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A method to estimate intra-cluster correlation for clustered
categorical data

Hrishikesh Chakrabortya,b, Nicole Solomona,b, and Kevin J Anstroma,b

aDepartment of Biostatistics & Bioinformatics, Duke University, Durham, NC, USA; bDuke Clinical
Research Institute, Duke University, Durham, NC, USA

ABSTRACT
Correlated categorical data often arise from studies involving cluster
randomized trials, a cluster sampling scheme, or repeated measure-
ments. The intra-cluster correlation coefficient (ICC) is used to esti-
mate the average correlation within clusters. There have been
numerous methods proposed to estimate ICC for correlated binary
data, the ANOVA method for continuous data, and several methods
for time-to-event outcomes. However, no method currently exists to
estimate ICC for nominal or ordinal categorical responses with more
than two categories. We developed a method based on resampling
principles to estimate the ICC and its 95% confidence interval for
categorical variables. We conducted a simulation study to show how
our method estimates the population ICC under varying event rates,
numbers of clusters, and cluster sizes. We also used real study data-
sets to estimate the ICC for ordinal and nominal categorical varia-
bles. We observed that the resampling method estimates the
population ICC well for moderate to large numbers of clusters and
moderate to large cluster sizes.
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1. Introduction

Clusters are not an uncommon feature of data in modern scientific research, particu-
larly medical research when clinical trials may be randomized on clusters rather than
individuals. As the individuals within a cluster tend to be correlated, the degree of simi-
larity among responses within a cluster is typically measured by a parameter known as
the intracluster/intraclass correlation coefficient (ICC), which is usually denoted by q.
This parameter may be interpreted as the standard Pearson correlation coefficient
between any two responses in the same cluster. The ICC is a fundamental parameter of
interest in cluster randomized trials (CRTs) that measures the degree to which
responses within the same cluster are correlated and is used to determine the design
effect and calculate sample sizes for CRTs.
Estimation of the ICC parameter differs by outcome type: continuous, binary, and

time to event outcomes. Analysis of variance (ANOVA) is the estimation method of
choice for estimating the ICC of continuous outcomes. Numerous point estimation and
confidence interval (CI) estimation methods are available in the literature for clustered
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binary data (Chakraborty and Hossain 2018) and extensive comparisons done by
researchers (Ridout, Demetrio, and Firth 1999; Zou and Donner 2004; Wu, Crespi, and
Wong 2012; Chakraborty and Sen 2016) reveal relative weaknesses and advantages of
the different methods. Several estimation techniques for the design of studies on clus-
tered time-to-event outcomes have also been developed (Xie and Waksman 2003; Jahn-
Eimermacher, Ingel, and Schneider 2013; Gangnon and Kosorok 2004; Jung
2007, 2008).
There are three classes of methods to estimate the ICC for clustered binary data:

method of moment estimation, ANOVA, and resampling. Versions of the second
moment estimators for binary outcomes have been developed by several authors includ-
ing Kleinman (1973), Tamura and Young (1987), Yamamoto and Yanagimoto (1992),
and Prentice (1986). These moment estimators are based upon the beta-binomial distri-
bution. While ANOVA is often used for continuous outcomes, it has also been adapted
to estimate the ICC for binary outcomes; as seen in Wu, Crespi, and Wong (2012) and
Ridout, Demetrio, and Firth (1999). Lastly, Chakraborty and Sen have developed a
resampling method for estimating the ICC and its confidence interval for binary out-
comes (Chakraborty and Sen 2016; Chakraborty and Hossain 2018; Hossain and
Chakraborty 2016).
While methods exist for continuous, time-to-event, and binary outcomes, we could

not find any existing method to estimate ICC for nominal or ordinal categorical
responses with more than two categories in the literature. Such an estimation procedure
is necessary to design CRTs with multi-category outcomes; the ICC is critical to sample
size calculations of CRTs. In this paper we develop a method based on resampling prin-
ciples for the estimation of ICC for a multi-category variable, and its confidence inter-
val. In Section 2 we define the methodology of our method. In Section 3 we
demonstrate the performance of our method on simulated data with known population
ICC values. We apply our method to a South Carolina HIV database (Chakraborty
et al. 2016, 2015) and the clinical trial ARTEMIS (Wang et al. 2019) to further demon-
strate how our method estimates the ICC for ordinal and nominal categorical variables
in Section 4. We close with a discussion of the strengths and limitations of the method
in Section 5.

2. Methods

2.1. Setup & assumptions

Define a categorical response Yij (i ¼ 1, :::K; j ¼ 1, :::ni;) as the outcome for the jth
individual in the ith cluster. If individual j has event category q ðq ¼ 1, :::,QÞ, their
response is defined as Yij ¼ q: Let n ¼P ni denote the total number of individuals in
the study. Let niq represent the number of subjects in the ith cluster with the qth out-
come. Assume each cluster has at least 2 individuals ðni � 2Þ: Assume the probability of
observing an event category is the same for all individuals across all clusters; i.e.,
PðYij ¼ qÞ ¼ pq 8 i, j.
Three additional assumptions are usually made to estimate the ICC: first, assume the

responses of individuals from two different clusters are independent - this is the usual
assumption made when designing CRTs (Chakraborty and Sen 2016; Ridout, Demetrio,
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and Firth 1999; Mak 1988); second, assume a common correlation model where the
responses of two individuals from the same cluster are correlated and the within cluster
correlation is the same in all clusters - this is also a common assumption when design-
ing and analyzing clustered data (Chakraborty and Sen 2016; Ridout, Demetrio, and
Firth 1999; Mak 1988); lastly, assume there is no second order or higher order correl-
ation among individuals in the same cluster, as done in Chakraborty and Sen (2016). In
this manner, the average correlation among any pair of individuals from the same clus-
ter is the ICC: corrðYij,Yij0 Þ ¼ q, j 6¼ j0, 8 i ¼ i: The correlation among individuals from
different clusters is zero by the first assumption: corrðYij,Yi0jÞ ¼ 0 8 i 6¼ i0:

