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ABSTRACT

Individuals who share similar socio-economic and cultural characteristics also share similar health outcomes.
Consequently, they have a propensity to cluster together, which results in positive intra-class correlation co-
efficients (ICCs) in their socio-demographic and behavioural characteristics. In this study, using data from four
rounds of the National Family Health Survey (NFHS), we estimated the ICC for selected socio-demographic and
behavioural characteristics in rural and urban areas of six states namely Assam, Gujarat, Kerala, Punjab, Uttar
Pradesh, and West Bengal. The socio-demographic and behavioural characteristics included religion & caste of
the household head, use of contraception & prevalence of anaemia among currently married women and
coverage of full immunization services among children aged 12-23 months. ICC was computed at the level
ofPrimary Sampling Units (PSUs), that is, villages in rural areas and census enumeration blocks in urban areas.
Our research highlights high clustering in terms of religion and caste within PSUs in India. In NFHS-4, the ICCs
for religion ranged from the lowest of 0.19 in rural areas of Kerala to the highest of 0.67 in urban areas of West
Bengal. For the caste of the household head, the ICCs ranged from the lowest of 0.12 in the urban areas of Punjab
to the highest of 0.46 in the rural areas of Assam. In most of the states selected for the study, the values of ICC
were higher for the use of family planning methods than for full immunization. The value of ICC for use of
contraception was highest for rural areas of Assam (0.15) followed by rural areas of Gujarat (0.13). A higher
value of ICC has considerable implications for determining an effective sample size for large-scale surveys. Our
findings agree with the fact that for a given cluster size, the higher the value of ICC, the higher is the loss in
precision of the estimate. Knowing and taking into account ICCs can be extremely helpful in determining an
effective sample size when designing a large-scale demographic and health survey to arrive at estimates of pa-
rameters with the desired precision.

1. Introduction

1999; Johnson et al., 2015; Killip, Mahfoud, & Pearce, 2004; Pagel et al.,
2011; Simpson et al., 1995). This propensity to cluster together results in

A cluster design (both a conventional cluster sampling design and a
multistage design) poses the problem that units within clusters are
generally dependent. The settlement pattern in a population-based
survey is usually not random. Often, individuals sharing similar socio-
economic and cultural characteristics prefer to stay close to each other
and depict similar health outcomes (Donner, 1986; Gulliford et al.,

a positive intra-cluster correlation in their socio-economic characteris-
tics like religion, caste, education, and occupation. (Killip et al., 2004).
When it comes to behavioural and attitudinal variables, a neighbour’s
influence is likely to be dented, although it will depend on the specific
issue at hand (Benefo, 2006; Kravdal, 2002, 2007). Sometimes, the
presence of certain external factors can enhance the clustering effect in a
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variable. For example, the availability of a bank in some PSUs (villages)
might lead to clustering in whether a person has a bank account or not.
Similarly, if health facilities are scattered over rural areas, it can also
lead to clustering in seeking maternal and child health care services
(Roy, Acharya, & Roy, 2016). Intervention studies in which the cluster is
the unit of allocation are increasingly being used to evaluate health
interventions implemented at the level of a geographic area or a health
service organization unit (Donner & Klar, 1994). Therefore, intra-class
correlation (ICC) holds great importance for the present study.

The knowledge of ICC can be beneficial in many ways. First, it can
assist in determining the sample size for the estimation of a parameter in
a survey (Aliaga & Ren, 2006; Kerry & Bland, 1998; Liljequist et al.,
2019; Pagel et al., 2011). Since clustering tends to increase the design
effect, one needs to consider a larger sample size to estimate a given
parameter with the required precision (Alegana et al., 2017). Second,
because the value of ICC of a parameter is considered portable, its
availability in a survey can facilitate fixing the sample size in another
similarly designed survey (Aliaga & Ren, 2006).

Third, knowing the ICC can reveal how a parameter is distributed in
a population, especially whether it is random or clustered (Eldridge et al.
2009; Eldridge, Ashby, & Kerry, 2006; Rutterford et al., 2015). A high
ICC indicates that the parameter is not randomly distributed but
concentrated in certain localities (Gulliford et al., 1999; Roy et al.,
2016). Consider anaemia among women, which is a massive problem in
India. A finding that its prevalence is highly clustered in rural areas
would have considerable implications. It can assist in carrying out
further research to gauge its causal linkages and formulate a suitable
policy to control its prevalence. It can also help in organizing an effec-
tive intervention program to curb the menace. A high intra-cluster
correlation in the prevalence of malaria can similarly be crucial in
promoting sleeping under an insecticide-treated bed net.

