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Population-based surveys are common for estimation of important public health
metrics such as prevalence. Often, survey data tend to have a hierarchical
structure where households are clustered within villages or sites and interviewers
are assigned specific locations to conduct the survey. Self-reported outcomes
such as diagnosis of diseases like epilepsy present more complex structure,
where interviewer or physician-related effects may bias the results. Standard
estimation techniques that ignore clustering may lead to underestimated
standard errors and overconfident inferences. In this paper, we examine these
effects for estimation of prevalence of epilepsy in a two-stage population-based
survey in Nairobi and we discuss how clustering can be taken into account
in design and analysis of population-based prevalence studies. We used data
from the Epilepsy Pathway Innovation in Africa project conducted in Nairobi and
simulated attrition levels at 10% and 20% assuming missing at random (MAR)
mechanism. Attrition was accounted for using sequential k-nearest neighbor
method. We adjusted the expected prevalence based on clustering at multiple
levels, such as site, interviewer and household using a random effects model.
Intraclass correlation (ICC) > 0.1 indicated presence of substantial clustering.
We report point estimates with 95% confidence interval (Cl). Crude prevalence
of epilepsy was 9.40 cases per 1,000 people (95% Cl: 8.60-10.20). There was
substantial clustering at household level (ICC = 0.397), interviewer level (ICC
= 0.101) and site level (ICC = 0.070). Prevalence adjusted for clustering at
household, interviewer and site was 9.15/1,000 (95% CI 7.11-11.20). Overall,
not accounting for clustering was associated with underestimation of standard
errors. Not accounting for attrition on the other hand led to underestimation of
prevalence. Imputation of the missing data due to attrition mitigated the attrition
bias under appropriate assumptions. Accounting for clustering, particularly
household, interviewer and site levels, is critical for valid estimation of standard
errors in population-based surveys. Rigorous training and pre-survey testing
can minimize measurement error in self-reported outcomes. Attrition can lead
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to underestimation of prevalence if not properly addressed. Attrition bias can
be minimized by conducting targeted mobilization of participants to improve
response rates and using statistical methods such as multiple imputation or
machine learning-based imputation methods to address it.

KEYWORDS

prevalence, epilepsy, interviewer effects, clustering, hierarchical structure, multi-level
modeling, population-based surveys

1 Introduction

Prevalence is an important metric for public health
surveillance. Accurate estimation of disease prevalence is crucial
for effective public policy decisions such as allocation of resources.
For diseases such as epilepsy, prevalence is often estimated using
two stages. In the first stage, residents of a target population area
are screened using a standardized questionnaire by a trained team
of field interviewers who interview a head of the household or the
available adult member of the household in the absence of the head
of the household. In the second stage, those that are screened as
possible cases in the first stage are invited to a nearby healthcare
facility for confirmation of diagnosis by a trained physician, such
as a neurologist. Both stages rely on self reports, which are prone
to biases due to measurement errors, recall biases, and contextual
factors leading to variability of estimates at several levels. Two of
the most common sources of variability that can affect self-reported
data are interviewer effects and geographical site level clustering
(West and Li, 2019).

Interviewer effects arise when differences in interviewer
characteristics (such as, demeanor, skill, or demographic traits)
influence how respondents answer questions. While interviewer
variability may be inevitable in practice, biases related to differences
in interviewer characteristics needs to be minimized. Site clustering
effects occur when respondents within the same geographic or
organizational site share similar conditions that may influence their
responses. These may include factors such as access to healthcare,
cultural norms, exposure to similar levels of awareness or
environmental risk factors that influence their behavior in certain
situations. Ignoring these effects can lead to biased prevalence
estimates and underestimated uncertainty, thereby undermining
the utility of the findings.

Previous studies have shown that interviewers may contribute
to measurement differences through variations in how they
individually administer survey questions or influence responses in
one way or another (Olson et al., 2020; Lipps and Lutz, 2017), which
may impact the estimation of parameters (Harling et al., 2019).
Further, epilepsy is diagnosed by a physician taking history from
a patient, and relying on the self-reported responses to make a
determination of diagnosis and the type of epilepsy. In this study,
we refer to the potential differences arising from how interviewers
ask the questions, as interviewer level effects. For instance, if there
exist differences among interviewers, participants screened by one
interviewer could be more likely to respond to screening questions
in a particular way or have a similar decision about participation
in the study, thereby influencing response rate (McGovern et al.,
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2015; Durrant et al., 2010). Other levels of clustering could include
at community level or at household level. Households from one
geographical site are more likely to have similar characteristics
related to the condition under study because they could be exposed
to similar conditions.

Different levels of clustering could be modeled using multiple
approaches. Studies show that mixed-effects models provide
flexibility of modeling hierarchical clusters (Snijders and Bosker,
2011) including interviewer related random effects (McGovern
et al, 2015). In this paper, we discuss the importance of
accounting for these effects during design and analysis of
prevalence surveys. The focus of this study, is to analyze the
effect of different levels of clustering on the estimation of the
prevalence of epilepsy. By utilizing mixed-effects models, we
aim to examine the effect of interviewer-level clustering and
examine its impact on prevalence estimates. We also examine
hierarchical modeling of different levels of clustering. The findings
will provide insights into the importance of accounting for
clustering effects in survey-based studies to improve measurement
of metrics such as prevalence, especially for conditions where
diagnosis relies heavily on self-reported data. The implications
of this research will contribute to improving the accuracy
and reliability of prevalence estimates, informing better study
designs, and enhancing data collection protocols and metrics in
epidemiological research.

2 Materials and methods

2.1 Hierarchical model structure

Consider a hierarchical data structure where individuals are
clustered within households and the interviewer assigned to screen
that household and interviewers are also clustered within sites. We
define the hierarchical structure of the data as follows:

e Yjj: The binary outcome for the k-th individual screened by
the j-th interviewer within the i-th site.

o Xjj: Covariates associated with the k-th individual screened
by the j-th interviewer within the i-th site.

e The binary outcome Y follows a Bernoulli distribution:
Yiix ~ Bernoulli(r3), where i is the probability of
individual k screened by interviewer j in site i being diagnosed
with epilepsy. Thus, the event of interest in this analysis is
epilepsy diagnosis.

frontiersin.org


https://doi.org/10.3389/frma.2025.1583476
https://www.frontiersin.org/journals/research-metrics-and-analytics
https://www.frontiersin.org

Mwanga et al.