2.2. Q-Category resampling-based estimator

We begin with a general definition of the multi-category resampling-based estimator for
a Q-category response variable; yij 2 f1, 2, :::,Qg: Each of the categories can be defined
as a binary response success (¼1) and failure (¼0) with corresponding success probabil-

ities p1, p2, :::, pQ where
PQ

q¼1 pq ¼ 1:

To construct this estimator, we first define the following Q U-statistics, the marginal
means of each category level,

U1 ¼ 1
n

XK
i¼1

Xni
j¼1

I yij ¼ 1ð Þ

U2 ¼ 1
n

XK
i¼1

Xni
j¼1

I yij ¼ 2ð Þ

..

.

UQ ¼ 1
n

XK
i¼1

Xni
j¼1

I yij ¼ Qð Þ,

where I denotes an indicator function.
Clearly, these U-statistics estimate the overall probability of success for outcomes 1,

2,:::,Q: The expected value of Uq, q ¼ 1, :::,Q can be written as

E Uq½ � ¼ E
1
n

XK
i¼1

Xni
j¼1

Iðyij ¼ qÞ
2
4

3
5 ¼ pq

and the variance of Uq is

V Uq½ � ¼ V
1
n

XK
i¼1

Xni
j¼1

Iðyij ¼ 1Þ
2
4

3
5 ¼ pqð1� pqÞ 1

n
þ 1
n2
XK
i¼1

nið1� niÞ
" #

(1)

From the properties of U-statistics (Lee 1990), we know that Z1 ¼
ffiffiffiffi
N

p ðU1 � p1Þ !
Nð0,VðU1ÞÞ, :::, and ZQ ¼ ffiffiffiffi

N
p ðUQ � pQÞ ! Nð0,VðUQÞÞ: In other words,
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U1 ¼ Z1ffiffiffi
n

p þ p1, :::, and UQ ¼ ZQffiffiffi
n

p þ pQ (2)

Within-cluster contribution: Recall, the ICC is the average correlation among individ-
uals within the same cluster. Consider drawing a pair of responses at a time with replace-
ment from within cluster pairs. Either a cluster with itself (“within”) or two different
clusters (“between”) - and recording their responses. When we draw two responses from
the first cluster, we may obtain (1,1), (1,2), :::, ðQ, 1Þ, :::, ðQ,QÞ: The same paired responses
can be drawn from the second and third cluster, up through cluster K. The same paired
outcomes can be observed when we draw samples from between two clusters: one response
from one cluster, and another response from a different cluster. Any of these pairings can
be made disjoint by reclassifying the observed paired responses as ‘q’ vs ‘not q’; e.g., we
can observe 1 vs ‘not 10, 2 vs ‘not 20, etc. Upon reclassifying the responses, the new possible
observations are: (q, q), ðq, ‘not q’), (‘not q’,qÞ, (‘not q’,‘not q’). In this manner we can
dichotomize each category level into its own two-category response:

1 v ‘not 1’ ::: Q v ‘not Q’ (3)

For ease of notation, let y� represent this reclassified response such that y�ij ¼ 1 when

yij ¼ q and y�ij ¼ 0 when yij ¼ ‘not q.’ Now the empirical “success” probability for Y� can
also be defined. Denote this statistic U1q, where the q subscript indicates which paired
response it is associated with and the 1 implies success of the reclassified response, as com-
pared to the overall marginal success probability Uq. Then this U-statistic is:

U1q ¼ 1
n

XK
i¼1

Xni
j¼1

Iðy�ij ¼ 1Þ ¼ 1
n

XK
i¼1

Xni
j¼1

Iðyij ¼ qÞ ¼ Uq:

Next we more thoroughly define the overall probability of drawing a pair of
responses with replacement from a given within-cluster pair, the U-statistic TW. If we
draw two samples from the same cluster with replacement, the number of within-cluster

pair samples will be a total of
PK

i¼1 niðni � 1Þ pairs of samples. The possible outcomes
would be, say, (q, q), ðq, ‘not q’Þ, ð‘not q0, qÞ, ð‘not q’, ‘not q’Þ: The U-statistic is then:

TWq ¼
XK
i¼1

niðni � 1Þ
" #�1

�

Xk
i¼1

Xni
j, j0¼1;j6¼j0

Iðy�ij ¼ ‘q’ \ y�ij0 ¼ ‘q’Þ þ
Xk
i¼1

Xni
j, j0¼1;j6¼j0

Iðy�ij ¼ ‘not q’ \ y�ij0 ¼ ‘not q’Þ

�
Xk
i¼1

Xni
j, j0¼1;j 6¼j0

Iðy�ij ¼ ‘q’ \ y�ij0 ¼ ‘not q’Þ �
Xk
i¼1

Xni
j, j0¼1;j 6¼j0

Iðy�ij ¼ ‘not q’ \ y�ij0 ¼ ‘q’Þ

2
666664

3
777775:

The expectation and variance of this statistic are as follows:

E TWq
� � ¼E U1q½ �2 þ ð1� E U1q½ �Þ2 � 2E U1q½ �ð1� E U1q½ �Þ þ 4qE U1q½ �ð1� E U1q½ �Þ

¼E Uq½ �2 þ ð1� E Uq½ �Þ � 2E Uq½ �ð1� E Uq½ �Þ þ 4qE Uq½ �ð1� E Uq½ �Þ
¼p2q þ ð1� pqÞ � 2pqð1� pqÞ þ 4qpqð1� pqÞ (4)