Intervention studies in which the cluster is the unit of allocation are
increasingly being used to evaluate health interventions implemented at
the level of a geographic area or a health service organization unit
(Donner & Klar, 1994). Given the importance of ICC in understanding
the effect of clustering in a population, we endeavour to estimate the ICC
for some selected socio-economic and demographic parameters for
different states using data from four rounds of the National Family
Health Survey (NFHS). The ICC values are estimated separately for the
rural and urban areas for the selected states. For the sake of brevity, the
present study shows results only for the second (NFHS-2) and the fourth
(NFHS-4) rounds of NFHS to understand the changes in ICC over time.

2. Materials and methods

This study used data from the National Family Health Survey
(NFHS), which is conducted at different points in time. NFHS is the In-
dian version of the Demographic and Health Surveys (DHS). The fourth
round of the survey (NFHS-4) was conducted during 2015-16, and the
previous three rounds were conducted in 1991-92 (NFHS-1), 1998-99
(NFHS-2), and 2005-06 (NFHS-3). NFHS is a nationally-representative
cross-sectional survey that includes representative samples of house-
holds from all over India. Unlike the three previous rounds of the survey
that provided national- and state-level estimates only, NFHS-4 also
provided district-level estimates of demographic and health parameters
and data on various socio-economic and program dimensions that are
critical for implementing the desired demographic and health parameter
changes. A stratified, two-stage sampling method is primarily used in
NFHS to obtain a representative sample of households. In NFHS-4,
probability proportional to size (PPS) sampling was used to select vil-
lages from the rural areas and census enumeration blocks (CEB) from
urban areas. The number of households in a village was considered a size
measure.
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2.1. Statistical analysis

ICC measures the homogeneity of the variable under study within the
PSUs. In practice, units within a PSU tend to be somewhat similar to
each other for nearly all variables, although the degree of similarity
varies from one variable to another (Roy & Pandey, 2008). In its
broadest sense, ICC is also known as variance partition coefficient (VPC)
and is used to analyse contextual phenomena. The percentage of an
outcome’s overall variance that can be attributed to the PSU level is
disclosed by the ICC.

ICC = [(Between PSU level variance)/ (Within PSU variance + Between PSU
level variance)]

We computed the intra-class correlation coefficient (ICC) to obtain
the share of total variance in the outcome variable at the PSU level. For
example, the ICC at the PSU level was defined as the PSU-level variance
relative to the sum of the variance at all levels.

PSU level vari
ICC at the PSU level = SU level variance

(PSU level variance + individual level variance)

ICC at the PSU level =

i
o3 +3.29

To examine the ICC, it is important to understand the design effect.
The design effect of the complex survey design was first studied by (Kish,
1965, p. 161) and is used as a measure of efficiency in most complex
survey designs (Park & Lee, 2001; Sarndal, Swensson, & Wretman,
2003). Kish, 1995 gave the following formula to understand the relation
between the design effect (deff) of a variable and its ICC:

deff Thesamplingvarianceincaseof aclusterdesignof samplesize n’
e

- Thesamplingvarianceincasesimplerandomsampling of anequivalentsize
=1+(b—1)ICC
@

Where ‘b’ is the average number of units selected in a PSU (referred to as
the cluster size). The precision of a cluster sample design, in relation to a
simple random sample of the same size, depends on ICC and the cluster
size. Since ICC is generally positive, a higher value of either ICC and/or
cluster size is detrimental for a design. This means that its number of iid
(independently identically distributed) sample size will reduce. Kish
(1995) gave a formula to obtain the reduced (effective) sample size in a
cluster design (n), which is expressed as:

Refp = é (2)
This means, with a design effect of 2, the sample size in a cluster
sampling design would have to be doubled so as to produce the same
precision as a simple random sample of size n.
The ICC of a variable can be estimated in a number of ways. One
approach is to utilize equation (1) for the estimation. Accordingly, the
ICC can be estimated as:

(deff — 1)

ICC=
CcC b1

3)

Here, the value of b, the cluster size, is the ratio of the total number of
respondents in a survey design to the total number of PSUs selected. The
design, however, should have a mechanism to control the variation in b
(Roy et al., 2016). A survey generally provides information on both the
sampling variance of the design and the deff of a variable. The sampling
variance, and hence, the value of deff of an estimate, apart from the
clustering, can be affected by factors such as:

1. Use of weights to adjust for unequal probability of selection
2. Adjustment for non-response and non-coverage
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3. Stratification used in a survey

It is necessary to eliminate the effect, if present, of all such factors
from the given value of deff to reflect the increase in sampling variance
solely due to clustering. Kalton, Brick, and Le (2005) has outlined the
procedure to adjust the value of deff.

