.869. Given an intraclass

correlation of ρ = .05, the SMD that accounts for treatment
group clustering may be calculated using Expression 5:

dT ¼ −2:869

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1−

40þ 6−2ð Þ :05ð Þ
82−2

r
¼ −2:869ð Þ 0:986ð Þ

¼ −2:829:

With a correction factor that is so close to 1 (.986), the
adjustment is minimal; the adjustment results in a 1.4 %
increase in effect size (note that the effect size is adjusted up
toward 0). The variance of the effect size, on the other hand, is
affected a bit more. When not accounting for clustering, the
variance is

vNaive ¼ 82

42ð Þ 40ð Þ þ
−2:869ð Þ2

2 42þ 40−2ð Þ ¼ 0:100:

Accounting for treatment group clustering, the variance is

vT ¼ 82

42ð Þ 40ð Þ 1þ 6ð Þ 40ð Þ
82

−1
� �

0:05ð Þ
� �

þ −2:829ð Þ2
2 79:475ð Þ

¼ 0:104;

where h =79.475 degrees of freedom is calculated using
Expression 7; that is,

h ¼ 82−2ð Þ 1−0:05ð Þ þ 42−6ð Þ 0:05ð Þ½ �2
82−2ð Þ 1−0:05ð Þ2 þ 42−6ð Þ 6ð Þ 0:05ð Þ2 þ 2 42−6ð Þ 1−0:05ð Þ 0:05ð Þ ¼ 79:475:

That results in a 3.6 % increase in variability of effects. The
confidence interval for the population effect is also affected. A
95 % confidence interval for dT is given by

−2:829−1:96
ffiffiffiffiffiffiffiffiffiffiffi
0:104

p
≤dT ≤−2:829þ 1:96

ffiffiffiffiffiffiffiffiffiffiffi
0:104

p

¼ −3:461≤dT ≤−2:197:

With a confidence interval of [–3.489, –2.248] for the
population effect ignoring clustering, the difference in lengths
is minimal (0.022, or 1.8 %).

If one wanted to estimate an unbiased estimate of δT, then
one would multiply dT by J(h), resulting in an analogue of
Hedges’s g:

gT ¼ 1−
3

4 79:475ð Þ−1
� �

−2:829ð Þ ¼ 0:991ð Þ −2:829ð Þ

¼ −2:802:

Note that gT may also be converted into an estimate of gW
by using the intraclass correlation:
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gW ¼ −2:802ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1−0:05

p ¼ 2:875:

Similarly, an estimate dW may be calculated as

dW ¼ −2:829ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1−0:05

p ¼ −2:903

with variance

vW ¼ 0:104

1−0:05
¼ 0:109:

How large are the effects of clustering in one group? The
effects of clustering in our example were quite modest, which
might suggest that the results are not worth the extra effort of
correcting the estimates for treatment group clustering. How-
ever, even though the correction is modest in this example, it
need not be in other (plausible) situations. The magnitude of
corrections for clustering on both dT and its variance depend
on two things: the size of the intraclass correlation ρ and the
size of the clusters n. If either of these is large, then the effects
of clustering will be large. In some areas of research, either of
them can be large.

For example, in education, the intraclass correlation of
academic achievement test scores at the school level is .22
(on average across all school grades; Hedges & Hedberg,
2007). That is much larger than the ρ of .05 for therapists
presented in the example. It is also easy to imagine large
cluster sizes, for example when the treatment is administered
by clinics or social service centers, there may be few clusters
but large sample sizes associated with them.

Suppose that the actual intraclass correlation in the exam-
ple above was ρ = .22 (a representative value from education),
rather than ρ = .05. The effect size dT decreases by 6.24 % in
absolute magnitude (from –2.869 to –2.690), the variance vT
increases by 21.5 % (from .100 to .122), the degrees of
freedom h decrease by 13.5 % (from 80 to 69.18), and the
confidence interval length increases by 10.2 % (from 1.241 to
1.368).