432 H. CHAKRABORTY ET AL.



VðTWqÞ ¼
E U1q½ �ð1� E U1q½ �ÞXK

i¼1
n2i � n

�
ð1þ E U1q½ � � qE U1q½ �Þ E U1q½ � þ qð1� E U1q½ �Þ� �
þð1� E U1q½ � þ qE U1q½ �Þ 2� E U1q½ � � qð1� E U1q½ �Þ� �
þ2ð1þ E U1q½ �Þ 1� E U1q½ �ð1� E U1q½ �Þð1þ qÞ� �

2
664

3
775

¼ pqð1� pqÞXK

i¼1
n2i � n

�
ð1þ pq � qpqÞ pq þ qð1� pqÞ

� �þ
þð1� pq þ qpqÞ 2� pq � qð1� pqÞ

� �
þ2ð1þ qÞ 1� pqð1� pqÞð1þ qÞ� �

2
664

3
775 (5)

Between-cluster contribution: Now consider drawing a pair of responses at a time
with replacement from given between-cluster pairs, the U-statistic TB. If we draw two
samples from two different clusters with replacement, the number of between-cluster

pair samples generated will total nðn� 1Þ �PK
i¼1 niðni � 1Þ pairs of samples. The pos-

sible outcomes for any category q would be identical to those mentioned above in the
description of TW. The U-statistic is:

TBq ¼ nðn�1Þ�
XK
i¼1

niðni�1Þ
" #�1

�

Xk
i, i0¼1;i 6¼i0

Xni
j, j0¼1

Iðy�ij¼ ‘q’\y�i0j0 ¼ ‘q’Þþ
Xk

i, i0¼1;i 6¼i0

Xni
j, j0¼1

Iðy�ij ¼ ‘not q’\y�i0j0 ¼ ‘not q’Þ

�
Xk

i, i0¼1;i6¼i0

Xni
j, j0¼1

Iðy�ij ¼ ‘q’\y�i0j0 ¼ ‘not q’Þ�
Xk

i, i0¼1;i6¼i0

Xni
j, j0¼1

Iðy�ij¼ ‘not q’\y�i0j0 ¼ ‘q’Þ

2
666664

3
777775

The expectation and variance of TBq are:

E TBq
� � ¼E U1q½ �2 þ ð1� E U1q½ �Þ � 2E U1q½ �ð1� E U1q½ �Þ

¼E Uq½ �2 þ ð1� E Uq½ �Þ2 � 2E Uq½ �ð1� E Uq½ �Þ
¼p2q þ ð1� pqÞ � 2pqð1� pqÞ (6)

VðTBqÞ ¼ 1

n2 �
XK

i¼1
n2i

þ 2E U1q½ �ð1� E U1q½ �Þ þ 1
� �2

¼ 1

n2 �
XK

i¼1
n2i

þ 2pqð1� pqÞ þ 1
� �2 (7)

From the properties of U-statistics, it is clear ZWq ¼
ffiffiffi
n

p ðTWq �
E½TWq�Þ!d Nð0,VðTWqÞÞ and ZBq ¼

ffiffiffi
n

p ðTBq � E½TBq�Þ!d Nð0,VðTBqÞÞ;

i:e: TWq ¼
ZWqffiffiffi
n

p þ E TWq
� �

, (8)
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TBq ¼
ZBqffiffiffi
n

p þ E TBq
� �

: (9)

Q-category resampling-based estimator: Using the expressions above, the statistics
TWq, and TBq can be obtained for each of the Q two-category pairings. Each two-cat-
egory pairing simply updates the category that is ‘q’ and the subsequent definition of
‘not q’, each with marginal probability pq and 1� pq: This can be defined iteratively for
all Q categories.
This leads us to the intuitive construction of the multi-category ICC resampling esti-

mate from Q two-category ICC resampling estimates. Each level of paired responses
contributes to the final ICC estimate q̂: The contribution of the first estimate is calcu-
lated from the reclassified paired responses: 1 vs ‘not 1.’ The second estimate will be
calculated from the second combination 2 vs ‘not 2’, and so on up to the Qth.
We now express the contribution of the qth two-category combination q vs ‘not q’ to

the final ICC estimate q̂ using the U-statistics, U1q,TWq, and TBq. If we assume all of
the within- and between-cluster individuals are independent, any pair of individuals
drawn will have the same probability based on their two-category reclassified success or
failure status. Under this assumption E½TBq� ¼ E½TWq�: Any difference between these
expectations ((4) - (6)) is then due to within-cluster correlated observations:

E TWq
� �� E TBq

� � ¼ 4qpqð1� pqÞ:
As these two-category paired responses are all independent, it clearly follows that the

Q-category ICC estimate is the average of the Q two-category ICC estimates:

q̂ ¼ 1
Q

TW1 � TB1

4U11ð1� U11Þ þ � � � þ TWQ � TBQ

4U1Qð1� U1QÞ
� �

The expected value of q̂ is E½q̂� ¼ q and so this is an unbiased estimator of q. To
define the variance of this estimator, first recognize the above expression as a function
of Uq,TWq, and TBq and use equations (2) (8), and (9) to define:

q̂ ¼ 1
Q

XQ
q¼1

gðUq,TWq,TBqÞ

¼ 1
Q

XQ
q¼1

g pq þ Zqffiffiffi
n

p , E TWq
� �þ ZWqffiffiffi

n
p , E TBq

� �þ ZBqffiffiffi
n

p
� �

:

