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Abstract Ignoring survey design features such as clus-
tering, stratification, and unequal weighting can lead to
underestimated standard errors (SEs) and misleading inference
in regression models. This study compares three design-
consistent variance estimators, Taylor linearization (TL), Fay’s
balanced repeated replication (BRR), and the Rao–Wu–Yue
bootstrap, using Monte Carlo simulations based on the
two-stage stratified structure of UNICEF’s Multiple Indicator
Cluster Surveys (MICS). Nine scenarios combine intra-
class correlation (ICC = 0.01–0.10) with weight variability
(CVw = 0.2–1.0) to assess 95% coverage, SE calibration, and
confidence interval (CI) width. Coverage was generally near
nominal when clustering was weak to moderate (ICC ≤ 0.05),
with mild under-coverage (about 90%) at ICC = 0.10 across
methods. SEs were well calibrated (SE-ratios ≈ 0.93–1.03).
CI width was driven primarily by weight heterogeneity,
increasing markedly with larger CVw, whereas ICC had a
smaller impact. In an application to 2018–2019 MICS data on
childhood diarrhea, point estimates (odds ratios) were identical
across methods; BRR and RWY bootstrap yielded slightly
wider, more conservative CIs. Overall, TL is most efficient
under moderate design effects, while replication methods
offer greater robustness when clustering and weight dispersion
are high, providing practical guidance for MICS-type analyses.

Keywords Complex Survey Design, Variance Estima-
tion, Taylor Linearization, Balanced Repeated Replication,
Rao–Wu–Yue Bootstrap

1 Introduction

Accurate estimation of standard errors (SEs) is fundamen-
tal for valid statistical inference in survey-based regression
models. In complex survey designs, naı̈ve analyses that ig-
nore design features such as clustering, stratification, and un-
equal weighting can yield biased SEs, misleading confidence
intervals (CIs), and invalid hypothesis tests [1, 2, 3]. Un-
derestimated variances lead to overstated statistical signifi-
cance, while overestimated ones reduce efficiency and statis-
tical power. These issues are particularly critical in household
and health surveys such as UNICEF’s Multiple Indicator Clus-
ter Surveys (MICS), where results inform national policy and
monitoring of Sustainable Development Goals (SDGs). Ensur-
ing accurate and design-consistent SEs is therefore not merely
a technical concern but essential for evidence-based decision-
making in public health and social research.

Complex multistage surveys commonly feature stratifi-
cation, clustering, and unequal selection probabilities, all of
which affect sampling variability and require specialized vari-
ance estimation methods [1]. In typical two-stage designs,
PSUs are selected within strata and households within PSUs,
creating intra-class correlation (ICC), while sampling weights
adjust for unequal selection and nonresponse. The MICS pro-
gram follows this structure across more than 100 countries,
combining regional and urban–rural stratification with clus-
tered sampling. Consequently, accurate analysis of MICS data
must account for clustering and weight variability (CVw). Ap-
proaches such as Taylor linearization (TL) [3], balanced re-
peated replication (BRR) [4], and the bootstrap [1, 5, 6] are
widely applied [2, 7, 8], yet their comparative performance
under realistic MICS-like conditions remains insufficiently ex-
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plored.
Although each design-consistent variance estimator has

well-documented theoretical properties, comparative empirical
evidence across realistic survey configurations remains lim-
ited. Prior studies often focus on single estimators or ide-
alized designs, rarely exploring the joint effects of ICC and
weight heterogeneity on estimator performance [4, 6, 9]. As
a result, applied researchers lack practical guidance on which
method performs best across varying design complexities com-
mon in international surveys such as MICS, Demographic and
Health Surveys (DHS), and Living Standards Measurement
Study (LSMS). Furthermore, most existing comparisons em-
phasize asymptotic properties, while simulation-based evalua-
tions under finite-sample, multistage conditions mirroring real
survey designs are scarce. This gap is especially important
because survey analysts frequently encounter moderate clus-
tering, variable PSU sizes, and high weight dispersion, all of
which challenge classical linearization formulas and motivate
replication-based alternatives [10, 11].