A similar difference would result if the clusters had been
larger. In our example, suppose that, instead of m =7 clusters
of size n =6, there were m =2 clusters of size n =21, for the
same total sample size of NT =42 and NC =40 (and ρ = .05
once again). In this case, the adjustment for clustering still
produces a negligible impact on the estimate, decreasing dT by
1.9 % in absolute magnitude (from –2.869 to –2.815), increas-
ing the variance vT by 21.3 % (from .1002 to .1216), decreas-
ing the effective degrees of freedom by 1.5 % (from 80 to
78.84), and increasing the length of the confidence interval by

10.2 % (from 1.241 to 1.367). One might still argue that the
change in effect size estimate is modest, but the changes in the
variance and length of the confidence intervals certainly are
not. To explore these potential changes further, let us examine
the effects of clustering for various potential values of n and ρ.

Figure 1 shows plots of the effects on the estimates dT, vT,
and h as ρ and n increase. The results display the effect ratio,
defined as the adjusted estimate divided by the naïve estimate,
plotted on the y-axis and either ρ (Fig. 1a) or n (Fig. 1b)
plotted on the x-axis. Note that we only examine a balanced
design here, in which m =4 and NC = NT = nm. In Fig. 1a n
=10, and in Fig. 1b ρ = .20, an intraclass correlation often
found in education research.

First, notice that, in Fig. 1a, when ρ =0, the effect ratio is 1
for all three estimates. That is because, in that case, no excess
between-group variability exists (just as in the case when
clustering does not exist in the study), so the estimates that
account for clustering are identical to those that do not account
for clustering. However, the ratio diverges from 1 as ρ in-
creases. The changes in the estimates are small for the effect
size and moderate for the degrees of freedom, with dT de-
creasing by only 13% and h decreasing by 51%when ρ = .40.

a

b

Fig. 1 Plots of the effects on the estimates dT, vT, and h
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vT, on the other hand, obtains a 2.5-fold increase by the time
that ρ = .40. Figure 1b displays a similar pattern. The changes
in the effect size and degrees of freedom are small as com-
pared to the changes in the variance as n increases (although
note that the decrease in degrees of freedom is by no means
negligible); by the time n =100, there is a more than nine-fold
increase in the variance, whereas dTand h decrease by 6% and
66 %, respectively. Nonetheless, keep in mind that even small
decreases in the effect size may affect meta-analyses’ results.

Recall that, in meta-analyses, effects are combined in order
to summarize a particular set of research findings. If a portion
of the effect sizes are adjusted toward zero in order to account
for treatment group clustering, the combined mean effect will
also decrease in size. Moreover, with substantially larger
variances about the effects, the effect sizes will be less precise
and more variable about the overall mean effect. Depending
on the magnitudes of both, the meta-analytic results may
change considerably.

Adjusting the significance test for clustering in only one
group

Research studies that involve clustering in one treatment
group often ignore that clustering in their statistical analyses
(Pals et al., 2008). This is important because it leads to
computed levels of statistical significance that are smaller
(and can be much smaller) than the actual level of statistical
significance (see, e.g., Hedges, 2007a). That is, the p values
computed for tests of the null hypothesis of no treatment
effects are too small when clustering is ignored. In reviewing
such research, it is sometimes useful to determine the approx-
imate actual level of statistical significance for such studies (to
more accurately state the findings of individual studies). Such
an approach is used by the US Institute of Education Sciences
(IES) What Works Clearinghouse in its reviews.

The objective of the significance test is to determine the
statistical significance of the treatment effect—that is, to test
the null hypothesis

H0 : μ
T
• ¼ μC:

To carry out the usual t test, when clustering is ignored, the
Student’s t would be computed as

tNaive ¼ Y
T

••−Y
C

•

ST

0@ 1A ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
NTNC

NT þ NC ;

s
ð18Þ

with NT + NC – 2 degrees of freedom. Taking clustering into
account, the t value must be adjusted by multiplying tNaive by

the square root of factor f,

f ¼ N−2ð Þ− NC þ n−2
� �

ρ

N−2ð Þ 1þ nNc

N
−1

� �
ρ

� �; ð19Þ

which leads to the following expression for

tA ¼ tNaive
ffiffiffi
f

p
tA ¼ Y

T

••−Y
C

•

ST

0@ 1A ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
NTNC

NT þ NC

s ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
N−2ð Þ− NC þ n−2

� �
ρ

N−2ð Þ 1þ nNC

N
−1

� �
ρ

� �:vuuut
ð20Þ

Note that tA has a t distribution with h degrees of freedom
when the null hypothesis is true, where h is defined in Ex-
pression 7. If there is no clustering so that ρ =0, then f =1, h =
N – 2, and tA reduces to the usual test statistic ignoring
clustering.