Positive clustering in a variable, say religion, means that people of a
religion are more likely to be concentrated in a few PSUs rather than be
distributed randomly over the PSUs. In statistical terminology, this
means that between PSU variation, in terms of the religious composition
of people, will be higher than within PSU variation. In other words,
whether the selection of individuals is made randomly from a PSU (in
cluster sampling) or the entire population (in simple random sampling)
will make a difference. The ICC of a variable measures the extent to
which the between-cluster variation differs from the within-cluster
variation. The value of ICC can be computed from the following for-
mula (Killip et al., 2004; Liljequist et al., 2019; Snedecor, 1989):

(55 —53)

fee= (2—(b—1)82)

C)

Where s? and s2 are respectively the between and within sum of squares
usually computed in an analysis of variance.

A multilevel analysis can also be used to get an idea about the extent
of clustering in a variable at a PSU level. The ICC may be computed by
applying multilevel (two level) regression analysis considering PSU at
second level using NFHS data set and it can be interpreted as the cor-
relation of the variable under research between two distinct women
from the same PSU.

In multilevel regression analysis of two level data where women are
nested within PSU takes the form

TTij
log (1 _ij> =Py + uqy

Here, m; represents the probability that the ith women of jth PSU
takes the value of 1if she uses any family planning method, for example,
otherwise 0. ugj represents the error terms at the PSU level.

g~ N(0,03)); o3; is variance at PSU level

To estimate the multi-level random intercept model, the Markov
Chain Monte Carlo (MCMC) estimation process was adopted, and the
model was executed using the runmlwin program in STATA 16.0.

It may be mentioned that the NFHS design is a self-weighing design
for the estimation of parameters for both the rural and urban areas in a
state. Any departure from proportionality, like increasing the sample
size in some urban areas or metropolitan cities, is compensated using
weights. The weights are also used to compensate for the non-response,
which is generally less than 10%. The design has a built-in procedure to
control the variation in the cluster size. In the first three rounds of the
survey, a restriction was put to maintain the variation between b and 2b.
Doing so was not necessary in NFHS-4 as its design was slightly different.
As a result, the non-coverage error was non-existent for the six states
considered in this paper.

In the present paper, the value of deff, representing equation (1), was
estimated for a given domain (rural or urban area of a state) in a slightly
different manner. Let n be the total sample size obtained from ’a’
selected PSUs, from each of which an average of b (b="1) individuals are
selected in a domain. Let y;; denote the value of a parameter for the j*
individual in the i PSU and let x; be the number of observations on y in
the i PSU. Considering the PSU-level information, y; (= Z}‘;l yy) and x;,
the sampling variance of the parameter, r, for the multistage design is
obtained as:

V(1) == [v(y)+ 7 v(x) =21 cov(yx)] (5)

Where, 1, the ratio estimate is equal to:
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Y Z?%HYI‘J ©)

x Dok

The variances, v(y) and v(x), and the covariance, cov(yx), can be
computed in the usual manner (Kish, 1995; Roy, Acharya, & Roy, 2016).
Thus, the sampling variance obtained and the estimated sampling
variance in a simple random sampling provide the estimated value of
deff for a variable. It may be mentioned that there was hardly any dif-
ference in the estimated value of ICC by the three methods, that is, by
using equations (3) and (4) and by applying the multilevel analysis.

Many states in India exhibit considerable variation in their levels of
development. Therefore, for brevity, only six states were selected for the
analysis. The states were selected considering both their geographic
location and level of development. This was done with the expectation
to capture the variation in the ICC and examine its association, if any,
with the level of development of an area. The six states included in the
study were: Kerala from the South, Gujarat from the West, Punjab from
the North, Uttar Pradesh from the Central, West Bengal from the East,
and Assam from the Northeast. Compared to the national average,
Kerala and Punjab rank much higher on Human Development Index
(HDI). Gujarat ranks marginally above and West Bengal marginally
below the national average. Assam and Uttar Pradesh fall well below the
average.

While the first three rounds of NFHS provide estimates at the state
level, the fourth round (NFHS-4) also gives estimates for each district in
a state. Generally, NFHS follows a two-stage sampling design for
selecting households from the rural areas in a state and a three-stage
design for selecting households from the urban areas. In rural areas,
villages form the PSUs, and households are selected from each selected
PSU after listing the households in them. In urban areas, first wards are
selected and, then, one census enumeration block (CEBs) is selected
from each ward. Next, households are selected from a selected CEB after
its listing. Since only one CEB is selected from a selected ward, for all
practical purposes, CEBs can be treated as the PSUs in urban areas. In
NFHS-4, the selection of households in urban areas was done in two
stages instead of three by selecting the CEBs in the first stage itself. A
uniform number of 20 households were selected from each selected PSU
in NFHS-4. The number of households to be selected in each PSU, except
in NFHS-4, is done to conform to the self-weighing design.