The probability mass function of the Bernoulli distribution is
given by

P(Yijk = yijp) = ngk(l — nijk)l_y, for yj € {0,1},0 <7 <1
(1)
Where

e y = 1 represents the event occurring, and y = 0 represents
event not occuring.

o 7 is the probability of the event (i.e., P(Yjx = 1) = ).

e 1 — 7y is the probability of the event not occurring (i.e.,
P(Y,Jk = 0) =1- T[ijk)-

In the context of our model, 7 is modeled as a logistic
function of individual-level covariates Xjj and random effects for
the site and interviewer levels. This is represented as

i = logit ™" (Bo + XjB + ui + vij) (2)

Where

e fy is the intercept.

e Xjj is the covariates for individual i screened by interviewer j
within site i.

e f isa vector of coefficients for individual-level covariates.

e 1; is the random effect for the site level (u; ~ N(0, 03)).

e v; is the random effect for the interviewer level (v; ~
N(0,02)).

We assume that the random effect terms u; and vj; are
independent and that u; ~ A(0,072) and vij ~ N (0,02), and the
residual errors € ~ N0, 062), independent of the random effects.

This hierarchical model allows for the estimation of prevalence
while accounting for intraclass correlation (ICC) at various
clustering levels. The ICC quantifies the proportion of total
variance in the outcome that is attributable to clustering at each
hierarchical level. In our context, a higher ICC indicates that
individuals within the same cluster are more similar with respect
to the epilepsy diagnosis outcome than individuals from different
cluster. Similarly, ICCs in a hierarchical model structure reflect
how much of the variation is due to differences between the
various levels.

This is represented in Figure 1.

2.2 Model likelihood and estimation

The likelihood function for the binary outcome is the product
of the individual Bernoulli likelihoods. For a random effect model
with multiple levels, the joint likelihood is given as

I ] K
Viik 1—y;
L(Bo, B, ol 0l) = 1_[1_[ l_[ﬂ,vﬂi (1 — i) % - f (g, vigs ol,02)

i=1 j=1 k=1
(3)

where f (uj, vij; a,f, avz) is the joint density of the random effects,
assumed to be independent and follow normal distribution

1 1 [ u? Vii
2 2 i J
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FIGURE 1

Hierarchical data structure illustrating clustering: individuals are
nested within households, households are assigned to interviewers,
and interviewers are nested within sites. The intraclass correlation
coefficient (ICC) quantifies the proportion of variance attributable to
each clustering level.

The parameters By, 8, 03, and 01,2 are estimated by maximizing
this likelihood using restricted maximum likelihood (REML) or
full maximum likelihood (ML) methods, implemented in standard
statistical software such as R's Ime4 package or glmer () function
for logistic mixed models.

2.3 Expected value and prevalence
calculation

Expected value of Yy, is the probability of individual k,
screened by interviewer j in site 7, being screened as having epilepsy.

E[Yji] = P(Yi = 1) = logit " (Bo + XjuB + ui +viy)  (5)

Thus, the prevalence of epilepsy in the population adjusted for
clustering, represented by 0, can be estimated as the average of the
individual probabilities. More precisely,

5 K

i

g

e

Tk (6)
i=1 j=1 k=1

Where N is the total number of individuals in the survey.

2.4 Hierarchical variance decomposition
Since the variance is influenced by the random effects, the total

variance of the outcome is the sum of the variances due to each
hierarchical level

Var(Yjy) = Var(u;) + Var(v;) = a,f + 01,2 (7)

This hierarchical variance decomposition allows us to
appropriately account for the variation in the outcome at both the
site and interviewer levels.
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2.5 Prevalence estimation with random
effects

Since the focus of the paper is to estimate prevalence of epilepsy
while accounting for the hierarchical clustering structure of the
data, consider a model with no covariates given by

Yijk = Bo + €ijk (®)

where
Yij is the outcome for individual k screened by interviewer j in
site 7, By the intercept, and € the residual error with E[e;;] = 0.

Taking the expectation on both sides,

E[Yix] = E[Bo + €]

then

E[Yix] = Bo

Thus, the intercept By in the model with only the outcome and
no covariates represents the mean of the outcome variable E[Yj].
For binary outcomes, this is equivalent to the probability of the
event, which when averaged over the total number of people in the
survey, is equivalent to the prevalence.

Now, if we add a random effects terms (e.g., to account for
clustering or group-level variability), the model becomes,

Yije = Bo + ui + vij + €ijk 9)
where

o u; ~ N(O, 0’3) is the random effect for cluster i (site level
clustering),

e v;j ~ N(0, cf‘,z) is the random effect for cluster j (interviewer
level clustering within sites), and

o ;i ~ N(O, crf) is the residual term.

Taking the expectation over both the random effects u; and v;;
and residual error €ijko

E[Yix] = E[Bo + ui + vij + €]

Since E[u;] = 0, E[v;] = 0 and E[€;3] = 0:

E[Yj] = Bo

Here, By still represents the overall mean (or prevalence for
binary outcomes). However, the inclusion of the random effect
terms allows for adjustment of the 8y due to the clustering at those
levels. The adjustment occurs because random effects captures
group-level deviations from the overall mean, ensuring that Sy is
not biased by these deviations.
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2.6 Empirical study design and dataset
description

The study is based on data from the Epilepsy Pathway
Innovation in Africa (EPInA) project conducted in Nairobi Urban
Health and Demographic Surveillance System (NUHDSS) (EPInA,
2020). The detailed description of the NUHDSS has been published
elsewhere (Wamukoya et al., 2020; Emina et al., 2011; Mwanga
et al., 2024). In summary, the NUHDSS is comprised of two
urban informal settlements namely Viwandani and Korogocho.
Like most other urban slums in Nairobi, Viwandani and Korogocho
are characterized by lack of basic infrastructure, poor sanitation,
overcrowding, high unemployment rate, poverty, and inadequate
health infrastructure. While both are urban informal residential
areas in Nairobi, there exist some differences between them.
Viwandani is located in the industrial area of Nairobi and
consists of smaller households with less than three members with
majority being households occupied by individuals working in the
surrounding companies. Residents in Viwandani are more mobile,
with higher migration rates than Korogocho. Korogocho on the
other hand consists of a more stable population with households
whose residents have stayed there all their life. Households tend to
be larger in this site compared to households in Viwandani.