One application of the results in this article is to study the
rejection rate of the unadjusted t test when there is clustering.
It is well known that the unadjusted t test has a rejection rate
that is often much higher than nominal. The sampling distri-
bution of tA provides an analytic expression for the rejection
rates of the unadjusted t test under the cluster sampling model.
Let t(ν, α) denote the level α two-sided critical value for the t
distribution with ν degrees of freedom. The usual unadjusted t
test rejects if |t| > t(N – 2, α). Because tA ¼ tNaive

ffiffiffi
f

p
has a t

distribution with h degrees of freedom under the null hypoth-
esis, the rejection rate of the unadjusted test is

2 1−F
ffiffiffi
f

p
t N−2;αð Þ; h

h in o
; ð21Þ

where F[x, ν] is the cumulative distribution function of the t
distribution with ν degrees of freedom. Table 1 provides the
actual rejection rates of the α = .05 level two-sided signifi-
cance test for various values of NT = NC, n, m, and ρ.

This table illustrates that the actual significance level of the
nominal 5 % test is higher than 5 % when ρ >0. Moreover,
when either ρ or n is large, the actual significance level can be
much higher than nominal. For example, when the cluster size
n =100, the actual rejection rate of the unadjusted test when
the null hypothesis is true is .30 if ρ = .05, .43 when ρ = .10,
and .52 when ρ = .15. Therefore, when ρ = .15 and n =100, the
unadjusted test with a nominal 5 % significance level rejects
the (true) null hypothesis more than 50 % of the time. Even
with rather small values of ρ (like ρ = .05), the behavior of the
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unadjusted test is unacceptable for all but the smallest cluster
sizes.

Example

In the Kubany et al. (2004) example of cognitive trauma
therapy for battered women with PTSD described above, we
can test the null hypothesis that CTT-BW is no more useful
than no therapy, or thatH0:μ•

Immediate=μDelayed. Ignoring clus-
tering, t is

tNaive ¼ 15:8−71:9
19:555

� � ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
42ð Þ 40ð Þ
42þ 40

r
¼ −12:985;

with df =80 and a highly significant p value of p < .0001.
Adjusting the naive t value for clustering in the treatment
group, tA is

tA ¼ −12:985

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
82−2ð Þ− 40þ 6−2ð Þ 0:05ð Þ

82−2ð Þ 1þ 6ð Þ 40ð Þ
82

−1
� �

0:05ð Þ
� �vuuut

¼ −12:985ð Þ 0:942ð Þ ¼ −12:230;

and h =79.475 from above. With the square root of the
adjustment factor f being so close to 1 (.942), notice that the
absolute magnitude of t decreases by only 5.8 %. The degrees
of freedom essentially do not change as well (from 80 to
79.475), leading again to a highly significant p value of p <
.0001.

Remember that these minimal changes in the estimates are
due to the small intraclass correlation of .05 for therapists.
Once again, imagine that ρ = .22, the average intraclass
correlation for schools. In this case, the absolute magnitude
of tA decreases by 21.4 % (from –12.985 to –10.202), and h

Table 1 Actual significance level of a nominal .05 significance test
when there is clustering in the treatment group