NFHS enables the estimation of various socio-economic and de-
mographic variables in both the rural and urban areas of a state. We
have illustrated the ICC values for five variables, namely religion, caste,
use of contraception, use of immunization services, and prevalence of
anaemia. These variables are expected to cover the range of variation in
ICC. This effort was undertaken to understand how the precision of an
estimate in a large-scale survey may get influenced by the presence of
ICC. The importance of a parameter was also considered in the selection.
The first two variables, as mentioned, are likely to provide the highest
degree of ICC. Knowledge about the extent to which the use of contra-
ception and the immunization of a child depends on the behaviour and
practices of neighbours could help fine tune the government programs
corresponding to these issues.

The first two variables are based on the household schedule and refer
to the characteristics of the head of a household. The other three are
based on the interviews of currently married women aged 15-49 years in
a household. All the five variables are multinomial in the sense that
there are more than two possible outcomes for each of them. However,
while computing ICC, they were expressed as dichotomous variables.
For example, in NFHS, the caste of the head of the household is shown
across four categories as Scheduled castes (SC), Scheduled tribes (ST),
Other backward classes (OBC), and ‘others who do not belong to any of
the previous three groups.’ If caste is represented as a dichotomous
variable by SCs (that is, y = 1 for SCs and 0 for groups other than SCs),
the ICC can only explain the clustering among SCs but not the clustering
in the remaining three categories. For that, it would be better to consider
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two additional variables of those three categories and check for their
ICGCs.

In the present analysis, for the computation of ICC, various socio-
demographic and behavioural variables were coded as dichotomous
variables. Religion of household head was coded as 1 for the Hindu and
0 for other than the Hindu religion. Caste of household head was coded
as 1 if the caste was SC, ST, or OBC and as 0 for caste other than SC/ST/
OBC. Contraception use among currently married women aged 15-49
years was coded as 1 if a woman was using any modern method of
contraception and as O if she was not using any modern method.
Anaemia was categorized as 1 if a currently married woman was
anaemic (<12.0 g/dl haemoglobin) and as 0 otherwise. Children aged
12-23 months, if fully vaccinated with BCG, measles-containing vaccine
(MCV)/MR/MMR/Measles, and 3 doses each of polio (excluding polio
vaccine given at birth) and DPT or penta vaccine, were coded as 1 and as
0 otherwise.

3. Results

At the outset, it is prudent to have an idea about the status of the
variables under study across the six states. Table 1 gives an overview of
the variables taken into account for evaluating ICC and the number of
rural and urban PSUs in NFHS-4.

Most households in all the states belonged to the Hindu religion,
except in Punjab, where Sikhs formed the majority and Hindus formed
37% of households. Muslim households formed about 1/3rd of house-
holds in Assam and a quarter in West Bengal. Uttar Pradesh also had a
sizeable proportion of Muslim households (18%). Hindus and Muslims
formed more than 95% of households in Gujarat, Uttar Pradesh, Assam,
and West Bengal. Kerala had Hindus, Muslims, and Christians sharing a
similar population. According to NFHS-4, the ‘other’ caste group
constituted the highest percentage of households in West Bengal, Pun-
jab, Kerala, and Assam. In Uttar Pradesh and Gujarat, OBCs were the
dominant caste.

Table 1

Percentage of household heads who are Hindu and have ‘other’ as their caste;
percentage of currently married women aged 15-49 years who use any
contraception; percentage of women who are anaemic; and percentage of chil-
dren aged 12-23 months who are fully vaccinated in the six selected states,
NFHS-4 (2015-16).

Assam  Gujarat  Kerala  Punjab  Uttar West

Pradesh Bengal

Percent of Hindu 63.83 91.88 58.80 36.78 82.03 72.98
households

Percent of 36.24 30.16 35.24 42.80 22.18 41.74
households
with caste of
head as ‘other’®

Percent of 52.40 46.89 53.11 75.80 45.47 70.90
currently
married
women using
any
contraception

Percent of women 46.01 54.93 34.31 53.52 52.43 62.46
aged 15-49
years having
anemia

Percent of 47.08 50.43 82.05 89.05 51.07 84.44
children 12-23
months fully
vaccinated

Number of rural 991 619 333 471 2659 510
PSUs

Number of urban 170 369 198 289 979 212
PSUs

@ Persons in the ‘other’ group consist of those who do not belong to the
scheduled castes, scheduled tribes, or other backward classes.
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The use of any contraception ranged from a low of 46% in Uttar
Pradesh to a high of 71% in West Bengal. Contraceptive use was
generally widespread in all the states, and female sterilization happened
to be the preferred method except in Assam, where traditional methods
were more popular. The use of traditional methods was also prevalent in
West Bengal. The states of Uttar Pradesh and Assam lagged behind in the
immunization program. In almost all the states, at least half of the
children had received all the vaccinations. The prevalence of anaemia
was relatively low in Kerala; however, even there, it was substantially
high, with around one-third of women having any anaemia.