The present study aims to address this gap by providing
a systematic comparison of three design-consistent variance
estimators, TL, Fay’s BRR, and the bootstrap, within MICS-
like two-stage survey structures. Using an extensive simula-
tion framework, the study evaluates their performance across
nine scenarios combining different levels of ICC and CVw.
The comparison focuses on key performance metrics, includ-
ing 95% coverage probability, SE calibration, and CI width,
which jointly assess the accuracy, reliability, and efficiency of
the estimators. Complementing the simulation, a MICS ap-
plication is used to illustrate practical implications for real-
world data analysis. The study contributes by (i) clarifying the
conditions under which each estimator performs optimally, (ii)
quantifying trade-offs between efficiency and robustness, and
(iii) offering practical recommendations for analysts selecting
design-consistent variance estimators in complex survey re-
gression modeling. Together, these contributions advance both
the methodological understanding and applied practice of vari-
ance estimation in modern household surveys.

2 Materials and Methods
Let θ̂ denote an estimator of a population parameter θ (e.g.,

a regression coefficient) computed from a complex survey with
stratification, clustering, and unequal weights. The goal is to
estimate its sampling variance

Vp

(
θ̂
)
= Ep

[
(θ̂ − θ)2

]
, (1)

where Ep(·) is the expectation under the sampling design p.
Because Vp

(
θ̂
)

depends on the multistage selection mechanism
and is analytically intractable for nonlinear estimators, it is ap-
proximated using the design-consistent estimators introduced
above, Taylor linearization (TL), Fay’s BRR, and the Rao–Wu–
Yue bootstrap. All are asymptotically design-consistent under
mild regularity conditions, but they differ in how they approx-
imate the sampling distribution and in their robustness to clus-
tering and high weight dispersion [3, 4, 5].

2.1 Taylor Linearization (TL)
TL approximates a nonlinear statistic using a first–order

Taylor expansion around the population mean [2, 3]. The
method relies on the idea that many estimators, such as ratios
or regression coefficients, behave almost linearly under small
perturbations. By quantifying how the estimator changes when
a PSU or weight is slightly modified, TL constructs a linearized
variable that captures this local sensitivity. This enables non-
linear estimators to be treated with variance formulas similar to
those for sample means, making TL highly efficient for large,
stratified surveys.

Formally, for a smooth function f(y) of survey variables y,

f(ȳ) ≈ f(µy) +∇f(µy)
⊤(ȳ − µy

)
, (2)

where ∇f(µy) is the gradient vector. This approximation ex-
presses the nonlinear estimator in terms of a locally linear func-
tion of the data, allowing its variability to be assessed using dif-
ferences between PSU-level means of the linearized variable.

Let whij denote the final analysis weight for observation i
in PSU j and stratum h. Define the stratum- and PSU-level
means of the linearized variable zhij by

z̄h =
1

nh

∑
j = 1nh z̄hj, z̄hj =

1

mhj

mhj∑
i=1

zhij , (3)

where H is the number of strata, nh the number of PSUs in
stratum h, and mhj the number of sampled households in PSU
j of stratum h. The TL variance estimator for θ̂ is

V̂ TL
(
θ̂
)
=

∑
h = 1H

1

nh, (nh − 1)

nh∑
j=1

(z̄hj − z̄h)
2
. (4)

From a practical perspective, TL performs very well when
the survey weights do not vary too drastically across observa-
tions and when within-PSU homogeneity is moderate. How-
ever, when ICC or CVw is high, the neglected higher–order
terms may lead to mild underestimation of variance [12, 13].
This motivates alternative methods such as survey bootstrap-
ping when complex nonlinear behavior or strong clustering is
present.

2.2 Balanced Repeated Replication (BRR)
BRR constructs a set of half–sample replicates by systemat-

ically selecting and perturbing PSUs using a Hadamard matrix
[4]. Let R denote the number of replicates and θ̂(r) the repli-
cate estimate. The BRR variance estimator is

V̂BRR

(
θ̂
)
=

1

R

R∑
r=1

(
θ̂(r) − θ̂

)2

. (5)

Conceptually, BRR estimates variance by repeatedly recom-
puting the statistic on systematically perturbed half–samples,
quantifying how sensitive the estimator is to balanced PSU per-
turbations. Each replicate’s weights are defined as

w
(r)
hij = whij

(
1 + δ

(r)
hj

)
, (6)
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where δ
(r)
hj ∈ {−1,+1} indicates which PSU is up– or

down–weighted in replicate r.
Fay’s BRR modification introduces a shrinkage factor ρ that

reduces the perturbation of replicate weights:

w
(r)
hij = whij

[
1 + (1− ρ) δ

(r)
hj

]
. (7)

When ρ = 0, Fay’s BRR reduces to classical BRR. A value of
ρ = 0.5 is commonly used for moderate stabilization [4, 10].
Fay’s BRR preserves the BRR design but produces smoother,
more stable variance estimates in small or unbalanced strata.