ρ m n NC N – 2 h ffiffiffi
f

p Actual p

.05 2 5 10 18 17.9 .947 .06

.05 2 10 20 38 37.7 .896 .08

.05 2 20 40 78 76.0 .815 .11

.05 2 25 50 98 96.4 .782 .12

.05 2 50 100 198 191.5 .661 .19

.05 2 75 150 298 283.6 .584 .25

.05 2 100 200 398 372.8 .528 .30

.05 2 200 400 798 703.0 .402 .43

.05 2 500 1,000 1,998 1,493.9 .268 .60

.10 5 5 25 48 47.0 .905 .08

.10 5 10 50 98 93.9 .820 .11

.10 5 20 100 198 181.7 .704 .17

.10 5 25 125 248 223.0 .661 .19

.10 5 50 250 498 406.4 .526 .30

.10 5 75 375 748 558.8 .450 .38

.10 5 100 500 998 687.5 .399 .43

.10 5 200 1,000 1,998 1,049.2 .294 .56

.10 5 500 2,500 4,998 1,532.0 .191 .71

.15 5 5 25 48 45.6 .863 .09

.15 5 10 50 98 88.6 .755 .14

.15 5 20 100 198 163.0 .622 .22

.15 5 25 125 248 195.4 .578 .26

.15 5 50 250 498 323.2 .445 .38

.15 5 75 375 748 412.7 .375 .46

.15 5 100 500 998 478.8 .330 .52

.15 5 200 1,000 1,998 630.1 .240 .64

.15 5 500 2,500 4,998 777.1 .154 .76

NC = NT = nm, where NC and NT represent the sample sizes in the
control and treatment groups, respectively, andm is the number of clusters
of size n in the treatment group. N denotes the total sample size N = NC +
NT , N – 2 represents the degrees of freedom when clustering is ignored, h
is the corrected degrees of freedom, and

ffiffiffi
f

p
is the correction factor by

which tNaive is multiplied to adjust for one-group clustering
tA ¼ tNaive

ffiffiffi
f

pð Þ

a

 b

Fig. 2 Plots of the effects on the estimates tA and h
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decreases by 13.5 % (from 80 to 69.177). Although this still
yields a highly significant p value, one can see that changing
just one of the data characteristics can make a substantial
impact on the estimates. Let us examine how the t value,
degrees of freedom, and resulting p value change depending
on how some of the other data characteristics change.

Figure 2 displays plots of the effects on the estimates tA and
h as ρ and n increase. As in Fig. 1, the effect ratio is plotted on
the y-axis, and either ρ (Fig. 2a) or n (Fig. 2b) is plotted on the
x-axis. We again consider a balanced design with m =4, NC =
NT = nm, and n =10 in Fig. 2a, and ρ = .20 in Fig. 2b.

Figure 2a and b show that the t statistic and degrees of
freedom obtain similar patterns of adjustment (i.e., a de-
crease in the effect ratio slope) as ρ and n increase, albeit tA
is consistently more adjusted than h (except for the cross-
over that occurs at a ρ of about .35 in Fig. 2a). The results
suggest that increasing ρ can easily make a significant t
value nonsignificant, because when ρ >0, one requires a
much larger sample size in order to obtain significance than
if one did not have clustering in the treatment group. This is
partially due to the fact that tA is adjusted more than dT (see
Fig. 1), with the absolute magnitude adjustment ranging
from 0 % to 46 % in tA and from 0 % to 13 % in dT as ρ
increases from 0 to .40. It is also due to the substantial
decrease in degrees of freedom (51 % at ρ = .40), since
fewer degrees of freedom mean less power to detect an
effect. For example, in Fig. 2a, when ρ = .05, the p value
is about .05, but once ρ = .10, the p value increases to .07
and is no longer significant. Figure 2b shows that, in addi-
tion to having a ρ >0, increasing n can add to the change
estimates, with dT and h decreasing by 72 % and 66 %,
respectively, by the time n =100.

Unequal cluster sizes

Previous sections of this article have involved the assumption
that each cluster has the same number n of individuals. Al-
though this will often be true (at least approximately), it need
not always be true. The same principles used to derive the
effect size estimate, its variance, and the adjustment to the
significance test when cluster sizes are equal can be used to
derive the corresponding statistics when the cluster sizes are
unequal. Suppose that ni individuals are in the ith cluster in the
treatment group, and that the ni values need not be equal.

Estimation of δT from ST

A direct argument shows that a consistent estimator of δT is
given by

dT ¼ Y
T

••−Y
C

•

ST

0@ 1A
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1−

NCþen−2� �
ρ

N−2

vuut
; ð22Þ

where ñ is an “average” cluster size, given by

en ¼ 1

NT

X
i¼1

m

n2i : ð23Þ

Note that when all of the nis are equal to n, Expression 23
reduces to n, and Expression 22 reduces to Expression 5.