The EPInA prevalence study was designed as a two-stage
population-based survey (census). In the first stage, trained
interviewers screened all residents in the NUHDSS for possible
cases of epilepsy using a standard screening questionnaire
(Placencia et al.,, 1992). Interviewers were assigned to the two
sites randomly. In the second stage, those that screened positive
in the first stage were invited for confirmation of diagnosis
by a neurologist at a nearby local health facility. Clustering
levels considered include location (site), interviewer level and at
household level. Table 1 describes the different levels of clusters
considered in the study.

2.7 Statistical analysis

Clusters are considered at multiple levels including household,
site and interviewer-related clustering. First, we descriptively
examine the prevalence estimates disaggregated by different cluster
levels. Differences are tested using x2 at 5% level of significance.
Where differences are significant, it means potential clustering
exists. We assumed that if clustering is absent, then observations
within and between clusters are independent.

We estimated the effect of clustering of epilepsy using the
generalized linear mixed models for logistic regression. In this
model, we introduced random effects to model the correlation
within clusters. The random effects are included to capture the
nested hierarchical structure. Generally, in mixed effects modeling,
the inclusion of random effects allows for the estimation of
both fixed effects (covariate effects) and random effects (cluster-
level effects) simultaneously, providing a more comprehensive
understanding of the relationship between the covariates and the
outcome, while accounting for clustering. Mixed models are flexible
and can fit within other modeling approaches such as generalized
linear models (West et al., 2022; Luke, 2017).
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TABLE 1 Cluster variables considered in the study.

Variable Description

Site Variable describing residential location in the NUHDSS

10.3389/frma.2025.1583476

Measurement

0 = Viwandani, 1 = Korogocho. This variable is included for the purpose of modeling
hierarchical clustering

Village Variable indicating villages within the two locations in the

HDSS

Villages in Viwandani;

Paradise A, Paradise B, Paradise C, Sinai Original, Sinai Reli, Jamaica, Lunga Lunga Center,
Milimani, Donholm, Riverside, Kingstone, Uchumi;

Villages in Korogocho

Korogocho B, Korogocho A, Grogon A, Grogon B, Gitathuru, Highridge, Nyayo, Kisumu
Ndogo;

Household ID Unique ID assigned to each household in the NUHDSS

Unique ID assigned to each household in the NUHDSS. More than one individual could
belong to 1 household. Household sizes ranged from 1 to 15 members

Interviewer ID Unique ID assigned to each interviewer

Since the focus of our study is estimation of prevalence of
epilepsy, as outlined previously, we fitted a model with only the
outcome and the random effect terms. Prevalence is estimated
by the coefficient of the intercept. The coefficient of intercept of
the model without the covariates (empty model) is the prevalence
estimate when no accounting for clustering is considered. When
random effects are added, the new coefficient of the intercept
is the new estimate of prevalence when clustering is taken into
account. Likelihood ratio tests are used to compare the model with
fixed effects and the models with random effects. Other model
diagnostic tests included evaluating the models Akaike information
criterion (AIC) and Bayesian information creiterion (BIC), where
lower values of AIC indicate a better fit. Sensitivity analysis for
the various models included assessment of the robustness of
key estimates such as prevalence and ICC across the various
model structures.

In practice, longitudinal or multi-stage study designs often
presents data with missing data due to attrition. We have included
this by simulating 10% and 20% attrition levels to examine how it
affects prevalence and how estimates change when both clustering
and attrition are taken into account. Missing data mechanisms are
commonly classified as missing completely at random (MCAR),
missing at random (MAR), or missing not at random (MNAR)
as defined by Rubin (1976). In this study, we assume a missing at
random (MAR) mechanism, where the probability of missingness
depends only on observed data and not on the unobserved
(missing) values themselves. This assumption underlies commonly
used approaches such as multiple imputation (MI) and inverse
probability weighting (IPW). To address missingness due to
attrition, we employed the sequential k-nearest neighbors (sKNN)
algorithm. The sKNN method was chosen due to its practical
advantages when estimating random effects models, particularly
for calculating intraclass correlation coeflicients (ICCs), which
can be challenging to obtain reliably from multiply imputed
datasets. Additionally, being non-parametric method, sKNN does
not require distributional assumptions and has been shown to
perform well in such designs (Tutz and Ramzan, 2015; Lai
et al., 2019), particularly in scenarios where the MAR assumption
may not be plausible or when computational complexity is
a concern.
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Unique ID assigned to each interviewer. Interviewers were assigned to the sites. This means
that, an interviewer assigned to Viwandani site only interviewed participants in Viwandani
and those assigned to Korogocho only interviewed those in Korogocho

2.8 Ethical consideration

The study was approved by Scientific Ethics Review Unit
(SERU) at the Kenya Medical Research Institute (KEMRI)
KEMRI/RES/7/3/1).  Written
consent was obtained from all study participants.

(Reference Number: informed

3 Results and discussion

3.1 Empirical results

3.1.1 Descriptive statistics

The two sites, Korogocho and Viwandani, form the NUHDSS
(Beguy et al.,, 2015), and in each site there exist several villages.
Table 2 presents prevalence estimates by site and by village. Since
the current study did a census (visited all households), the villages
listed in Table 2 constitute all the villages in each of the two sites
under NUHDSS.

The overall crude prevalence of epilepsy was 9.40 per 1,000
people (95% CI 8.60-10.20). Prevalence was higher in Korogocho at
11.15 cases per 1,000 people (95% CI 9.75-12.56) than Viwandani
at 8.32 cases per 1,000 people (95% CI 7.36-9.27), p < 0.001. There
was great variability in prevalence by site (Figure 2), especially in
Viwandani with a large range of 20.41 between the village with
lowest prevalence (Donholm: prevalence = 2.64/1,000, 95% CI
0.92-4.37) and the highest prevalence (Paradise B: prevalence =
23.05/1,000, 95% CI 16.07-30.02), p < 0.001. Though relatively
lower than Viwandani, there was also significant variation in
Korogocho with a range of 12.76 from the village with the lowest
prevalence (Nyayo: prevalence = 4.20/1,000, 95% CI 0.09-8.31) to
highest prevalence (Korogocho B: prevalence=16.96/1,000, 95% CI
11.62-22.31), p < 0.001.

Table 3 presents prevalence estimates grouped by the field
interviewer who screened the participant in the first stage. While
interviewer variations may be outside the control of analysts and
researchers, this analysis focuses on detecting how such variations
or clustering may affect estimation of prevalence. For instance,
if a field interviewer erroneously screens a patient to be negative
when in fact should have been positive, then that participant will be
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TABLE 2 Prevalence by site and by village.