3.1. ICC in socio-economic variables

Table 2 depicts the ICC in the distribution of households by religion
for rural and urban areas for the six selected states based on two rounds
of NFHS (NFHS-2 and NFHS-4) conducted two decades apart. There was
a very high tendency among people to co-reside with those belonging to
the same religion as theirs. This religious affinity was visible, with some
variations, in both rural and urban areas of all the states. The ICC varied
from a low of 0.19 in rural Kerala to a high of 0.71 in urban West Bengal
in NFHS-2 and remained more or less the same in NFHS-4. There are two
possible ways to hypothesize the state-level variation in ICC for religion.
First is the existence of a negative association between ICC and the level
of development in the area. To some extent, the ICC values tend to
confirm it. With a higher level of development, Kerala showed a rela-
tively lower correlation, and with a lower level of development, Assam
depicted a high level of correlation. However, in West Bengal, the cor-
relation was substantially higher than in the less developed state of Uttar
Pradesh.

As mentioned earlier, two groups, Hindus and Muslims, constituted
more than 90% of population in four of the states, except Punjab, where
the two dominant groups were Hindus and Sikhs, and Kerala, where
three religious groups (Hindus, Muslims, and Christians) had an almost
equal share in the population. The second possible explanation for the
variation in ICC relates to the religious composition of the population.
The magnitude of ICC is expected to be a function of the proportion of a
religious group in a population. An increase in the proportion of the
population of a religious group (other than the main religious group)
will tend to push up its concentration. This is likely because the
migration of a religious group, which is expected to be the reason for its
increasing size, tends to occur selectively in places where people
belonging to similar socio-economic characteristics reside. The migra-
tion from the neighbouring country of Bangladesh to the states of Assam
and West Bengal, which have a substantial proportion of Muslim pop-
ulation (Table 1), has been well documented (Gillan, 2002). It may be
mentioned that the concentration of the Muslim population is quite high
in Kerala as well [its ICC values (not shown in the table) were 0.41 and
0.34 in NFHS-2 and NFHS-4 respectively].

It is believed that the degree of the concentration is less in urban than
in rural areas of a state because of the higher level of socio-economic
development in the former. This was, however, not true in the case of
the religious distribution in Assam and Punjab. One possible reason for
the lower concentration in urban areas is the size of PSUs. PSUs are

Table 2
ICC in distribution of households by religion of household head by residence in
six selected states, NFHS-2 & NFHS-4.

States NFHS-2 NFHS-4
Rural Urban Rural Urban

Kerala 0.19 0.27 0.19 0.28
Gujarat 0.21 0.36 0.34 0.53
Punjab 0.33 0.29 0.46 0.28
Uttar Pradesh 0.37 0.54 0.38 0.62
Assam 0.67 0.33 0.69 0.46
West Bengal 0.55 0.71 0.61 0.67
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generally more compact and smaller in size in urban (considering CEB,
as mentioned earlier, to be a PSU) than in rural areas and hence not
exactly comparable. In Kerala, Gujarat, Uttar Pradesh, and West Bengal,
the ICC values were higher in urban compared to rural areas and in West
Bengal and Uttar Pradesh, the degree of ICC obtained for the urban areas
was very high. Contrary to expectation, the extent of the correlation
increased over the years. This was particularly true for Gujarat, where
the ICC increased substantially in both rural and urban areas. It is worth
mentioning that the ICC for rural Gujarat jumped from 0.21 in NFHS-2 to
0.60 in NFHS-3 (not shown in the table) and then declined to 0.34 in
NFHS-4. In urban Gujarat, the ICC declined slightly to 0.35 in NFHS-3
(not shown in the table) from NFHS-2 and increased sharply in NFHS-
4 (0.53).

Table 3 provides the ICC in the distribution of households by the
caste of the head of the household for rural and urban areas for the six
selected states based on NFHS-2 and NFHS-4. The value of ICC was
substantially high in some cases. For example, in Assam, religious dis-
tribution had a high clustering than the caste-wise residential pattern in
the rural areas. This concentration has increased considerably over the
years, even in its urban areas. Gujarat also shown a significant increase
in the value of ICC. Rural areas in every state showed an increase in ICC,
although their extent was smaller in the remaining four states. Also,
apart from Punjab and Kerala, the ICC in urban areas has also increased.

