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Abstract

Comparative Analysis of Four Intraclass Correlation Coefficient Estimation

Methods on Continuous Outcomes in a Survey Study

By Ruoming Wu

This study aimed to compare methods of estimating the intraclass correlation coefficient
(ICC) on continuous outcomes in survey research utilizing cluster sampling. Analysis was
performed on the dataset obtained from the Power Up for 30 program, which measured all
elementary schools from different school districts in Georgia. Grade level teachers completed
surveys regarding students’ physical activities. ICCs were calculated for responses from each
survey question at the district level and the school level using four methods: the ANOVA
approach, the random intercept approach, the GEE approach and the design effect approach. The
result indicated that different ICC estimation methods led to various results. ICC estimates
obtained using the design effect approach greatly diverged from ICC estimates obtained using
the other approaches. For all survey questions, ICC estimates at the school level were greater
than that at the district level, suggesting that responses toward all questions exhibited greater
consistency among different grade level teachers at the school level, compared to at the district
level. Future studies should consider ICC estimation methods that take into account the non-
normality of the dataset. Also, average number of respondents should be consistent at the district

and the school level.
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1 Introduction

Survey research has been massively utilized in public health studies. The primary objective of
adopting the survey research approach is to select a sample that would best represent the nature
of the population [1]. Among all the survey sampling methods, cluster sampling has been most
frequently used on account of its cost-effectiveness [2]. Such a sampling method is composed of
multiple groups or clusters of smaller or individual units [3]. Geographical regions and school
districts are both examples of clusters. An important assumption in cluster sampling states that
observations from the same cluster are likely to be correlated to each other, rather than
independent [4]. Such within cluster correlation is quantified by the intraclass correlation
coefficient (ICC), denoted by p. Specifically, the ICC measures the relative homogeneity of the
observations within the clusters, compared to the total variation among all the observations from
the dataset [3]. It is algebraically defined as the proportion of the total variance that exists
between clusters:

o;

p= €]

where o and o2 represent the between- and within-cluster variance, respectively [5]. The ICC
also serves as an indicator of whether the assumption of independent error terms often used for
statistical tests is violated [6]. Previous studies have demonstrated that ignoring ICCs in
statistical analyses results in a severe inflation of the Type I error [7]. Moreover, studies have
also shown that cluster sampling generally exhibits lower statistical power than the simple
random sampling method. As a result, the sample size for cluster sampling studies has to be
increased, in order to achieve sufficient statistical power, compared to that of simple random
sampling [8]. The magnitude of such an increase in sample size is usually characterized by the

design effect, which is defined as the ratio of the variance of an estimator under cluster sampling



to that of an estimator under simple random sampling [4]. The design effect (Deff) is
algebraically given by

Deff =14+, —1)xp (2)
where ny is the average cluster size [9]. Since the effective sample size and statistical power can
be significantly affected by the value of ICC, obtaining an accurate estimation of ICC is crucial

to a study.

Cluster sampling design has received a significant amount of attention and has been massively
implemented in public health studies. Accordingly, calculations of the ICC are frequently applied
in these studies, as well as the illustration of the design effect. For example, the cholesterol
education and research trial (CEART) study randomly assigned primary care physician practices
to patients. The ICC, along with the design effect, for primary care practices were estimated
based on patient health outcome such as diastolic blood pressure, body mass index and
triglycerides using the analysis of variance (ANOVA) approach [8]. Another example is the
study of adolescent cigarette use measurements. School-level ICCs for smoking-related variables
were estimated through the mixed model regression approach [6]. On the other hand, the study of
acquiring an accurate estimate of the ICC has received much less attention. Factors affecting the
value of ICC include scope of the cluster and subject variability. Studies have suggested that the
ICC within a family or a household is expected to be higher than that within a geographical area
because family members are considered to be more correlated than observations taken from a
large geographical area [10]. In addition, studies have also indicated that the ICC is sensitive to

subject variability, the degree to which variation of observations in the sample vary from the



“true” variation in the target population. It appears that when measurement errors are fixed, ICC

values can widely fluctuate due to subject variability [11].

The main purpose of this study is to compare methods of estimating the ICC for a clustered
continuous outcome. Similar studies in the literature include comparison of methods for
estimating the ICC for binary responses, where five methods were performed and compared on
cluster randomized trials of cancer screening datasets [10]. Another study on the association
between average work hours, a continuous outcome, and nurse burnout utilized and compared
two distinct multilevel regression model methods to estimate the ICC [12]. In this study,
responses regarding the frequencies of students’ physical activities from various grade teachers
are analyzed at the district and the school level. Specifically, four methods are applied to
estimate the ICC, namely, the ANOVA estimator, the random intercept model approach, the
generalized estimating equation approach and the design effect approach. This study aims to
compare the performance of these methods of estimating the ICC for the district and school level
responses and generalize the findings to the design of future survey research using cluster

sampling.