/1,000 o LCB (L) UCB(U)

All 9.40 0.41 8.60 10.20
Site (p < 0.001)

Viwandani 8.32 0.49 7.36 9.27
Korogocho 11.15 0.72 9.75 12.56
Villages in Viwandani | (p < 0.001)

Paradise A 10.62 2.64 5.44 15.80
Paradise B 23.05 3.56 16.07 30.02
Paradise C 5.32 2.01 1.39 9.26
Sinai Original 7.73 1.77 4.27 11.19
Sinai Reli 6.61 1.76 3.16 10.07
Jamaica 5.66 1.13 3.44 7.87
Lunga Lunga Center 10.99 1.73 7.60 14.38
Milimani 18.05 231 13.52 22.58
Donholm 2.64 0.88 0.92 4.37
Riverside 4.29 1.07 2.19 6.38
Kingstone 3.91 0.89 2.15 5.66
Uchumi 10.52 2.18 6.24 14.80
Villages in Korogocho (p < 0.001)

Korogocho B 16.96 2.73 11.62 22.31
Korogocho A 9.28 1.63 6.08 12.48
Grogon A 9.97 2.34 5.38 14.55
Grogon B 9.76 2.80 4.26 15.25
Gitathuru 10.54 1.80 7.01 14.06
Highridge 13.81 1.55 10.76 16.85
Nyayo 420 2.10 0.09 831
Kisumu Ndogo 8.01 1.66 4.75 11.26

6, prevalence; o, standard error for the prevalence estimate; data in parenthesis are p-values;
LCB, 95% lower class boundary; UCB, 95% upper class boundary.

erroneously excluded from the computation of prevalence, hence
underestimating prevalence. Further, if a participant declines to
participate in the study as a result of interviewer related effects,
then this may contribute to non-response or attrition which may
influence prevalence.

Similar to the site and village variations earlier described, results
show that prevalence varied based on the interviewer (p < 0.001).
Variation was higher among interviewers that worked in Viwandani
than among those that worked in Korogocho, and also varied by
the gender of the interviewer. For instance, the average of the
prevalence estimates from female interviewers in Viwandani was
lower at 7.44 compared to male interviewers in the same site at
8.79 (p < 0.001). Similar pattern is observed in Korogocho where
prevalence from female interviewers was lower at 9.31 compared to
male interviewers in the same site at 11.64 (p < 0.001). If we assume
independence within the site and by gender of the interviewer,
then there should be no significant difference between the average
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estimate by the gender of the interviewer. Any differences could be
driven by clustering which can be both site specific, interviewer-
related characteristics or both.

3.1.2 Clustering and attrition effects on
prevalence estimates under MAR mechanism

Figure 3 presents intraclass correlation for data with no
attrition (0% attrition) and with 10% and 20% attrition. The focus
of this analysis is to examine how the prevalence estimate and its
95% confidence interval varies when different levels of clustering
and attrition are considered but not addressed.

Assuming no attrition (0%) and that observations are
independent (assuming no clustering), prevalence was estimated
to be 9.40 cases per 1,000 people (95% CI 8.60-10.20). However,
where random effects model was estimated, we observed substantial
clustering at multiple levels. Household level clustering was high
with ICC of 0.397 followed by interviewer level clustering with ICC
of 0.101 and site level clustering with ICC of 0.070. Hierarchical
model with only site and interviewer had an ICC of 0.102 but
when household clustering was included to make it three-level
hierarchical model, the ICC increased to 0.406. Consequently,
prevalence of epilepsy adjusted for hierarchical clustering where
households are nested within interviewers and interviewers within
sites was 9.15 cases per 1,000 people (95% CI 7.11-11.20). We also
observe that interviewer level clustering can not be ignored. For
instance, assuming no attrition, when only household and site level
clustering were considered, the ICC was 0.398 and the prevalence of
epilepsy was 9.63 cases per 1,000 people (95% CI 7.68-11.58), which
is slightly higher than when all the three levels are considered.
Generally, the standard errors increased when clustering is taken
into account resulting in wider confidence intervals. It was also
observed that the confidence interval for household level clustering
did not significantly vary from when household level clustering was
not considered. While it is expected that a large ICC inflates the
standard errors resulting to a wider confidence intervals, number
of household clusters was large and thus the change in the standard
errors was relatively minimal.

Attrition did not significantly affect intraclass correlation
coeflicient but the prevalence estimates and confidence intervals
generally varied when different levels of attrition and clustering
was considered. For instance, at 10% attrition, the multilevel model
where households are nested within interviewers and interviewers
with sites, yielded a prevalence estimate of 8.35 cases per 1,000
people (95% CI 6.01-10.69), a standard error of 1.19 with an
intraclass correlation of 0.410. This implies a difference between
upper and lower 95% confidence boundaries of 4.68, which
is significantly higher than 1.51 when clustering is not taken
into account. At 20% attrition, the difference between the two
95% confidence boundaries increased to 6.98 and the prevalence
estimate reduced to 7.67 cases per 1,000 people (95% CI 4.18-
11.16). This means that in a population-based survey, if not taken
into account, attrition can lead to an underestimation of prevalence,
and clustering can lead to underestimation of standard errors
leading to deflated confidence intervals.

We also examined how the estimates and the standard errors
changed when attrition is taken into account. Figure 4 shows the
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Clustering of epilepsy by site.

clustering effects on the prevalence estimates, standard errors and
ICC when missing data due to attrition are imputed.

In Figure 4, the missing data due to attrition were imputed
using the sKNN method. After accounting for 10% attrition,
the estimated prevalence increased slightly to 9.58 cases per
1,000 people (95% CI 8.77-10.38) without clustering adjustment,
compared to 8.40 cases per 1,000 people (95% CI 7.64-9.16) when
the missing data is not imputed (complete case analysis). Clustering
effects remained evident, with household-level clustering still the
highest (ICC = 0.402), followed by interviewer-level clustering
(ICC = 0.109) and site-level clustering (ICC = 0.081). The three-
level hierarchical model, where households are nested within
interviewers and interviewers nested within sites, resulted in a
prevalence estimate of 9.10 cases per 1,000 people (95% CI 7.10-
11.10). The resultant ICC was 0.403, which is not significantly
different from the 0.410 observed when complete case analsysis was
used. This means that imputation preserved the clustering structure
of the dataset.