As in the case of equal cluster sizes, the estimator dT is
approximately normally distributed, but now the variance is

vT ¼
N 1þ enNC

N
−1

 !
ρ

" #
NTNC þ

N−2ð Þ 1−ρð Þ2 þ Aρ2 þ 2 NT−en� �
1−ρð Þρ

h i
δ2T

2 N−2ð Þ 1−ρð Þ þ NT−en� �
ρ

h i2

¼
N 1þ enNC

N
−1

 !
ρ

" #
NTNC þ δ2T

2h
;

ð24Þ

where h is the effective degrees of freedom of ST
2, given by

h ¼
N−2ð Þ 1−ρð Þ þ NT−en� �

ρ
h i2

N−2ð Þ 1−ρð Þ2 þ Aρ2 þ 2 NT−en� �
1−ρð Þρ

; ð25Þ

and A is the auxiliary constant, given by

A ¼ NT
� �2X

i¼1

m

n2i þ
X
i¼1

m

n2i

 !2

−2NT
X
i¼1

m

n3i

NT
� �2 ¼ NTenþ en2−2X

i¼1

m

n3i

.
NT :

ð26Þ
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Note that when the nis are all equal to n, the constant A
reduces to (NT – n)n, Expression 24 reduces to Expression 6,
and Expression 25 reduces to Expression 7.

Finally, the correction factor for adjusting the t statistic for
the impact of clustering becomes

f ¼
N−2ð Þ− NCþen−2� �

ρ

N−2ð Þ 1þ enNC

N
−1

 !
ρ

" #; ð27Þ

and the t statistic adjusted for clustering becomes

tA ¼ tNaive
ffiffiffi
f

p
; ð28Þ

which has h degrees of freedom, given in Expression 25.

Estimation of δW from SW

When cluster sizes are unequal, the effect size estimator dW is
not affected; that is, it remains as in Expression 13. However,
the variance of the estimator when cluster sizes are unequal
becomes

vW ¼ N

NTNC

1þ enNC

N
−1

 !
ρ

1−ρ

0BBBB@
1CCCCAþ δ2W

2 NC−1
� � ; ð29Þ

where ñ is given in Expression 23 above.

Conclusions

Experiments sometimes involve cluster sampling in one
or both treatment groups. When there is clustering in
only one group, such experiments are often improperly
analyzed by ignoring the potential impact of clustering
on significance tests or effect size calculation. Reanaly-
sis using more appropriate methods (such as multilevel
statistical methods) is obviously desirable. However,
when conclusions must be drawn from published reports
(using t or F tests that ignore clustering), we demon-
strate how significance levels and confidence intervals
adjusted for the impact of clustering can be obtained if
the intraclass correlation is known or plausible values
can be imputed. One might argue that the intraclass
correlations that are imputed may themselves be

incorrect. Although this is certainly true, making no
adjustment is equivalent to imputing zero for the
intraclass correlation, and that is likely to be farther
from the truth than a careful imputation or, better still,
an imputation of a range of values for a sensitivity
analysis. Such procedures provide more accurate signif-
icance levels and are suitable for setting bounds on the
results.

Clustering in a single treatment group raises the
conceptual issue of what effect size parameter is of
interest, because more than one definition of effect size
is possible. Such clustering is likely to have a modest
impact on the magnitude of the effect size estimates, but
often will have a nonnegligible impact on the variance
of the effect size estimate. The potentially large impact
on the variance can have an equally large impact on the
weights given to the effect size in a meta-analysis. The
methods given in this article provide a way to obtain
more accurate estimates of both the effect size estimate
and its variance.

Author note This article is based in part on work supported by the US
Institute of Education Sciences (IES) under Grant Nos. R305D11032 and
R305B1000027, and by the National Science Foundation (NSF) under
Grant No. 0815295. Any opinions, findings, and conclusions or recom-
mendations are those of the authors and do not necessarily represent the
views of the IES or the NSF.