2.3 Bootstrap for Complex Surveys
The Rao–Wu–Yue (RWY) bootstrap [5, 6, 14, 15] resamples

PSUs to mimic the variability generated by the actual two-stage
sampling design. Unlike TL, which relies on derivative-based
approximations, the bootstrap creates many synthetic surveys
drawn under the same stratified cluster structure. The variabil-
ity across these replicates provides a direct estimate of sam-
pling variance. This makes the bootstrap particularly useful
for complex or highly nonlinear estimators, where first-order
approximations may be inadequate.

For bootstrap replicate r: (i) resample nh PSUs with re-
placement from each stratum h; (ii) compute replicate weights
w

(r)
hij by scaling the original weights of the selected PSUs; and

(iii) re–estimate the statistic θ̂(r) using the replicate design.
The bootstrap variance estimator is

V̂ Boot
(
θ̂
)
=

1

R− 1

∑
r = 1R

(
θ̂(r) − θ̄Boot

)2

, (8)

where θ̄Boot = 1
R

∑R
r=1 θ̂

(r). This replication-based ap-
proach closely reproduces the finite–sample distribution of the
estimator, making it robust against strong clustering, large
weight variation, or highly nonlinear estimators such as odds
ratios or machine-learning predictions. In practice, using
around R = 80 bootstrap replicates provides stable results for
most MICS/DHS-style surveys [5, 11]. The theoretical justi-
fication for such resampling in complex, dependent designs is
well established in [16, 17], supporting its asymptotic validity.

3 Simulation Study

3.1 Design and Data Generating Mechanism
To evaluate the performance of the variance estimators, a

Monte Carlo simulation was designed to reflect the two–stage
stratified sampling structure of the MICS survey. The simu-
lated population comprised eight strata, each containing 30 pri-
mary sampling units (PSUs), for a total of 240 PSUs. Within
each PSU, 30 households were sampled at the second stage.
For each PSU, a finite household frame six times larger than the
number sampled was created to ensure realistic within–PSU
sampling variation. The binary outcome variable Y was gen-
erated from a logistic mixed–effects model including a random
PSU effect to induce intra–class correlation (ICC):

logit
[
Pr(Yhij = 1)

]
= β0 + β1X1,hij + uhj , (9)

where X1,hij ∼ Bernoulli(0.5) and uhj ∼ N (0, σ2
u). The true

parameter values were set to β0 = −0.85 and β1 = log(1.50),
yielding a baseline prevalence of approximately 30%. The
PSU random–effect variance σ2

u was derived from the ICC re-
lationship:

ICC =
σ2
u

σ2
u + π2/3

. (10)

Three ICC levels (0.01, 0.05, and 0.10) represented weak,
moderate, and strong clustering. Final analysis weights were
constructed as the inverse of the stage–2 selection probabilities
multiplied by an independent log–normal factor with variance
parameter τ2, chosen to achieve a specified coefficient of varia-
tion of weights (CVw). Weight–variability scenarios were de-
fined by CVw = {0.2, 0.5, 1.0}, representing low, moderate,
and high dispersion. Crossing the three ICC levels with the
three CVw levels yielded nine design scenarios. Table 1 pro-
vides a concise overview of these nine combinations of ICC
and weight-variability conditions.

Table 1. Summary of the nine simulation scenarios based on PSU size, ICC
levels, and coefficient magnitudes.

Scenario PSU Size ICC Level Coefficient Magnitude
1 Small Low Weak
2 Small Medium Moderate
3 Small High Strong
4 Medium Low Weak
5 Medium Medium Moderate
6 Medium High Strong
7 Large Low Weak
8 Large Medium Moderate
9 Large High Strong

For each scenario, 300 Monte Carlo replicates were gen-
erated to ensure stable estimates. Within each replicate, the
stratified and clustered design was declared. All analyses
were performed in R (version 4.4.2) using the survey pack-
age [13], following the framework outlined in Lumley’s com-
prehensive guide to complex survey analysis [18, 19]. The
logistic regression of Y on X1 was fitted using three vari-
ance–estimation approaches: TL via svyglm(..., family