After accounting for the 20% attrition, prevalence estimates
remained higher than those obtained using complete case analysis.
Similarly, the ICC values remained stable after imputation. The
three-level hierarchical model resulted in a prevalence estimate
of 9.07 cases per 1,000 people (95% CI 7.11-11.04), with an
ICC of 0.395, which is slightly lower than that obtained using
complete case analysis (0.447). This means that larger values of
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missing if not taken into account may increase ICC. Furthermore,
confidence intervals remained wider when clustering was taken
into account, reinforcing the impact of hierarchical structure on
standard error estimation.

For model diagnostics, the random effects models had lower
AIC and BIC across all the various clustering structures (Figure 5).
This indicates that the random effects model is a better fit.

3.2 Discussion

We examined how clustering affects estimation of standard
errors for prevalence estimates. We found significant variations
the prevalence estimates when grouped by the interviewers
who screened the individuals in the first round of the survey.
This could be due to variations in training, experience or
individual interviewer characteristics, which may influence how
they administer the questionnaires. In our study, the field
interviewers were not specialists in epilepsy diagnosis but were
trained about how to administer the questionnaire to screen
for possible cases at the first stage. Confirmation of diagnosis
was done by a trained neurologist. Any variability on how the
field interviewers administered the questionnaire may introduce
inconsistency response rates and in the final estimates. Our
previous analysis of prevalence of epilepsy based on the same
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TABLE 3 Prevalence grouped by the interviewer who screened the
participant in the first stage.

/1,000 o LCB UCB

Interviewers in Viwandani (p <0.001)

Interviewer 1 (F) 8.92 2.46 4.09 13.74
Interviewer 3 (F) 9.72 2.28 525 14.20
Interviewer 8 (F) 1.11 0.79 -0.43 2.66

Interviewer 10 (F) 2.07 1.03 0.04 4.10

Interviewer 11 (F) 4.62 1.46 1.76 7.47
Interviewer 13 (F) 3.66 1.38 0.95 6.37
Interviewer 14 (F) 1.93 0.86 0.24 3.62

Interviewer 16 (F) 20.06 2.78 14.61 25.50
Interviewer 17 (F) 10.86 2.25 6.44 15.27
Interviewer 18 (F) 11.49 4.32 3.02 19.97
Interviewer 2 (M) 5.68 1.79 2.17 9.19

Interviewer 4 (M) 11.11 2.05 7.09 15.13
Interviewer 5 (M) 4.38 1.65 1.14 7.62

Interviewer 6 (M) 21.73 3.20 15.45 28.01
Interviewer 7 (M) 9.63 2.20 5.32 13.95
Interviewer 9 (M) 10.80 2.03 6.82 14.78
Interviewer 12 (M) 3.40 1.28 0.89 5.92

Interviewer 15 (M) 3.60 1.80 0.08 7.13

Interviewers in Korogocho (p < 0.001)

Interviewer 19 (F) 11.49 2.44 6.72 16.27
Interviewer 20 (F) 10.86 2.48 6.00 15.72
Interviewer 22 (F) 8.42 2.16 4.17 12.66
Interviewer 28 (F) 6.48 2.04 2.47 10.48
Interviewer 21 (M) 4.96 1.65 1.73 8.20

Interviewer 23 (M) 7.19 2.54 222 12.16
Interviewer 24 (M) 10.99 2.33 6.42 15.56
Interviewer 25 (M) 14.57 2.84 9.01 20.13
Interviewer 26 (M) 14.77 2.82 9.24 20.30
Interviewer 27 (M) 5.79 1.49 2.87 8.71

Interviewer 29 (M) 23.70 3.16 17.51 29.89
Interviewer 30 (M) 11.18 3.35 4.61 17.75

Average prevalence estimates by: Viwandani female interviewers: 7.44; Viwandani male
interviewers: 8.79.
Korogocho female interviewers: 9.31; Korogocho male interviewers: 11.64.

E, female; M, male; 6, prevalence; o, standard error for the prevalence estimate; data in
parenthesis are p-values; LCB, 95% lower class boundary; UCB, 95% upper class boundary.

dataset, and other similar studies on epilepsy prevalence in similar
settings (Ngugi et al., 2013; Kariuki et al., 2021) did not consider the
various levels of clustering considered in this paper (Mwanga et al.,
2024).

Substantial intraclass correlation coefficients (ICCs) at the
household, interviewer, and site levels confirm the presence of
hierarchical structure in the data. Ignoring such clustering can
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result in underestimated standard errors and biased prevalence
estimates (Snijders and Bosker, 2011). This aligns with prior
studies emphasizing the need to account for interviewer effects and
geographic clustering to ensure valid estimates (Olson et al., 2020;
Lipps and Lutz, 2017; Harling et al., 2019).

The high household-level clustering suggests that individuals
within the same household had similar responses. This is likely
due to shared environmental, genetic (Wang et al., 2017; Ottman
et al.,, 1996), or socio-economic factors that influence epilepsy
prevalence (Li et al., 2008; Ngongo et al.,, 2015). Similarly, the
presence of interviewer effects reinforces the need for standardized
interviewer training, supervision and careful monitoring during
data collection. Differences in interviewer demeanor, skill level,
and interpretation of survey questions can substantially influence
self-reported data. Prior studies (Lipps and Lutz, 2017) and recent
work in Kenya (Gachau, 2021) have stressed the need to account
for hierarchical effects—especially interviewer or physician-level
clustering—when analyzing survey and clinical data. Implementing
rigorous interviewer training protocols and pilot testing can
mitigate these biases.

Consistency of responses by interviewers has been emphasized
by our study. The importance of rigorous interviewer training
and pilot testing to reduce bias is well established. Large-scale
surveys such as the Demographic and Health Surveys (DHS)
employ detailed interviewer manuals, detailed training of the
interviwers that last several days, and supervised field-based pilot
interviews before commissioning the interviewers to the field
to collect data (ICF International, 2012). Interviewers are often
certified through competency assessments before deployment.
These practices provide a useful model for future prevalence studies
involving self-reported health outcomes, such as epilepsy diagnosis,
where interviewer consistency is critical for data quality.