A first-order Taylor series expansion of each g function about the values
pq, E½TWq�, E½TBq�
� �

can be computed to approximate q̂: As these Q approximations are
all disjoint, we obtain the multi-category approximation simply as:

q̂ ¼ 1
Q

XQ
q¼1

~g pq þ
Zqffiffiffi
n

p , E TWq
� �þ ZWqffiffiffi

n
p , E TBq

� �þ ZBqffiffiffi
n

p
� �

¼ 1
Q

XQ
q¼1

	
qþ Zqffiffiffi

n
p 1

4pqð1� pqÞ �
ZWqffiffiffi
n

p 1
4pqð1� pqÞ
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þZBqffiffiffi
n

p ðE TWq
� �� E TBq

� �Þð2pq � 1Þ
4 pqð1� pqÞ
� �2 þ Opðn�1Þ



Expanding this gives:

q̂¼ 1
Q

	
Qqþ Z1ffiffiffi

n
p 1

4p1ð1�p1Þ�
ZW1ffiffiffi
n

p 1
4p1ð1�p1Þþ

ZB1ffiffiffi
n

p ðE TW1½ ��E TB1½ �Þð2p1�1Þ
4 p1ð1�p1Þ
� �2 þ

:::þ ZQffiffiffi
n

p 1
4pQð1�pQÞ�

ZWQffiffiffi
n

p 1
4pQð1�pQÞþ

ZBQffiffiffi
n

p ðE TWQ½ ��E TBQ½ �Þð2pQ�1Þ
4 pQð1�pQÞ
� �2 þQOpðn�1Þ




qþ a
�
0Z�þOpðn�1Þ

where a
�
is the coefficient matrix and

Z� ¼
Z1

..

.

ZBQ

2
64

3
75!d N3Q

0
..
.

0

0
B@
1
CA,

V1 0 0

0 . .
.

0
0 0 VQ

8><
>:

9>=
>;

2
664

3
775

where Vq is

VðZqÞ CovðZq,ZWqÞ CovðZq,ZBqÞ
CovðZq,ZWqÞ VðZWqÞ CovðZWq,ZBqÞ
CovðZq,ZBqÞ CovðZWq,ZBqÞ VðZBqÞ

8<
:

9=
;:

The second derivative of the Taylor expansion is used to calculate the variance of q̂
to obtain:

Vðq̂Þ¼ 1
Q

XQ
q¼1

(
VðTWqÞ

4Uqð1�UqÞ
ffiffiffi
n

p� �2þ VðTBqÞ
4Uqð1�UqÞ

ffiffiffi
n

p� �2þVðUqÞðTWq�TBqÞ2ð1�2UqÞ2
16n Uqð1�UqÞ
� �4

�2 Cov ðTWq�TBqÞ
4Uqð1�UqÞ

ffiffiffi
n

p� �2�2 Cov ðTWq,UqÞðTWq�TBqÞð1�2UqÞ
4Uqð1�UqÞ

ffiffiffi
n

p� �2
Uqð1�UqÞ

þ2 Cov ðTBq,UqÞðTWq�TBqÞð1�2UqÞ
4Uqð1�UqÞ

ffiffiffi
n

p� �2
Uqð1�UqÞ

þOpðn�1Þ
)
:

Thus, under our assumption of no higher order correlation among individuals within
clusters and no correlation between clusters, the variance is:

Vðq̂Þ ¼ 1
Q

XQ

q¼1

	
1

16nU2
qð1� UqÞ2

VðTWqÞ þ 1

16nU2
qð1� UqÞ2

VðTBqÞ

þ ðTWq � TBqÞ2ð1� 2UqÞ2
16n Uqð1� UqÞ
� �4 VðUqÞ



:
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Finally, using results from (1), (5), and (7) the variance simplifies to

Vðq̂Þ ¼ 1
Q

XQ
q¼1

1

16nU2
qð1� UqÞ2

�

1

n2 �
XK

i¼1
n2i

þ 2pqð1� pqÞ þ 1
� �2

þ pqð1� pqÞXK

i¼1
n2i � n

ð1þ pq � qpqÞ pq þ qð1� pqÞ
� �

þð1� pq þ qpqÞ 2� pq � qð1� pqÞ
� �

þ2ð1þ qÞ 1� pqð1� pqÞð1þ qÞ� �
2
64

3
75

þ pqð1� pqÞðTWq � TBqÞ2ð1� 2UqÞ2
Uqð1� UqÞ
� �2 1

n
þ q
n2
XK
i¼1

niðni � 1Þ
" #

2
6666666666664

3
7777777777775
:

We can use the normal approximation with this variance to calculate a 95% confi-
dence interval (CI) of q̂:

2.3. Categorical response variable with 3 & 4 categories

For a more concrete representation of the statistics above, consider a 3-category
response variable yij 2 f1, 2, 3g: The first two-category paired response would be y�

defined as a success “1” when y¼ 1 with marginal probability p1, and as a failure “0”
when y ¼(2 or 3) with marginal failure probability (1� p1 ¼ p2 þ p3). The remaining
U-statistics can then be constructed as: U11,TW1,TB1, :::,U13,TW3,TB3 for each two-cat-
egory response, and thereby the standard normal variable ZW1, :::ZB3: After defining the
two-category ICC contributions, the final estimate becomes

q̂3 ¼ 1
3

TW1 � TB1

4U11ð1� U11Þ þ
TW2 � TB2

4U12ð1� U12Þ þ
TW3 � TB3

4U13ð1� U13Þ
�
:

 

with variance

Vðq̂3Þ ¼
1
3

X3
q¼1

V
TWq � TBq

4U1qð1� U1qÞ

 !
:

Similarly, for a four-category response Yij 2 f1, 2, 3, 4g, the estimate and variance are

q̂4 ¼
1
4

X4
q¼1

TWq � TBq

4U1qð1� U1qÞ , and

Vðq̂4Þ ¼
1
4

X4
q¼1

V
TWq � TBq

4U1qð1� U1qÞ

 !
:

2.4. Binary resampling-based estimator

For Binary estimate consider a 2-category response variable yij 2 f1, 2g: The first cat-
egory response would be y� defined as a success “1” when y¼ 1 with marginal probabil-
ity p1, and as a failure “0” when y ¼ (2) with marginal failure probability
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(1� p1 ¼ 1� p2). The remaining U-statistics can then be constructed as: U1,TW1,TB1

and the estimate becomes

q̂2 ¼
TW1 � TB1

4U11ð1� U11Þ :

with variance

Vðq̂2Þ ¼ V
TWq � TBq

4U1qð1� U1qÞ

 !
:

The above expression for binary variable is exactly same as the binary resampling
estimator proposed by Chakraborty and Sen (2016). Therefore the resampling estimator
proposed by Chakraborty and Sen (2016) is a special case of the multi-category resam-
pling estimator for two categories.