3.2. ICC among behavioural variables

Table 4 presents the ICC in the distribution of currently married
women in terms of the use of any contraceptive method. The clustering
effect was substantially high in rural areas, with all the states having a
value between 0.10 and 0.20 in the earlier NFHS (table not shown). Its
level declined moderately over the years and remained higher than 0.05,
which is generally accounted for while fixing the sample size. The level
of ICC was much lower in urban than in rural areas of every selected
states in NFHS-2. However, the clustering increased over the years. For
example, in Kerala, the ICC in urban areas increased substantially and
was higher than in rural areas in NFHS-4.

In rural areas, the ICC in the distribution of currently married women
by whether any anaemia was low and did not demonstrate any specific
trend over time (Table 5). It increased in Punjab, where there was a
substantially high clustering in NFHS-4. Even the urban areas of Punjab
showed a high level of clustering of anaemia. Gujarat, where more than
half of the women were found to be anaemic in NFHS-4, showed the
lowest level of clustering. This suggests that anaemia was not concen-
trated in a group of villages but was widely spread. It can be mentioned,
in this context, that people are generally vegetarian in this state
(Agrawal, Millett, Dhillon, Subramanian, & Ebrahim, 2014), which
contributes to their anaemic status.

Table 6 presents ICC in the distribution of children 12-23 months old
by whether they were fully vaccinated. The percentage of children who
had received all the basic vaccinations increased to 62% in NFHS-4 from
a low of 44% in NFHS-3. The fourth round of the survey shows that the
ICC values were high for Uttar Pradesh, Assam, and Gujarat both in rural
and urban areas.

Table 3
ICC in distribution of households by caste of household head by residence in six
selected states, NFHS-2 & NFHS-4.

States NFHS-2 NFHS-4
Rural Urban Rural Urban

Kerala 0.13 0.22 0.15 0.20
Gujarat 0.18 0.10 0.38 0.24
Punjab 0.14 0.18 0.16 0.12
Uttar Pradesh 0.17 0.18 0.20 0.21
Assam 0.34 0.09 0.46 0.19
West Bengal 0.11 0.07 0.19 0.16
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Table 4
ICC in the distribution of currently married women aged 15-49 years in terms of
use of any contraception by residence in six selected states, NFHS-2 & NFHS-4.

States NFHS-2 NFHS-4
Rural Urban Rural Urban
Kerala 0.11 0.03 0.05 0.12
Gujarat 0.15 0.02 0.13 0.12
Punjab 0.15 0.01 0.11 0.04
Uttar Pradesh 0.11 0.06 0.09 0.10
Assam 0.18 0.09 0.15 0.06
West Bengal 0.12 0.01 0.11 0.07
Table 5

ICC in the distribution of currently married women in terms of (any) anaemia by
residence in six selected states, NFHS-2 & NFHS-4.

States NFHS-2 NFHS-4
Rural Urban Rural Urban
Kerala 0.03 0.04 0.07 0.07
Gujarat 0.02 0.03 0.04 0.06
Punjab 0.03 0.05 0.12 0.12
Uttar Pradesh 0.08 0.08 0.07 0.06
Assam 0.10 0.04 0.06 0.04
West Bengal 0.05 0.02 0.05 0.05
Table 6

ICC in distribution of children aged 12-23 months by whether fully vaccinated
by residence in six selected states, NFHS-2 & NFHS-4.

States NFHS-2 NFHS-4
Rural Urban Rural Urban

Kerala 0.14 0.07 0.05 0.03
Gujarat 0.06 0.08 0.15 0.10
Punjab 0.07 0.00 0.03 0.04
Uttar Pradesh 0.07 0.07 0.15 0.12
Assam 0.09 0.0001 0.14 0.09
West Bengal 0.09 0.05 0.08 0.08

3.3. Adjustment for loss of precision due to ICC

As discussed above, the value of ICC for a majority of the variables
varied from 0.05 to around 0.60. High values of ICC of a parameter have
considerable implications for designing a sample survey to estimate the
parameter in a population. For large-scale surveys, the general practice
has been to assume a design effect of 2 for the parameter under
consideration. The sample size initially estimated under the assumption
of an Equal Probability of Selection Method (EPSEM) design with a given
level of precision then provides the ultimate sample size (n). The
inherent assumption in this is that the ICC for the variable would be
around 0.05. Under such an assumption, the design effect with a cluster
size of around 20 would be about 2 (equation (1)), and hence doubling
the ultimate sample size would recover the loss in precision.