2 Methods

2.1 Dataset

The dataset is collected from the Power Up for 30 program, conducted by the Georgia
Department of Public Health. This program aims to improve the physical well-being of
elementary school students by encouraging every elementary school in Georgia to incorporate 30
minutes of physical activity each weekday. The survey-based study measured all elementary
schools from different school districts. Within each school, teachers from each grade level
(Grade 1-5) answered the students’ physical activities related questionnaire. Their responses to
several questions are modeled on their positions at the school. This study restricts the number of
respondents’ in each cluster to be greater than 20, since the ICC may not be well estimated for

small clusters.

2.2 Statistical methods

Four methods of estimating the ICC are applied to the datasets: the ANOVA estimator, the
random intercept model approach, the generalized estimating equation approach and the design
effect approach. In general, suppose there are a total of & clusters. Within each cluster, denoted
by i, there are n; subjects. The outcome variable, denoted by y;;, represents the response of the Vi

subject in the " cluster.

2.2.1 The ANOVA estimator
The one-way random effects model is frequently applied to estimate the ICC. The model is given
by:

Yij = Ut ot g 3)



where u represents the overall average response of the target population, ¢; represents the
specific effect of the i cluster and &; represents the error term, for i from / to k and j from / to
n;. The model assumes that the ¢;’s are independently and identically distributed and follow a
normal distribution with mean 0 and variance o and the ¢;’s are also independently and
identically distributed but follow a normal distribution with mean 0 and variance o;%. The o;’s
and the ¢;’s are independent. Under such a model, the ANOVA estimator [13] for the ICC is
given by:

MSB — MSW

—_ 4
PA= MSB + (ny — DMSW )

where n,4 represents the average cluster size, and is given by

ko2 k
ny, = ! N - 2=t d N = En (5)
AT k-1 N | =5
=

The MSB and MSW are between- and within-cluster mean squares, which can be obtained from

the one-way analysis of variance.

2.2.2 The random intercept model approach
For the random intercept model, a type of regression model, the baseline value for each cluster is
different, but the slope is the same for all cluster. The model is given by:

Yij= u+ 0+ xp+ g (6)
where u represents the overall average intercept, 6;is the difference between the mean of cluster
and the average intercept, 3 is the vector of coefficients that do not vary across clusters and ¢;
represents the error term. It is assumed that 6; follows a normal distribution with mean 0 and

variance 7° and &; follows a normal distribution with mean 0 and variance . In particular, 7’



measures the between-cluster variability in the intercepts and o° measures the within-cluster
variability in the residuals. In this case, the ICC is computed as:

TZ

2 4+ g2’

p= ()
2.2.3 The generalized estimating equations approach
Another regression model implemented in this study is the generalized estimating equations
(GEE). As a very general statistical estimating approach, GEE allows user-specified working
correlations. A key feature of GEE is that it is robust to misspecification of the working
correlation. In addition, robust standard errors, another nature of GEE, ensure the validity of
regression parameters even if the working correlation is misspecified [14]. For the continuous
outcome in this study, a Gaussian distribution is selected with an identity link. The GEE model is
given by:

Vij = Bo + Bixij + & (8)
where the error term ¢&; follows a normal distribution with mean 0 and variance matrix V;. Such a
variance matrix is given by:

V; = 0%R;(a) €))
where R;() is an n; Xn; correlation matrix and o is the parameter that indicates the functional
form of the correlation. In cluster sampling, it is normally assumed that observations from
various clusters are independent but that from the same cluster are usually dependent. Thus, an

exchangeable correlation structure, which is given by

1 a cee a a
a 1 a o

: - : (10)
a a cee 1 a



is assumed for this study. The working correlation structure coefficient represents the ICC since

it accounts for the within-cluster correlation.

2.2.4  The design effect approach

As mentioned earlier, the design effect is utilized in cluster sampling to measure the efficiency of
the sample. The design effect is algebraically given in (2) where n, is the average cluster size.
The formula for n,1s given in the ANOVA estimator section. Consequently, the ICC can be

derived from (2) as follows:

Deff —1
nA_]. '

p= (11)

2.3  Computation

All analyses were performed in SAS software (version 9.4; SAS Institute Inc, Cary, NC). For the
ANOVA estimator, SAS functions were written to compute the ICC based on equation (5). For
the random intercept approach, we used SAS PROC MIXED to model the random effect.
Estimates of the variance attributable to district- or school- level and to residual errors from
PROC MIXED output were utilized to compute the ICC. For the generalized estimating
equations approach, we used SAS PROC GENMOD. The design effects at district and school-
level were calculated in SAS callable SUDAAN (version 11; RTI International, Research

Triangle Park, NC). ICCs were derived from the design effects according to equation (11).