3. Simulation

We used Monte Carlo simulations to create datasets with fixed population ICC values
under different numbers of clusters, cluster sizes, and event rates for a 3 and 4-category
response. We first defined the number of clusters, sizes of each cluster, and probability
of success (also called event rate) for each category. For each cluster, we then generated
correlated samples of multi-category outcomes based on Biswas’s algorithm for equicor-
relation models (Biswas 2004).

3.1. Equicorrelation data generation algorithm

First, let the equal correlation of the categorical random variables Y be defined as q ¼
ðb=ðP pq þ bÞÞ2 such that b ¼ ffiffiffi

q
p

= 1� ffiffiffi
q

p� �
: Assume there is a random effect on each

Y1, :::,Yni : We will achieve correlated categorical responses by modeling the effect of
that random component. We follow the algorithm as described below

a. Suppose the random effect, denoted by Y0, is also categorical and takes values
0, 1, :::,Q� 1 with PðY0 ¼ q� 1Þ ¼ pq: Draw a random sample, say q0, from its
probability distribution.

b. In the absence of correlation the probabilities of drawing from categories 1, :::,Q
are p1, :::, pQ: However, equal correlation on the categorical variables requires
that the probabilities reflect the impact of the random effect Y0. So update the
probabilities of each category based upon the observed value q0 of Y0:
i. ~pq0 ¼ P(Yj ¼ q0Þ ¼ pqþb

1þb
ii. ~pq ¼ P(Yj ¼ qÞ ¼ pq

1þb , q 6¼ q0
c. Draw values for Y1, :::,YQ from the vector 1 : Q, with replacement, using the

updated probabilities.

We generated data for scenarios in which there were 10, 30, and 50 clusters. We
specified two different sets of category event rates (0.2, 0.3, 0.5) and (0.15, 0.20, 0.25,
0.40), and five different cluster sizes (10, 40, 60, 80, and 100). All combinations of event
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rates, numbers of clusters, and cluster sizes were evaluated for four different population
ICC values: 0.05, 0.10, 0.15, and 0.20. ICCs ranging from 0.05 to 0.20 were chosen
because previous studies have found similar ICC ranges for different outcome variables
(Campbell et al. 2000). An independent dataset was created for each unique combin-
ation of population ICC, event rate, cluster size, and number of clusters. We repeated
this process 5,000 times per combination. Each simulated Monte Carlo dataset was used
to obtain an ICC estimate and a 95% CI using our method. All simulations and analyses
were conducted using R version 3.4.2.

3.2. Results

For each simulation the ICC and its 95% CI was estimated and recorded. We took the
median of these 5000 estimates of ICC and the median of each upper and lower 95%
confidence limit for each unique combination of event rates, numbers of clusters, cluster
sizes, and population ICC values. Table 1 presents the median estimated ICC and its
median 95% confidence limits for event rates (0.2, 0.3, 0.5). Since negative ICC values
do not make sense in practice (Chakraborty and Lyons 2015), all negative lower confi-
dence limit values were set to zero; these most often were observed in those simulations
with small true population ICC values. This has been done in other simulation studies
(Chakraborty et al. 2009a). Also reported is the median bias; specifically, the median of
the bias of each simulation’s estimate compared to the true population ICC. In Table 2
we present the results for a four-category response with event rates (0.15, 0.20,
0.25, 0.40).
As the total number of clusters increases, the 95% CI of ICC becomes narrower. For

example, using the 3-category results for 10, 30, and 50 clusters with cluster size 40 and
a population ICC value of 0.15, the 95% CI estimates are (0.03, 0.33), (0.05, 0.25), and
(0.07, 0.23), respectively. We observed coverage rates of 89-100% for our estimated CIs

Table 1. Simulation results for a 3-category outcome variable with probabilities (0.2, 0.3, 0.5) for dif-
ferent cluster sizes, number of clusters, and population ICC values.

True ICC

q ¼ 0:05 q ¼ 0:10 q ¼ 0:15 q ¼ 0:20

# of
clusters

cluster
size

Estimate
(95% CI)

Avg.
bias

Estimate
(95% CI)

Avg.
bias

Estimate
(95% CI)

Avg.
bias

Estimate
(95% CI)

Avg.
bias

10 10 0.35 (0.18, 0.50) 0.30 0.14 (0.00, 0.40) 0.04 0.18 (0.00, 0.45) 0.03 0.21 (0.00, 0.50) 0.01
40 0.06 (0.00, 0.17) 0.01 0.10 (0.00, 0.24) 0.00 0.16 (0.00, 0.32) 0.01 0.21 (0.04, 0.38) 0.01
60 0.05 (0.00, 0.15) 0.00 0.10 (0.00, 0.23) 0.00 0.16 (0.02, 0.29) 0.01 0.21 (0.07, 0.35) 0.01
80 0.05 (0.00, 0.14) 0.00 0.10 (0.00, 0.22) 0.00 0.16 (0.04, 0.28) 0.01 0.21 (0.09, 0.33) 0.01
100 0.05 (0.00, 0.13) 0.00 0.10 (0.00, 0.21) 0.00 0.16 (0.05, 0.26) 0.01 0.21 (0.10, 0.32) 0.01