However, if the ICC is higher than 0.05, as is the case with many
programmatic variables, the assumption of a deff of 2 would be unten-
able for a similar design. For example, if the ICC is 0.15, the deff would
be 3.85 for a cluster size of 20 (equation (1)). The initial sample size
would require almost quadrupling (n = 3.85n’) to prevent a loss in
precision, which will be equal to:

Loss in precision = (1 ~1 / Jaeff )x 100 = 49%

There is, of course, another way to adjust for the loss of precision,
which is to reduce the cluster size. For example, if the cluster size is
reduced to 10 from 20, the deff would be 2.35. Considering n to be 2.35,
it would reduce the loss in precision to 35%. The connection between
ICC and cluster size with loss in precision of an estimate is further
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illustrated in Table 7.

It can be seen that for a given cluster size, the higher the value of ICC,
the higher is the loss in precision of the estimate. For example, with an
ICC of 0.60 and a cluster size of 30 in a cluster design, the standard error
increases more than four times and the loss of precision is to the extent of
77% compared to a design that uses SRS. In other words, the 95%
confidence interval of 0.72 to 0.68 in the SRS will become 0.79 to 0.61 in
a cluster design. Of course, decreasing the cluster size helps in restoring
the precision to some extent. For example, if the cluster size is reduced to
10, the confidence interval shortens and varies between 0.75 and 0.65,
and the loss in precision drops to 60%. If the level of ICC is 0.05 or less,
as is the case in some of the demographic variables, a cluster size of 30
increases the standard error of the design only marginally.

4. Discussion

Due to the non-availability of a suitable frame for the direct selection
of study units, a large-scale population-based survey usually adopts a
macro-level unit, known as a cluster, to employ a probability sampling
design (ICF International. (2012)). A conventional cluster sampling
stops at one stage after the selection of the required number of clusters.
Then, all the study units in a selected cluster are automatically included
in the sample. In multistage sampling, which is generally preferred in
large scale surveys, the selection of study units continues at least in two
stages. Clusters are selected in the first stage also known as the PSUs. The
PSUs or clusters can be any designated administrative units or units
specifically prepared, like enumeration blocks (EBs) to facilitate cen-
sus/surveys and used as proxies for ‘neighbourhoods’ or ‘communities’
(Roux, 2004; Montgomery & Hewett, 2005).

There is a significant advantage of studying ICC when planning a
sample survey as there exists considerable clustering within a PSU in the
distribution of the population by their socio-economic characteristics as
people show a strong tendency to reside in the vicinity of those having
similar characteristics as them. Even good communication among peo-
ple within a cluster can influence their response to other behavioural
and attitudinal characteristics.

This paper provides ICC estimates for a few selected socio-economic
and demographic parameters for six states of India using data from
NFHS-2 and NFHS-4. The analysis revealed that the ICC varied from a
low of 0.07 to a high of 0.71 for variables such as religion and caste. Such
a high value of ICC points towards a strong inclination of individuals to
co-reside with similar socio-economic groups, particularly religious
groups. The ICC values for religion are substantially high in every state.
Contrary to expectation, the ICC values are higher in the urban areas
with the exception of Assam and Punjab, where the ICC is higher in the
rural areas. Except Kerala, there has been an increase in the extent of
clustering in most of the other states over time. This is particularly

Table 7
An illustration of variation in the loss of precision according to ICC and cluster
size .

1CC b deff (from % loss in precision=  Standard Standard
equation 1- error of the error if SRS is
1) 1 /\/@)x 100 design adopted
0.6 30 18.40 77 0.04400 0.01025
20 12.40 72 0.03609 !
10 6.40 60 0.02593 "
0.4 30 12.60 72 0.03638 !
20 8.60 66 0.03006 !
10 4.60 53 0.02198 "
0.2 30 6.80 62 0.02673 !
20 4.80 54 0.02246 !
10 2.80 40 0.01715 !
0.05 30 2.45 36 0.01604 "
20 1.95 28 0.01431 !
10 1.45 17 0.01234 !

# Value of the parameter p = 0.7 & sample size n = 2000.
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evident in Gujarat and in the rural areas of Punjab. It is well known that
there was a Hindu-Muslim riot in Gujarat in 2002, which may have
played a role in the further concentration of the residential pattern in the
state. Also, there has been a rural-urban migration among the Muslims
there during NFHS-3 and NFHS-4, which too may have contributed
positively to the concentration (Keshri & Bhagat, 2012).