Appendix

The derivations use a theorem given in the Appendix of
Hedges (2007b). The theorem states that if Y ~ N(μ, aσ2)
and S2 is a quadratic form in normal variates that is indepen-
dent of Y, so that the E{S2} = bσ2 and V{S2} =2cσ4, where a,
b, and c are known constants, then

T ¼
ffiffiffi
b

a

r
Y

S

� �
ð30Þ

has approximately the noncentral t distribution, with

ν ¼ b2
.
c ð31Þ

degrees of freedom and the noncentrality parameter

θ ¼
ffiffiffi
b

a

r
μ
σ

� �
:
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Consequently,

D ¼ Y
ffiffiffi
b

p

S
ð32Þ

is a consistent estimate of the effect size δ = μ/σ with approx-
imate variance

aþ cδ2

2b2
: ð33Þ

An approximately unbiased estimate of δ is given by
DJ(b2/c), where the function J(x) is given by Expression 9.

To derive the effect size estimate in this article, we apply

the theorem with Y ¼ Y
T
••−Y

C
• , S = ST, and δ = (μ•

T – μC)/σ.
To use this theorem, we must derive the constants a, b, and c.

Equal cluster sizes

Under the model, the sampling distribution of the mean dif-

ference Y
T
••−Y

C
• is normal with variance

σ2
W

1

NT þ 1

NC

� �
þ σ2

B

m
¼ Nσ2

T

NTNC 1þ nNC

N
−1

� �
ρ

� �
¼ σ2

T

N 1−ρð Þ þ nNCρ

NTNC

� � :

Therefore, the constant a is given by the last term in
square brackets above when the effect size δT is being
estimated using ST, or that term divided by (1 – ρ)
when the effect size δW is being estimated using SW
[because σT

2 = σW
2/(1 – ρ)].

The model also implies that the observations in the
treatment group are nested within clusters so that the
sum of squares within the treatment group SST can be
decomposed into between-cluster and within-cluster
sums of squares (SSBT and SSWT, respectively), so
that

SST ¼ SSWT þ SSBT ;

where

SSWT ¼
X
i¼1

m X
j¼1

n

YT
i j−Y

T

i•

� �2

and

SSBT ¼ n
X
i¼1

m

Y
T

i•−Y
T

••

� �2

;

and where Y
T
i• is the mean of the observations in the ith cluster

and Y
T
•• is the mean of all of the observations in the treatment

group. Let SSC be the sum of squares about the mean in the
control group, so that

SSC ¼
XNC

i¼1

YC
i −Y

C

•

� �2

;

where Y
C
• is the mean of all the observations in the control

group. Thus, the total pooled within-group variance ST
2 can be

written as

S2T ¼ SST þ SSC

NT þ NC−2
¼ SSWT þ SSBT þ SSC

NT þ NC−2
;

where each of SSWT, SSBT, and SSC is statistically indepen-
dent and each is distributed as a constant times a chi-square.

Using standard results for expected mean squares, the
expected values of SSWT, SSBC, and SSC are

E SSWTf g ¼ m n − 1ð ÞσW 2;
E SSBTf g ¼ m − 1ð Þ σW

2 þ nσB
2

� � ¼ m − 1ð ÞσW
2 þ m − 1ð ÞnσB2;

E SSCf g ¼ NC − 1
� �

σW
2;

so the expected value of ST
2 is

E S2T
 � ¼ σ2

W þ NT−n
N−2

� �
σ2
B ¼ σ2

T

NC þ n−2
� �

ρ

N−2

� �
:

Therefore, the constant b is given by the last term in
square brackets above when the effect size δT is being
estimated using ST or b =1 when the effect size δW is
being estimated using SW (since the expected value of
SW

2 is σW
2).