3 Results

Cluster characteristics and the results of ICCs using the four aforementioned estimation methods
for questions with continuous outcome at the district- and the school-level are shown in Tables
1-7. The average number of respondents, which represents the average cluster size, for all
questions estimated at the district- and the school-level were approximately 60.20 and 4.75,

respectively.

Table 1
Cluster characteristics and results of ICC from different estimation methods for the survey question:
“How many days per week is recess scheduled at your school?”

Cluster Characteristics ICC Estimation Methods
Average number  Design Random Derivation from
of respondents Effect ANOVA Intercept GEE Design Effect
District 60.463 31.84 0286 0312 0212 0.519
Level
School Level 4.783 3.080 0.504 0.518 0.499 0.550
Table 2

Cluster characteristics and results of ICC from different estimation methods for the survey question:
“On average, how many minutes is a scheduled recess period at your school?”

Cluster Characteristics ICC Estimation Methods
Average number  Design Random Derivation from
of respondents Effect ANOVA Intercept GEE Design Effect
District 60.318 31.860 0.220 0229 0210 0.520
Level
School Level 4772 2.610 0.376 0.393 0.397 0.427
Table 3

Cluster characteristics and results of ICC from different estimation methods for the survey question:
“In general, how often is physical activity integrated into the classroom?”’

Cluster Characteristics ICC Estimation Methods
Average number Design Random Derivation from
of respondents Effect ANOVA Intercept GEE Design Effect
District
Level 60.181 6.510 0.0328 0.0354 0.0600 0.0870
School 4761 1360 00769  0.115  0.118 0.0625

Level




Table 4
Cluster characteristics and results of ICC from different estimation methods for the survey question:
“On average, how many minutes per day do your teachers integrate physical activity into the classroom?”

Cluster Characteristics ICC Estimation Methods
Average number  Design Random Derivation from
of respondents Effect ANOVA Intercept GEE Design Effect
District 60.146 4.490 0.0339  0.0439  0.0440 0.0590
Level
School Level 4.759 1.230 0.0646 0.0742 0.0708 0.0612
Table 5

Cluster characteristics and results of ICC from different estimation methods for the survey question:
“How long is each bout of the integrated physical activity?”

Cluster Characteristics ICC Estimation Methods
Average number Design Random Derivation from
of respondents Effect ANOVA Intercept GEE Design Effect
District 60.073 10.930 0.0694  0.0715  0.0964 0.168
Level
School Level 4.753 2.300 0.308 0.308 0.309 0.346
Table 6

Cluster characteristics and results of ICC from different estimation methods for the survey question:
“Approximately how many school staff members participate in these physical activity opportunities offered by your
school?”

Cluster Characteristics ICC Estimation Methods
Average number  Design Random Derivation from
of respondents Effect ANOVA Intercept GEE Design Effect
District 60.073 10.930 0.0694 00715  0.0964 0.168
Level
School Level 4.753 2.300 0.308 0.308 0.309 0.346
Table 7

Cluster characteristics and results of ICC from different estimation methods for the survey question:
“At your school, how many parents are involved in promoting physical education/physical activity before, during,
and after school?”

Cluster Characteristics ICC Estimation Methods
Average number Design Random Derivation from
of respondents Effect ANOVA Intercept GEE Design Effect
District 50.876 3.270 0.0307  0.0366  0.0175 0.0386
Level

School Level 4.738 1.810 0.173 0.177 0.191 0.217
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3.1 District Level

At the district level, the ICC values from the ANOVA estimator were similar from those
obtained using the random intercept model approach for all questions. The ICC estimates from
the design effect were noticeably greater than those obtained from other methods. In particular,
the greater differences between ICCs are associated with the greater the design. For example, the
question shown in Table 1 exhibited a design effect of 31.84, and the ICC from the design effect
approach was 67% higher than the mean of ICCs obtained using other methods. Additionally, the
question shown in Table 7 indicated a small design effect with the value 3.27. We consequently
observed a small difference between the ICC from the design effect approach and those obtained
using the ANOVA and random intercept methods. The ICCs from the GEE approach fluctuated
and were different from that obtained using the other three methods, except for those shown in

Table 4.