The clustering was also found to have increased in West Bengal,
especially in the rural parts. Inter-country migration in West Bengal may
be one of the explanations for the high clustering in terms of religion as
the state has witnessed vast amount of migration from Bangladesh
(Gillan, 2002). The study also shows that the caste-wise affinity in the
residential pattern was lower compared to the religious affinity. The
highest caste-wise clustering was observed in Assam. While analysing
the behavioural factors, we found clustering of contraception use among
currently married women aged 15-49 years within a PSU. The highest
clustering was observed in rural Gujarat and rural Assam at around 15%
and 13% respectively. In urban Uttar Pradesh, 10% clustering was
observed. It is observed that women living in the same environment
typically have a similar cultural and socio-economic background, get
information from similar sources, and possibly utilize health services
from the same facilities, which explains the high level of clustering. In a
Matlab study in Bangladesh, Munshi (2006) mentioned that women a
village learnt about contraceptives from other women in the village.
This study resonates with the previous literature that states that women
from the same caste and religion tend to discuss family planning
methods, resulting in clustering of the methods among them (Bhargava
etal., 2005; Pinter et al., 2016; Sk, Jahangir, Mondal, & Biswas, 2018). A
study based on the NFHS-4 data shows that contraception use can be
clustered within the household as well (Ranjan et al., 2020).

While high clustering was observed for contraceptive use, clustering
of anaemia within PSUs was found to be low in all the states. Clustering
of immunization among children aged 12-23 months was also very high,
especially in the states of Uttar Pradesh, Assam, and Gujarat. A study
done in rural India suggested that the clustering effect in seeking
maternal and health care services is present if the health services are
scattered over a given area (Roy et al., 2016).

There is mounting evidence from various observational and inter-
vention studies that people living within a PSU influence each other’s
behaviour. Several researchers (Murray & Hannan, 1990; Siddiqui et al.,
1996) have studied the smoking behaviour of adolescents taking school
classes as the unit of clustering (Murray & Hannan, 1990; Siddiqui et al.,
1996). A study presented ICC for the vitamin A intake among children
for several districts of India (Agarwal, Awasthi, & Walter, 2005). In the
United States, mortality due to cardiovascular disease was presented by
studying the variability in design effects (Mickey & Goodwin, 1993). A
nutrition-based study analysed data from low-income countries and
found clustering of nutritional status (Katz, 1995), diarrhoea (Katz,
Carey, Zeger, & Sommer, 1993), cough, fever, and ocular diseases within
households and villages. A study based on NFHS-4 studied the clustering
of nutritional status among siblings in India (Banerjee & Dwivedi, 2020).
Donner analysed data on hypertension, smoking, alcohol drinking, and
body fatness and reported higher ICCs for spouse pairs and lower ICCs
for counties in comparison with general practices (Donner, 1986). This
reflects the need for a greater understanding of clustering in terms of
socio-demographic variables within a PSU, which needs to be adjusted
before providing unbiased estimates of demographic and health
variables.

In summary, our study shows that the assumption of a design effect
of 2 or less, which is often considered while determining the sample size
in a survey, may not always be tenable, specifically if the objective of a
study is to estimate a socio-economic characteristic like the religious or
caste-wise distribution of a population in the country. Even for the
estimation of contraceptive prevalence, the design effect will be larger
than 2 unless the cluster size is minimized suitably.

In our study, we found that the values of ICC lie between 0.07 and
0.71. In case of high values of ICC, the assumption of a deff of 2 would be
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untenable for an EPSEM design. To adjust for the loss of precision in such
a case, reducing the cluster size is the most effective method (Agarwal,
Awasthi, & Walter, 2005; Gulliford et al., 1999; Katz, 1995; Katz &
Zeger, 1994). It should also be noted that for a higher value of ICC, the
loss of precision of the estimate will be more. It is clear that for a given
cluster size, as the ICC increases, an increasing deff causes a more sig-
nificant loss in precision. Simply increasing ‘n’ to regain the loss may not
be an optimum solution as doing so will increase the survey cost also. An
optimum solution will lie in decreasing the cluster size suitably before
obtaining n. But diminishing the cluster size also leads to an increase in
the number of clusters to be selected for a given sample size, which
entails an increase in the fieldwork cost (Ram & Roy, 2004). This adds to
the cost of household listing in the additional PSUs and the trans-
portation cost of the field team moving to the additional PSUs.

Therefore, the decision regarding the appropriate cluster size should
depend on:

a) The quality of data collection. This requires the team to visit a PSU
for at least two days. This can help in minimizing the non-response
bias apart from reducing the error (Ram & Roy, 2004). However,
increasing the days of the visit has cost implications. First, it in-
creases the transportation cost (a team needs to be provided with a
vehicle for to-and-fro movement between their residence and the
PSU).

The second related aspect is the formation of a field team to optimize
their work. Apart from a health investigator when a biomarker is
required, a field team generally consists of a few field investigators
and a supervisor. It is better to have at least two investigators per
team [this decision depends on the cost of vehicles per team and also
on the question of safety and efficiency of a team; see (Roy et al.,
2016)]. Since an investigator generally interviews around three re-
spondents per day in a large-scale survey like NFHS, a cluster size
lower than ten would tend to make the team less efficient in terms of
the utilization of field workers.

b
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