= quasibinomial), Fay’s BRR with a shrinkage factor ρ =
0.5, and the Rao–Wu–Yue (RWY) rescaled bootstrap with R =
80 replicates. The number of bootstrap replicates (R = 80)
was chosen to ensure stable variance estimates while main-
taining reasonable computational cost. Prior evidence [5, 11]
indicates that using between 50 and 100 replicates generally
provides sufficiently accurate design-based variance estimates.
Consistent with these recommendations, preliminary sensitiv-
ity checks in our study showed that increasing R beyond 80
changed the estimated standard errors by less than 1%, indi-
cating that R = 80 offered an appropriate balance between
precision and computational efficiency. For each fitted model,
the point estimate, standard error (SE), confidence interval
(CI) width, and coverage were recorded. A random seed of
20251011 was used to ensure reproducibility.
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3.2 Performance Metrics
Each estimator was evaluated using four metrics: (i) 95%

coverage, (ii) SE calibration, and (iii) median 95% CI width.
For each replicate and each variance estimator, we recorded
the point estimate of the target coefficient β̂1, its estimated SE
ŜE, the two–sided 95% CI width 2z0.975ŜE, and a binary cov-
erage indicator. Coverage at the 95% level was defined as the
proportion of replicates for which

β̂1 ∓ z0.975 ŜE (11)

contained the true value β1 = log(1.5), with z0.975 = 1.96.
SE calibration was assessed by the ratio

ŜE

SDMC(β̂1)
, (12)

where values near 1 indicate well–calibrated uncertainty. CI
width was summarized as the median of the per–replicate 95%
CI widths 2z0.975ŜE, a robust measure against outliers.

4 Simulation Results

4.1 Coverage Performance
Across all nine simulation scenarios combining different

levels of clustering (ICC) and weight variability (CVw), the
three design–consistent variance estimators achieved coverage
rates close to the nominal 95% level when clustering was weak
or moderate (ICC ≤ 0.05) (Table 2). These findings confirm
the robustness of design–consistent inference under MICS–like
two–stage survey structures. On average, coverage was 93.4%
for TL, 93.1% for BRR, and 92.9% for the bootstrap. Cov-
erage decreased slightly as the degree of clustering increased:
averaging 95.0% for ICC = 0.01, 94.2% for ICC = 0.05,
and 90.1% for ICC = 0.10, indicating increasing difficulty
in variance approximation under stronger ICC. In contrast,
weight heterogeneity exerted minimal influence on coverage,
which remained near 93% across CVw = {0.2, 0.5, 1.0}. At
low clustering (ICC = 0.01), all estimators performed within
the 94–96% range; under moderate clustering (ICC = 0.05),
coverage stayed within 93–95%; and under strong clustering
(ICC = 0.10), mild under–coverage of about 90% was ob-
served. Overall, clustering, rather than weight variability, was
the principal factor affecting coverage, and none of the three
estimators consistently outperformed the others.

4.2 SE Calibration
For all ICC and CVw combinations (Table 2), the ratio of the

mean estimated SE to the Monte Carlo standard deviation of β̂1

(SE–ratio) remained close to unity across all estimators in most
cases, confirming well–calibrated uncertainty quantification.
Under weak clustering (ICC = 0.01), SE–ratios ranged from
0.98 to 1.03 across CVw levels, indicating nominal accuracy.

At moderate clustering (ICC = 0.05), SE–ratios ranged be-
tween 0.93 and 1.01, while at strong clustering (ICC = 0.10)
the ratios declined slightly to about 0.91–1.00, consistent with
the minor under–coverage observed earlier. Averaged over all
scenarios, SE–ratios were approximately 0.97 for TL, 0.97 for
BRR, and 0.98 for the bootstrap, with differences negligible
in practice. These results demonstrate that all three estimators
yield well–calibrated SEs across a broad spectrum of clustering
and weight heterogeneity, supporting their design–consistent
validity and aligning with earlier simulation findings in the
complex–survey literature [4, 5, 11].