The variances of SSWT, SSBC, and SSC are
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V SSWTf g ¼ 2 m n − 1ð Þ σW
4 ;

V SSBTf g ¼ 2 m − 1ð Þ σW
2 þ nσB

2
� �2 ¼ 2 m − 1ð ÞσW

4 þ 2 m − 1ð Þn2σB
4 þ 4 m − 1ð ÞnσW

2σB
2;

V SSCf g ¼ 2 NC − 1
� �

σW
4 ;

so that the variance of ST
2 is

VS2T ¼ 2 N−2ð Þσ4
W þ 2n2 m−1ð Þσ4

B þ 4n m−1ð Þσ2
Bσ

2
W

N−2ð Þ2

¼ 2σ4
T

N−2ð Þ 1−ρð Þ2 þ n2 m−1ð Þρ2 þ 2n m−1ð Þρ 1−ρð Þ
N−2ð Þ2

" #
:

Therefore, the constant c is given by the last term in square
brackets above when the effect size δT is being estimated using
ST, or c =1/(N

C – 1) when the effect size δW is being estimated
using SW (since the variance of SW

2 is 2σW
4/(NC – 1).

Inserting the expressions above for a, b, and c into Eqs. 31,
32, and 33 and simplifying gives Expressions 7, 5, and 6,
respectively. Also, a direct argument using Eq. 30 leads to
Expression 20.

Unequal cluster sizes

When the number of observations per cluster varies, the
derivation follows the same lines, but the algebra is slightly
more complex. Under the model, the sampling distribution of

the mean difference Y
T
••−Y

C
• is normal with variance

Nσ2
T

NTNC 1þ enNC

N
−1

 !
ρ

" #
¼ σ2

T

N 1−ρð ÞþenNCρ

NTNC

" #
:

Therefore, the constant a is given by the last term in square
brackets above when the effect size δT is being estimated using
ST or that term divided (1 – ρ) when the effect size δW is being
estimated using SW [because σT

2 = σW
2/(1 – ρ)].

When the cluster sizes are unequal, SSWT and SSBT are
defined as

SSWT ¼
X
i¼1

m X
j¼1

ni

Y T
i j−Y

T

i•

� �2

and

SSBT ¼
X
i¼1

m

ni Y
T

i•−Y
T

••

� �2

;

and SSC is the same as is defined in the Equal cluster sizes
section. They are still independent of one another, but SSBT
no longer has a chi-square distribution. As in the equal-
cluster-sizes case,

E SSWTf g ¼ m n − 1ð ÞσW
2;

but now

E SSBTf g ¼ m−1ð Þ σ2
Wþenσ2

B

� �
;

due to the varying cluster size ni (see, e.g., Eqs. 77 and 78 on
page 70 of Searle, Casella, & McCulloch, 1992). Therefore,

E S2T
 � ¼ σ2

W þ NT−en
N−2

 !
σ2
B ¼ σ2

T 1−
NCþen−2� �

ρ

N−2

24 35;

and the constant b is given by the last term in square
brackets above when the effect size δT is being estimat-
ed using ST, or b =1 when the effect size δW is being
estimated using SW (since the expected value of SW

2 is
σW

2).
Finally, because the between-cluster variance component

estimate in the treatment group is

bσ2

B ¼ MSBT−MSWTen m−1ð Þ
;
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and because it follows that ST
2 can be written as a function of

the between- and within-cluster variance components,

S2T ¼ SSWC þ 2SSWTþen m−1ð Þbσ2

B

N−2
:

Therefore, the variance of ST
2 is given by

N−2ð Þ2V S2T
 � ¼ V SSWCf g þ 4V SSWTf g

þ en2 m−1ð Þ2V bσ2

B

� �
þ 8Cov SSWT ; bσ2

B

� �
:

Using Expressions 95 and 102 from pages 74 and 75 of
Searle et al. (1992) for the variances of the sums of squares,
and the variance component estimates and Searle et al.’s Ex-
pression 96 for the covariance term, and then simplifying
yields

V S2T
 � ¼

2σ4
T N−2ð Þ 1−ρð Þ2 þ Aρ2 þ 2 NT−en� �

1−ρð Þρ
h i

N−2ð Þ2 ;

where A is the auxiliary constant in Expression 26. Therefore,
constant c is given by the term in square brackets above when
the effect size δT is being estimated using ST, or c =1/(N

C – 1)
when the effect size δW is being estimated using SW [since the
variance of SW

2 is 2σW
4/(NC – 1)].

Inserting the expressions above for a, b, and c into Eqs. 31,
32, and 33 and simplifying gives Expressions 25, 22, and 24,
respectively, and a direct argument using Eq. 30 leads to
Expression 28.
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