30 10 0.06 (0.00, 0.20) 0.01 0.10 (0.00, 0.26) 0.00 0.15 (0.00, 0.33) 0.00 0.20 (0.01, 0.39) 0.00
40 0.05 (0.00, 0.13) 0.00 0.10 (0.01, 0.20) 0.00 0.15 (0.05, 0.25) 0.00 0.20 (0.10, 0.30) 0.00
60 0.05 (0.00, 0.12) 0.00 0.10 (0.02, 0.18) 0.00 0.15 (0.07, 0.23) 0.00 0.20 (0.12, 0.28) 0.00
80 0.05 (0.00, 0.11) 0.00 0.10 (0.03, 0.17) 0.00 0.15 (0.08, 0.22) 0.00 0.20 (0.13, 0.27) 0.00
100 0.05 (0.00, 0.11) 0.00 0.10 (0.04, 0.16) 0.00 0.15 (0.09, 0.21) 0.00 0.20 (0.14, 0.27) 0.00

50 10 0.06 (0.00, 0.16) 0.01 0.10 (0.00, 0.23) 0.00 0.15 (0.00, 0.29) 0.00 0.20 (0.04, 0.35) 0.00
40 0.05 (0.00, 0.11) 0.00 0.10 (0.02, 0.18) 0.00 0.15 (0.07, 0.23) 0.00 0.20 (0.12, 0.28) 0.00
60 0.05 (0.00, 0.11) 0.00 0.10 (0.04, 0.16) 0.00 0.15 (0.09, 0.22) 0.00 0.20 (0.14, 0.26) 0.00
80 0.05 (0.00, 0.10) 0.00 0.10 (0.05, 0.16) 0.00 0.15 (0.10, 0.21) 0.00 0.20 (0.15, 0.26) 0.00
100 0.05 (0.00, 0.10) 0.00 0.10 (0.05, 0.15) 0.00 0.15 (0.10, 0.20) 0.00 0.20 (0.15, 0.25) 0.00

438 H. CHAKRABORTY ET AL.



in scenarios with cluster size 40 (or larger). We observed a similar pattern for a cluster
size of 60 across the varying numbers of clusters and different population ICC values.
As the cluster sizes increased, for a fixed number of clusters, the 95% CI of ICC became
narrower. For example, with 30 clusters and a population ICC value of 0.10, when the
cluster sizes increase from 10, 40, to 60, the 95% CIs of ICC are (0.01, 0.26), (0.01,
0.20), and (0.02-0.18), respectively. This is true across different population ICC values
for 50 clusters as well. Overall, we found that the estimated ICC is very close to the
population ICC for larger cluster sizes and greater numbers of clusters; estimates are
very close for all of the simulations with > 10 clusters and > 10 individuals per cluster.
We observed similar trends for the 4-category results.

4. Study examples

We used nominal and ordinal categorical variables from two different studies to esti-
mates the ICC. Different studies have different numbers of clusters and cluster sizes in
addition to different event rates. Cluster size variations and event rate variations within
clusters also occur in some studies. The following is a brief description of the studies:
eHARS HIV Data: South Carolina’s enhanced HIV/AIDS Reporting System (eHARS)

is a database containing socio-demographic characteristics, CD4 count, and viral load
(VL) measurements from all people living with HIV (PLHIV) in SC. It was previously
used to identify differences in community viral load trends between selected population
subgroups and to detect disparities in VL decline by patient characteristics (gender, age,
and CD4 count) (Chakraborty et al. 2016, 2015). The dataset has 46 communities which
will be treated as clusters for ICC estimation. Within the subset analyzed, the average
number of HIV-infected residents ranged from 9 to 902. We chose to use the following
categorical variables Race (White, Black, Other), Risk of HIV exposure (Heterosexual sex,
Men having sex with Men, and Other), first CD4 measurement (	200, 201-350, 351-500,

Table 2. Simulation results for a 4-category outcome variable with probabilities (0.15, 0.2, 0.25, 0.4)
for different cluster sizes, number of clusters, and population ICC values.

True ICC

q ¼ 0:05 q ¼ 0:10 q ¼ 0:15 q ¼ 0:20

# of
clusters

cluster
size

Estimate
(95% CI)

Avg.
bias

Estimate
(95% CI)

Avg.
bias

Estimate
(95% CI)

Avg.
bias

Estimate
(95% CI)

Avg.
bias

10 10 0.24 (0.03, 0.46) 0.19 0.20 (0.00, 0.43) 0.10 0.20 (0.00, 0.46) 0.05 0.24 (0.00, 0.52) 0.04
40 0.06 (0.00, 0.18) 0.01 0.11 (0.00, 0.26) 0.01 0.16 (0.00, 0.33) 0.01 0.22 (0.04, 0.39) 0.02
60 0.06 (0.00, 0.16) 0.01 0.11 (0.00, 0.24) 0.01 0.16 (0.02, 0.30) 0.01 0.21 (0.07, 0.36) 0.01
80 0.05 (0.00, 0.15) 0.00 0.11 (0.00, 0.22) 0.01 0.16 (0.04, 0.28) 0.01 0.22 (0.09, 0.34) 0.02
100 0.05 (0.00, 0.14) 0.00 0.11 (0.00, 0.21) 0.01 0.16 (0.05, 0.27) 0.01 0.22 (0.10, 0.33) 0.01