In this study, clustering generally increased the width of
confidence intervals for the parameter estimates. Clustering effects
also varied by the type of cluster, with clustering at village and
household levels showing higher prevalence estimates and wider
confidence intervals. Hierarchical models resulted in moderate
increased standard error and hence wider confidence interval. The
findings are similar to those previously documented in literature,
such as those by Turner et al. (2001) and Thompson and Syed
(2012), who demonstrated that failure to account for clustering
underestimates standard errors, inflates type I error rates, and
leads to misleading conclusions. This emphasizes the need for
appropriate statistical methods that account for clustering effects,
especially in hierarchical clustered survey data. Studies such as
Murray et al. (2004) and Campbell et al. (2004) have also confirmed
the substantial impact of clustering in randomized trials and
prevalence surveys, underscoring the importance of multilevel
modeling in health research.

In addition to clustering, attrition also poses a challenge in
estimating prevalence. In our analysis, attrition was addressed
using ML-based imputation methodology. While imputing missing
data helps to account for attrition, the ideal practice is to
minimize attrition by desiging a longitudinal or multi-stage
study with measures to improve response rates in subsequent
timepoints. In our study, the persistence of relatively high
ICC values after imputation suggests that the hierarchical
structure of the data was preserved. Importantly, the inclusion
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Clustering and attrition effects on prevalence estimates under MAR mechanism when attrition is not taken into account (complete case analysis)
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of random effects and ICCs in our model not only accounts
for correlation within clusters but also provids more accurate
standard errors and confidence intervals for prevalence estimates.
Previous research by Little and Rubin (2002) has shown that
unaddressed missing data can lead to bias and reduced efficiency

in prevalence estimates. Their work supports our approach

of ensuring the missing data are imputated using appropriate
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the estimates.

methods to adjust for potential biases due to nonresponse. Taken
together, these findings reinforce the importance of accounting
for both clustering and attrition when designing and analyzing
survey data to enhance the robustness, validity and reliability of

This study has strengths. First, it is a population-based
survey from a well characterized setting from the Nairobi Urban
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Akaike and Bayesian information criteria comparing models with various clustering structures.

Information criterion value

Health and Demographic Surveillance System, which enhanced
the generalizability of the findings to the broader population in
informal settlements of Nairobi. Second, it incorporates advanced
statistical methods, including mixed-effects models and machine
learning-based imputation techniques, to address clustering and
attrition, which are common in survey data. Third, the study
provides a practical demonstration of how site, interviewer and
household-level clustering can be taken into account in the analysis
of self-reported outcomes and providing suggestings for future
research on similar topics.

A few limitations exist. First, the study does not have a
comparative arm to objectively evaluate the various approaches
for enhancing accuracy of estimates. The study relies on statistical
modeling techniques to adjust estimates. Second, the analysis for
missing data assumes a missing at random (MAR) mechanism,
which may not fully capture the complexity of real-world missing
data patterns. Third, while interviewer effects were modeled
statistically, the study did not conduct a using a randomized
trial to directly assess potential interviewer characteristics such as
experience, gender, age or training level, that could have influenced
the observed clustering. Future studies on how to enhance
consistency among interviewers should consider collecting these
information from the interviewers to enable proper analysis of
any potential biases related to interviewer effects. Fourth, despite
efforts to minimize these through standardized questionnaires,
interviewer training and statistical modeling as demonstrated in
this study, epilepsy diagnosis also relies on other factors such
as participant recall bias which has not been considered in
this study.

In conclusion, addressing clustering and attrition effects is
essential for producing accurate and reliable prevalence estimates
in population-based surveys. Survey designs should incorporate
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strategies to minimize biases related to these issues. Consistency
among interviewers for self-reported outcomes can be enhanced
by rigorous training and pilot testing before the actual surveys are
conducted. Employing robust statistical methods and transparent
reporting enhances the validity of self-reported data and inform
evidence-based public health interventions. We recommend that
during design and preparation for data collection, randomize
interviewers across sites and collect metadata on interviewer
characteristics to facilitate adjustment. Further, attrition bias can
be minimized by conducting targeted mobilization and follow-
ups to improve response rates which are proven approaches based
on previous studies (Teague et al, 2018), and accounting for it
using standard statistical approaches such multiple imputation or
machine learning-based imputation methods.

Data availability statement

The data analyzed in this study is subject to the following
licenses/restrictions: Creative commons attribution CC-BY-NC-
4.0. Requests to access these datasets should be directed
to corresponding author (dmwanga@aphrc.org), the principal
investigators (gasiki@aphrc.org or charles.newton@psych.ox.ac.uk)
or access through https://microdataportal.aphrc.org/index.php/
catalog after request approval.

Ethics statement

The studies involving humans were approved by Scientific
Ethics Review Unit (SERU) at the Kenya Medical Research Institute
(KEMRI) (Reference Number: KEMRI/RES/7/3/1). The studies

frontiersin.org


https://doi.org/10.3389/frma.2025.1583476
mailto:dmwanga@aphrc.org
mailto:gasiki@aphrc.org
mailto:charles.newton@psych.ox.ac.uk
https://microdataportal.aphrc.org/index.php/catalog
https://microdataportal.aphrc.org/index.php/catalog
https://www.frontiersin.org/journals/research-metrics-and-analytics
https://www.frontiersin.org

Mwanga et al.

were conducted in accordance with the local legislation and
institutional requirements. The participants provided their written
informed consent to participate in this study.

Author contributions

DMM: Conceptualization, Data curation, Formal analysis,
Investigation, Methodology, Project administration, Software,
Visualization, Writing - original draft. ICK: Conceptualization,
Investigation, Methodology, Resources, Supervision, Validation,
GOM: Conceptualization,
Investigation, Methodology, Resources, Supervision, Validation,

Writing - review & editing.
Writing - review & editing. CRN: Conceptualization, Funding
acquisition, Methodology, Resources, Supervision, Validation,
Writing - review & editing, Investigation. DTK: Conceptualization,
Funding acquisition, Investigation, Methodology, Resources,

Software, Supervision, Validation, Writing - review & editing.