ANOVA values of ICC estimates were 0.29 and 0.22 for questions in Table 1 and 2,
respectively, and these two values were significantly higher than those from the other questions.
This observation indicated that greater consistency were found in the responses from different
grade level teachers for these two questions. On the other hand, for questions shown in Table 3-
7, the ICCs ranged from 0.03 to 0.07. This observation suggested that greater discrepancy existed

in the responses from different grade level teachers for these five questions.

3.2 School Level
At the school level, ICCs obtained from the ANOVA estimator, random intercept model

approach and the GEE approach were close to each other for all questions. However, we observe
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differences in ICCs using the design effect approach compared to the other approaches. The
design effects at the school level, ranging from 1.23 to 3.08, were smaller than those at the
district level, ranging from 3.27 to 31.86. For questions with design effects greater than 1.50,
ICCs obtained from the design effect approach were greater than those obtained from the other
methods (Table 1, 2, 6 and 7). For questions with design effects lower than 1.50, ICCs obtained
from the design effect approach were smaller than those obtained from the other methods (Table
3-5). The difference between ICCs from the design effect approach and the mean of ICCs from
other approaches at the school level was lower than the respective differences at the district level.
Specifically, estimated ICCs from the design effect approach differed from the mean of the ICCs

obtained from the other methods by 15%.

Values of ICC estimates were 0.50, 0.39, 0.31 and 0.18 using the random intercept approach for
questions shown in Table 1, 2, 6 and 7, respectively. These high values suggested that greater
consistency were detected in the responses from different grade level teachers for the
aforementioned questions. For questions shown in Table 3-5, the ICC estimates ranged from 0.06
to 0.10. This observation suggested that greater discrepancy in the responses from different grade

level teachers were detected for these three questions.
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4 Discussion

As would be expected, different intraclass correlation coefficient estimation methods lead to
various results. The percent difference in estimated ICCs for the same research question could
range from 15% to 66%. In particular, ICC estimates obtained from the design effect approach
generally differed greatly from that obtained from other methods. One possible explanation
would be that the ANOVA estimator, the random intercept model approach and the GEE
approach all assumed normality for the dataset, whereas the design effect approach did not have
this underlying assumption. Thus, it is sensible to propose that for questions with large
separation in ICC estimates obtained from the design effect approach, as compared to that from
the other methods, such as the questions shown in Table 1 and 2, the underlying datasets may not
follow normal distributions. Consequently, when performing analysis on ICCs, no single method
can be fully relied on. To be specific, as shown in Table 1, the ICC estimate from the GEE
approach suggested that at the district level, certain degrees of consistency on the responses from
different grade level teachers were observed, whereas the ICC estimate from the design effect
approach suggested that at the district level, a significant amount of degrees of consistency on
the responses from different grade level teachers were observed. As a consequence, uncertainty

in ICC estimations may lead to unreliable conclusions.

In this study, at the district cluster level, large ICC estimates for questions regarding general
physical activity frequencies were observed (Table 1 and 2). This result indicated that responses
toward broad questions were consistent among different grade level teachers. On the other hand,
ICC estimates were much lower for detailed questions regarding physical activity, suggesting

that inconsistency was observed for response toward specific questions among different grade
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level teachers. At the school level, ICC estimates were generally higher than those at the district
level, for all questions. This observation implied that responses toward all questions exhibited
greater consistency among different grade level teachers at the school level, compared to at the

district level.

Limitations of this study include that the underlying outcome of interest was greatly skewed to
the right. Nevertheless, the ANOVA, the random intercept and the GEE methods all assumed
normality of the underlying dataset. Thus, the ICC estimates were not accurate using these three
methods. Future studies may consider statistical methods that targets at non-normal datasets. For
example, the GEE approach with dispersion parameter incorporated into the working correlation
structure may be utilized as another ICC estimation method. Another limitation is that the
average number of respondents at the district level was much greater than that at the school level.
Thus, it would be expected that more consistency would be observed among subjects at the
school level. This assumption raised a concern such that the value of ICC estimates at the school
level would be lower if the average number of respondents was the same as that at the district
level. In future studies, sufficient number of subjects within each cluster at the school level has to
be achieved, in order to obtain accurate ICC estimates. In this study, we did not obtain
confidence intervals for each ICC point estimate. Future studies should consider to incorporate
bootstrap confidence intervals into statistical analysis to elucidate the existence of, or lack
thereof, overlaps between ICC confidence intervals from different methods. Future studies may
also consider examine the ICC for similar research studies in other states, in order to examine the

consistency of grade level teachers’ responses across the country.
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