30 10 0.08 (0.00, 0.22) 0.03 0.10 (0.00, 0.26) 0.00 0.15 (0.00, 0.33) 0.00 0.20 (0.01, 0.39) 0.00
40 0.05 (0.00, 0.13) 0.00 0.10 (0.00, 0.20) 0.00 0.15 (0.05, 0.25) 0.00 0.20 (0.10, 0.31) 0.00
60 0.05 (0.00, 0.12) 0.00 0.10 (0.02, 0.18) 0.00 0.15 (0.07, 0.23) 0.00 0.20 (0.12, 0.29) 0.00
80 0.05 (0.00, 0.11) 0.00 0.10 (0.03, 0.17) 0.00 0.15 (0.08, 0.22) 0.00 0.20 (0.13, 0.28) 0.00
100 0.05 (0.00, 0.11) 0.00 0.10 (0.04, 0.16) 0.00 0.15 (0.08, 0.22) 0.00 0.20 (0.13, 0.27) 0.00

50 10 0.06 (0.00, 0.17) 0.01 0.10 (0.00, 0.23) 0.00 0.15 (0.00, 0.30) 0.00 0.20 (0.04, 0.36) 0.00
40 0.05 (0.00, 0.12) 0.00 0.10 (0.02, 0.18) 0.00 0.15 (0.07, 0.23) 0.00 0.20 (0.12, 0.28) 0.00
60 0.05 (0.00, 0.11) 0.00 0.10 (0.04, 0.17) 0.00 0.15 (0.08, 0.22) 0.00 0.20 (0.13, 0.27) 0.00
80 0.05 (0.00, 0.10) 0.00 0.10 (0.04, 0.16) 0.00 0.15 (0.09, 0.21) 0.00 0.20 (0.14, 0.26) 0.00
100 0.05 (0.00, 0.10) 0.00 0.10 (0.05, 0.15) 0.00 0.15 (0.10, 0.20) 0.00 0.20 (0.15, 0.25) 0.00
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>500), and first Detectable Viral Load (VL) measurement (	400, 401-1000, 1001-10000,
>100000). Clusters with < 2 responses for each variable was dropped from ICC calcula-
tion because to draw a pair of responses from a cluster we need at least 2 responses.
ARTEMIS CRT Data: The Affordability and Real-World Antiplatelet Treatment

Effectiveness After Myocardial Infarction Study (ARTEMIS) is a clinical trial of 11,001
patients that investigated whether removal of co-payment barriers increases adherence to
an anti-platelet therapy and lowers risk of major cardiovascular adverse events (MACE)
(Wang et al. 2019). This study involved 287 hospitals with a median of 38 patients among
the intervention group hospitals and a median of 28 patients among the control group
hospitals (range across all hospitals:1-343). We are treating hospital as a cluster for this
estimation assessment and are utilizing the same subset of randomized patients as used in
the primary analysis. We are reporting the estimated ICC and 95% CI for three variables:
presenting ECG (ST elevation, new LBBB, new ST depression or T wave inversion, none
of the above), Killip class of heart failure (I: no heart failure (HF), II: rales and/or JVD, III:
pulmonary edema, IV: cardiogenic shock), and arterial access site (femoral, radial, other).
Clusters with < 2 responses for each variable was dropped from ICC calculation because
to draw a pair of responses from a cluster we need at least 2 responses.
The estimate and confidence interval of ICC for each of the above studies, as esti-

mated by the new resampling-based method, are reported in Table 3. To provide com-
parisons, we created n separate binary variables for a n category variable and estimated
n ICC estimates. We also treat the categorical variable as continuous variable and used
ANOVA method to estimate ICC. We see the ICC for two of the variables in eHARS
dataset and for one variable in the ARTEMIS dataset is quite large, in contrast to the
ICCs of the other variables in those datasets. There are big differences between the
resampling estimate and set of binary estimates and estimate treating as a continuous
variable. In most cases the alternate estimates are lower and inconsistent. For example,
treating as a continuous variable provide ICC estimate closed to zero and different bin-
ary estimates provided different estimates. If we create a binary variable by combining
the categories then the ICC estimates will depends upon how we group them to create
together to create binary variable. For Arterial Access Site (nominal; 3 categories) vari-
able the binary estimates are 0.23, 0.24, and 0.03 and for HIV risk exposure (nominal; 3
categories) variable the binary estimates are 0.02, 0.01, and 0.00. This analysis suggests
that to estimate ICC for categorical variable with more than two categories we need to
use resampling estimation method because from simulation we demonstrated that the
estimates are very close to the population ICC from where we generated our samples.

5. Discussion

To our knowledge the resampling method defined in this paper is the first proposed
method to estimate ICC for correlated categorical data with more than two categories.
We observed from simulation that this method performs very well for moderate to large
numbers of clusters and moderate to large cluster sizes. Our method is very useful for
estimating the ICC precisely for different event rates, moderate to large cluster sizes,
and moderate to large numbers of clusters. Both a limitation and an advantage of this
method is it ignores the ordering of the categorical levels of the response. On the one
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hand, that means the inherent importance of the orders is lost. On the other hand, the
method is applicable to both nominal and ordinal outcomes.
There are a few limitations with this method. First, the method overestimates the

true ICC when cluster sizes are very small and the number of clusters is few. Second, to
develop this methodology, we assumed that there are no third or higher order correla-
tions among observations within clusters, though this may not always be true. Third,
the method requires an intensive amount of processing time for large cluster sizes.
Therefore, much computing power is needed to get the results, especially as the cluster
size and number of clusters increase. Using a cloud based distributive computing envir-
onment and use Cþþ for programing will reduce the processing time.
We know from previous studies that cluster size and event rate variations influence the

ICC estimate (Chakraborty, Moore, and Hartwell 2009b,a). When the cluster size variation
increases among clusters the estimated ICC increases, and if the event rate variation in dif-
ferent categories increases among clusters then ICC increases. The combination of both
cluster size and event rate variations might increase the estimated ICC unexpectedly. In
our real data examples, we observed large ICC estimates; these might be due to the type of
data and also the existence of both cluster size and event rate variations in the datasets.
Extensive simulation results from previous studies demonstrate that the resampling
method has good coverage probability (Samantapudi 2014) for the binary case.