Group members of EPInA Study Group

Abankwah Junior, Albert Akpalu, Arjune Sen, Bruno
Mmbando, Charles R. Newton, Cynthia Sottie, Dan Bhwana,
Daniel Mtai Mwanga, Damazo T. Kadengye, Daniel Nana Yaw,
David McDaid, Dorcas Muli, Emmanuel Darkwa, Frederick
Murunga Wekesah, Gershim Asiki, Gergana Manolova, Guillaume
Pages, Helen Cross, Henrika Kimambo, Isolide S. Massawe,
Josemir W Sander, Mary Bitta, Mercy Atieno, Neerja Chowdhary,
Patrick Adjei, Peter O. Otieno, Ryan Wagner, Richard Walker,
Sabina Asiamah, Samuel Iddi, Simone Grassi, Sloan Mahone,
Sonia Vallentin, Stella Waruingi, Symon Kariuki, Tarun Dua,
Thomas Kwasa, Timothy Denison, Tony Godi, Vivian Mushi,
William Matuja.

Funding

The author(s) declare that financial support was received for
the research and/or publication of this article. This research was
commissioned by the National Institute for Health Research (grant
number NIHR200134) using Official Development Assistance

References

Beguy, D., Elungata, P., Mberu, B., Oduor, C., Wamukoya, M., Nganyi, B., et al.
(2015). Health & demographic surveillance system profile: the Nairobi Urban Health
and Demographic Surveillance System (NUHDSS). Int. J. Epidemiol. 44, 462-471.
doi: 10.1093/ije/dyu251

Campbell, M. K., Thomson, S., Ramsay, C. R., MacLennan, G. S., and Grimshaw, J.
M. (2004). Sample size calculator for cluster randomized trials. Comput. Biol. Med. 34,
113-125. doi: 10.1016/S0010-4825(03)00039-8

Durrant, G. B., Groves, R. M., Staetsky, L., and Steele, F. (2010). Effects of
interviewer attitudes and behaviors on refusal in household surveys. Public Opin. Q.
74, 1-36. doi: 10.1093/poq/nfp098

Emina, J., Beguy, D., Zulu, E. M., Ezeh, A. C., Muindi, K., Elung’ata, P., et al. (2011).
Monitoring of health and demographic outcomes in poor urban settlements: evidence
from the Nairobi Urban Health and Demographic Surveillance System. J. Urban Health
88,200-218. doi: 10.1007/s11524-011-9594-1

Frontiers in Research Metrics and Analytics

11

10.3389/frma.2025.1583476

(ODA) funding. The views expressed in this publication are those
of the author(s) and not necessarily those of the NHS, the National
Institute for Health Research or the Department of Health and
Social Care.

Acknowledgments

The authors acknowledge the funding received from NIHR
(indicated above) that supported this study through the EPInA
project. We also thank the data collection team at both stages
of the study and the Nairobi City County Health Department
leadership for allowing the team to use the public health facilities in
Nairobi to conduct the assessments. We acknowledges the Epilepsy
Pathway Innovation in Africa (EPInA) scientific committee for the
leadership and support for this study, and the EPInA Study Group
(listed above) for their support and contributions.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Gen Al was used in the creation
of this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

EPInA (2020). National Institute of Health Research (NIHR) research and innovation
for global health Epilepsy Pathway Innovation in Africa (EPInA):(Protocol Reference:
NIHR200134). Available online at: https://epina.web.ox.ac.uk/ (Accessed February 20,
2025).

Gachau, S. W. (2021). Analysis of Multivariate Hierarchical Data With Missingness
- An Application to In-Patient Paediatric Pneumonia Care [PhD thesis]. University of
Nairobi, Nairobi.

Harling, G., Chanda, M. M., Ortblad, K. F, Mwale, M. Chongo, S.,
Kanchele, C., et al. (2019). The influence of interviewers on survey responses
among female sex workers in Zambia. BMC Med. Res. Methodol. 19, 1-12.
doi: 10.1186/s12874-019-0703-2

ICF International (2012). Demographic and Health Survey Interviewers Manual.
Calverton, MD: ICF International.

Kariuki, S. M., Ngugi, A. K., Kombe, M. Z., Kazungu, M., Chengo, E., Odhiambo,
R, et al. (2021). Prevalence and mortality of epilepsies with convulsive and

frontiersin.org


https://doi.org/10.3389/frma.2025.1583476
https://doi.org/10.1093/ije/dyu251
https://doi.org/10.1016/S0010-4825(03)00039-8
https://doi.org/10.1093/poq/nfp098
https://doi.org/10.1007/s11524-011-9594-1
https://epina.web.ox.ac.uk/
https://doi.org/10.1186/s12874-019-0703-2
https://www.frontiersin.org/journals/research-metrics-and-analytics
https://www.frontiersin.org

Mwanga et al.

non-convulsive seizures in kilifi, kenya. Seizure 89, 51-55. doi: 10.1016/j.seizure.2021.
04.028

Lai, W. Y., Kuok, K. K., Gato-Trinidad, S., and Ling, K. (2019). A study on sequential
K-nearest neighbor (SKNN) imputation for treating missing rainfall data. Int. J. Adv.
Trends Comput. Sci. Eng. 8, 363-368. doi: 10.30534/ijatcse/2019/05832019

Li, X., Sundquist, J., and Sundquist, K. (2008). Socioeconomic and occupational
risk factors for epilepsy: a nationwide epidemiological study in Sweden. Seizure 17,
254-260. doi: 10.1016/j.seizure.2007.07.011

Lipps, O., and Lutz, G. (2017). Gender of interviewer effects in a
multitopic centralized CATI panel survey. Methods Data Anal. 11, 67-86.
doi: 10.12758/mda.2016.009

Little, R. J., and Rubin, D. B. (2002). Statistical Analysis with Missing Data. Hoboken,
NTJ: John Wiley & Sons. doi: 10.1002/9781119013563

Luke, S. G. (2017). Evaluating significance in linear mixed-effects models in R.
Behav. Res. Methods 49, 1494-1502. doi: 10.3758/s13428-016-0809-y

McGovern, M. E., Birnighausen, T., Salomon, J. A., and Canning, D. (2015). Using
interviewer random effects to remove selection bias from HIV prevalence estimates.
BMC Med. Res. Methodol. 15, 1-11. doi: 10.1186/1471-2288-15-8

Murray, D. M., Varnell, S. P., and Blitstein, J. L. (2004). Design and analysis of
group-randomized trials: a review of recent methodological developments. Am. J.
Public Health 94, 423-432. doi: 10.2105/AJPH.94.3.423

Mwanga, D. M., Kadengye, D. T., Otieno, P. O., Wekesah, F. M., Kipchirchir,
1. C,, Muhua, G. O., et al. (2024). Prevalence of all epilepsies in urban informal
settlements in Nairobi, Kenya: a two-stage population-based study. Lancet Glob Health
12:e1323-e1330. doi: 10.1016/52214-109X(24)00217-1