Table 3. ICC estimation results for 3- and 4-category outcome variables for each of the
study datasets.

Study 1: eHARS Study 2: Artemis

Variable Description ICC (95% CI) Variable Description ICC (95% CI)

Race (nominal;
3 categories)

Arterial Access Site
(nominal; 3 categories)

– Resampling 0.24 (0.11, 0.37) – Resampling 0.61 (0.45, 0.78)
– Continuous 0.10 (0.06, 0.17) – Continuous 0.16 (0.09, 0.30)
– Binary (1 vs 2þ 3) 0.10 (0.00, 0.69) – Binary (1 vs 2þ 3) 0.23 (0.00, 1.00)
– Binary (2 vs 1þ 3) 0.09 (0.00, 0.67) – Binary (2 vs 1þ 3) 0.24 (0.00, 1.00)
– Binary (3 vs 2þ 1) 0.01 (0.00, 0.28) – Binary (3 vs 2þ 1) 0.03 (0.00, 0.42)
First detectable viral load

measurement (ordinal;
4 categories)

Killip Class (ordinal;
4 categories)

– Resampling 0.05 (0.00, 0.10) – Resampling 0.24 (0.00, 0.53)
– Continuous 0.01 (0.00, 0.02) – Continuous 0.03 (0.01, 0.06)
– Binary (1 vs 2þ 3þ 4) 0.01 (0.02, 0.15) – Binary (1 vs 2þ 3þ 4) 0.07 (0.00, 0.63)
– Binary (2 vs 1þ 3þ 4) 0.01 (0.00, 0.16) – Binary (2 vs 1þ 3þ 4) 0.09 (0.00, 0.88)
– Binary (3 vs 1þ 2þ 4) 0.01 (0.00, 0.09) – Binary (3 vs 1þ 2þ 4) 0.00 (0.00, 0.14)
– Binary (4 vs 1þ 2þ 3) 0.01 (0.00, 0.08) – Binary (4 vs 1þ 2þ 3) 0.02 (0.00, 0.42)
First CD4 measurement

(ordinal; 4 categories)
Presenting ECG (nominal;

4 categories)
– Resampling 0.86 (0.85, 0.87) – Resampling 0.04 (0.00, 0.12)
– Continuous 0.00 (0.00, 0.00) – Continuous 0.05 (0.03, 0.07)
– Binary (1 vs 2þ 3þ 4) Not Estimable – Binary (1 vs 2þ 3þ 4) 0.05 (0.0, 0.26)
– Binary (2 vs 1þ 3þ 4) 0.00 (0.00, 0.04) – Binary (2 vs 1þ 3þ 4) Not Estimable
– Binary (3 vs 1þ 2þ 4) Not Estimable – Binary (3 vs 1þ 2þ 4) 0.04 (0.0, 0.26)
– Binary (4 vs 1þ 2þ 3) 0.00 (0.00, 0.01) – Binary (4 vs 1þ 2þ 3) 0.05 (0.0, 0.28)
HIV risk exposure (nominal;

3 categories)
– Resampling 0.68 (0.66, 0.71)
– Continuous 0.01 (0.00, 0.02)
– Binary (1 vs 2þ 3) 0.02 (0.00, 0.15)
– Binary (2 vs 1þ 3) 0.01 (0.00, 0.11)
– Binary (3 vs 2þ 1) 0.00 (0.00, 0.06)
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Despite the limitations, this methodology is important in design and analysis of CRTs.
It has been shown that a small change in ICC can significantly increase the required num-
ber of clusters in CRTs which can drive up the study cost (Chakraborty, Moore, and
Hartwell 2009b,a). Hence, precise ICC estimates are extremely important in designing and
analyzing CRTs and other studies involving correlated clustered data. For example, a hier-
archical composite outcome (HCO) provides a method for assessing clinical trial partici-
pants across multiple measures simultaneously by incorporating continuous, categorical,
survival, or count data (Freemantle et al. 2003; Cordoba et al. 2010). Typically, a HCO
uses a time-to-event outcome as the highest level of assessment supplemented by one or
more longitudinal measures, categorical, or count data types as the lower levels of assess-
ment to create an ordinal HCO as the primary outcome variable. Researchers have used
ordinal HCOs as primary outcome variables to design clinical trials. Two of the specific
ordinal HCO used in medical research are Global Rank Composite Score (GRCS) and
Desirability of Outcome Ranking (DOOR). GRCS was used in an acute respiratory distress
syndrome (ARDS) trial (Ranieri et al., 2020) and stem-cell transplantation and immuno-
suppression for treatment for severe scleroderma trial (Sullivan et al., 2018). RADAR was
used to design the response adjusted for duration of antibiotic risk trial (Evans et al. 2015).
Our developed methodology will help the researchers to design CRTs using correlated
ordinal HCO and to adjust the sample size for design effect (Chakraborty, Biswas, and
Datta 2008; Chakraborty and Lyons 2015) where the ICC estimate is required to calculate
the design effect. One of the simple analysis methods used to compare categorical variables
when the data arise from cluster trials is to inflate the variance using the design effect
(Chakraborty, Biswas, and Datta 2008; Chakraborty and Lyons 2015) in the test statistics
without the adjustment, the test result might provide inflated p-values.
Randomizing at the cluster or clinic-level is becoming a common feature in medical

research to increase the pragmatism and to make the trial result immediately implementable
in real-world settings. Our method will provide the correct ICC estimate to calculate sample
size for CRTs using a correlated categorical primary outcome and to analyze the data cor-
rectly. Given the sensitivity of CRT design and analysis of CRTs and other clustered data to
accurate ICC estimation, it is important that an estimator is available for all meaningful cor-
related outcomes: binary, continuous, time-to-event, and now multi-category responses.
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