Ngongo, C. ., Frick, K. D., Hightower, A. W., Mathingau, F. A., Burke, H., Breiman,
R.F,, etal. (2015). The perils of straying from protocol: sampling bias and interviewer
effects. PLoS ONE 10:e0118025. doi: 10.1371/journal.pone.0118025

Ngugi, A. K., Bottomley, C., Kleinschmidt, I., Wagner, R. G., Kakooza-Mwesige,
A., Ae-Ngibise, K., et al. (2013). Prevalence of active convulsive epilepsy in sub-
saharan africa and associated risk factors: cross-sectional and case-control studies.
Lancet Neurol. 12, 253-263. doi: 10.1016/S1474-4422(13)70003-6

Olson, K., Smyth, J. D., Dykema, J., Holbrook, A. L., Kreuter, F., West, B. T., et al.
(2020). “The past, present, and future of research on interviewer effects,” in Interviewer
Effects from a Total Survey Error Perspective, eds. K. Olson, J. D. Smyth, J. Dykema, A.

Frontiers in Research Metrics and Analytics

12

10.3389/frma.2025.1583476

L. Holbrook, F. Kreuter, and B. T. West (Boca Raton, FL: Chapman and Hall/CRC),
3-16. doi: 10.1201/9781003020219-2

Ottman, R., Annegers, J. F,, Risch, N., Hauser, W. A., and Susser, M. (1996).
Relations of genetic and environmental factors in the etiology of epilepsy. Ann. Neurol.
39, 442-449. doi: 10.1002/ana.410390406

Placencia, M., Sander, J., Shorvon, S., Ellison, R., and Cascante, S. (1992). Validation
of a screening questionnaire for the detection of epileptic seizures in epidemiological
studies. Brain 115, 783-794. doi: 10.1093/brain/115.3.783

Rubin, D. B. (1976). Inference and missing data. Biometrika 63, 581-592.
doi: 10.1093/biomet/63.3.581

Snijders, T. A., and Bosker, R. (2011). Multilevel Analysis: An Introduction to Basic
and Advanced Multilevel Modeling. Los Angeles, CA: SAGE.

Teague, S., Youssef, G. J., Macdonald, J. A., Sciberras, E., Shatte, A., Fuller-
Tyszkiewicz, M., et al. (2018). Retention strategies in longitudinal cohort studies:
a systematic review and meta-analysis. BMC Med. Res. Methodol. 18, 1-22.
doi: 10.1186/512874-018-0586-7

Thompson, R., and Syed, K. (2012). Hierarchical models in health research. Int. J.
Epidemiol. 41, 443-454.

Turner, E., Thompson, S. G., and Spiegelhalter, D. J. (2001). The impact of ignoring
clustering in health surveys: a simulation study. Stat. Med., 20, 99-109.

Tutz, G., and Ramzan, S. (2015). Improved methods for the imputation of
missing data by nearest neighbor methods. Comput. Stat. Data Anal. 90, 84-99.
doi: 10.1016/j.csda.2015.04.009

‘Wamukoya, M., Kadengye, D., Iddi, S., and Chikozho, C. (2020). The Nairobi urban
health and demographic surveillance of slum dwellers, 2002-2019: value, processes, and
challenges. Glob. Epidemiol. 2:100024. doi: 10.1016/j.gloepi.2020.100024

Wang, ], Lin, Z.-J, Liu, L, Xu, H.-Q, Shi, Y.-W, Yi, Y.-H, et al

(2017). Epilepsy-associated genes. Seizure 44, 11-20. doi: 10.1016/j.seizure.2016.
11.030

West, B. T., and Li, D. (2019). Sources of variance in the accuracy of interviewer
observations. Sociol. Methods Res. 48, 485-533. doi: 10.1177/0049124117729698

West, B. T., Welch, K. B., and Galecki, A. T. (2022). Linear Mixed Models: A
Practical Guide Using Statistical Software. Boca Raton, FL: Chapman and Hall/CRC.
doi: 10.1201/9781003181064

frontiersin.org


https://doi.org/10.3389/frma.2025.1583476
https://doi.org/10.1016/j.seizure.2021.04.028
https://doi.org/10.30534/ijatcse/2019/05832019
https://doi.org/10.1016/j.seizure.2007.07.011
https://doi.org/10.12758/mda.2016.009
https://doi.org/10.1002/9781119013563
https://doi.org/10.3758/s13428-016-0809-y
https://doi.org/10.1186/1471-2288-15-8
https://doi.org/10.2105/AJPH.94.3.423
https://doi.org/10.1016/S2214-109X(24)00217-1
https://doi.org/10.1371/journal.pone.0118025
https://doi.org/10.1016/S1474-4422(13)70003-6
https://doi.org/10.1201/9781003020219-2
https://doi.org/10.1002/ana.410390406
https://doi.org/10.1093/brain/115.3.783
https://doi.org/10.1093/biomet/63.3.581
https://doi.org/10.1186/s12874-018-0586-7
https://doi.org/10.1016/j.csda.2015.04.009
https://doi.org/10.1016/j.gloepi.2020.100024
https://doi.org/10.1016/j.seizure.2016.11.030
https://doi.org/10.1177/0049124117729698
https://doi.org/10.1201/9781003181064
https://www.frontiersin.org/journals/research-metrics-and-analytics
https://www.frontiersin.org

	Accounting for clustering for self-reported outcomes in the design and analysis of population-based surveys: A case study of estimation of prevalence of epilepsy in Nairobi, Kenya
	1 Introduction
	2 Materials and methods
	2.1 Hierarchical model structure
	2.2 Model likelihood and estimation
	2.3 Expected value and prevalence calculation
	2.4 Hierarchical variance decomposition
	2.5 Prevalence estimation with random effects
	2.6 Empirical study design and dataset description
	2.7 Statistical analysis
	2.8 Ethical consideration

	3 Results and discussion
	3.1 Empirical results
	3.1.1 Descriptive statistics
	3.1.2 Clustering and attrition effects on prevalence estimates under MAR mechanism

	3.2 Discussion

	Data availability statement
	Ethics statement
	Author contributions
	Group members of EPInA Study Group
	Funding
	Acknowledgments
	Conflict of interest
	Generative AI statement
	Publisher's note
	References


	Figure 1: 