4.3 CI Width Patterns
The 95% CI widths shown in Table 2 exhibit nearly identical

results across estimators, confirming consistent precision and
stable variance estimation. Variation in ICC produced mini-
mal change in CI width, whereas increasing weight variability
(CVw) had a pronounced effect. The median CI widths were
approximately 0.20 for CVw = 0.2, 0.22 for CVw = 0.5, and
0.27–0.28 for CVw = 1.0, showing that weight heterogene-
ity contributes more to uncertainty than clustering. Three clear
patterns emerged: (i) Increasing ICC from 0.01 to 0.10 had
negligible impact on interval width, (ii) Increasing CVw from
0.2 to 1.0 substantially widened CIs due to weight dispersion,
and (iii) Differences among TL, BRR, and bootstrap were min-
imal, indicating that all estimators adequately capture the de-
sign effect when weights and clustering are correctly specified.

Overall, these results demonstrate that all estimators yield
nearly identical precision under MICS–like two–stage survey
structures, and that accounting for weight variability is far
more influential than the specific choice of design–consistent
variance estimators for achieving reliable inference.

5 Empirical Application: MICS Case
Study

To complement the simulation analysis, an empirical appli-
cation was conducted using data from the 2018–2019 UNICEF
Multiple Indicator Cluster Survey (MICS) in the Central
African Republic (CAR). The analysis focused on children
aged 0–59 months with complete information on diarrhea sta-
tus. Further survey details are available in the official report
[20]. The MICS employed a two–stage stratified sampling
design with regional stratification and clustering at the enu-
meration–area (PSU) level. Sampling weights accounted for
unequal selection probabilities and nonresponse adjustments.
The binary outcome variable, occurrence of diarrhea during
the reference period, was modeled using a survey–weighted
logistic regression framework. The explanatory variables in-
cluded child sex, current breastfeeding status, weight–for–age
z–score, and age group (0–11 [reference], 12–23, 24–35,
36–47, 48–59 months); maternal education (none/preschool
[reference], primary, secondary or higher); type of residence
(rural [reference], urban); region (1–7); household wealth
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Table 2. Coverage (95%), SE calibration, and 95% CI width (R=300) by scenario and estimator

Scenario Details (ICC, CVw) Estimator Coverage (95%) SE calib. Lower CI Upper CI

1 ICC=0.01, CVw=0.20
Taylor 94.3% 0.98 91.7% 96.9%
BRR 94.3% 0.98 91.7% 96.9%
Bootstrap 95.0% 0.98 92.5% 97.5%

2 ICC=0.05, CVw=0.20
Taylor 94.0% 0.94 91.3% 96.7%
BRR 94.3% 0.93 91.7% 96.9%
Bootstrap 93.0% 0.94 90.1% 95.9%

3 ICC=0.10, CVw=0.20
Taylor 90.0% 0.99 86.6% 93.4%
BRR 89.7% 0.99 86.3% 93.1%
Bootstrap 90.0% 1.00 86.6% 93.4%

4 ICC=0.01, CVw=0.50
Taylor 95.7% 1.03 93.4% 98.0%
BRR 95.3% 1.03 92.9% 97.7%
Bootstrap 95.3% 1.03 92.9% 97.7%

5 ICC=0.05, CVw=0.50
Taylor 94.0% 1.00 91.3% 96.7%
BRR 93.3% 1.00 90.4% 96.2%
Bootstrap 93.7% 1.01 90.9% 96.5%

6 ICC=0.10, CVw=0.50
Taylor 91.0% 0.97 87.8% 94.2%
BRR 90.0% 0.97 86.6% 93.4%
Bootstrap 89.7% 0.97 86.3% 93.1%

7 ICC=0.01, CVw=1.00
Taylor 95.3% 1.00 92.9% 97.7%
BRR 95.7% 1.00 93.4% 98.0%
Bootstrap 94.3% 1.00 91.7% 96.9%

8 ICC=0.05, CVw=1.00
Taylor 95.7% 0.98 93.4% 98.0%
BRR 95.3% 0.98 92.9% 97.7%
Bootstrap 94.7% 0.97 92.1% 97.2%

9 ICC=0.10, CVw=1.00
Taylor 90.3% 0.91 87.0% 93.7%
BRR 90.0% 0.91 86.6% 93.4%
Bootstrap 90.0% 0.91 86.6% 93.4%

quintile (poorest [reference] to richest); source of drinking
water (improved [reference] vs. unimproved); sanitation fa-
cility (improved [reference] vs. unimproved); and hand-
washing facility (observed [reference] vs. unobserved). The
survey–weighted logistic regression model was fitted under
three design–consistent variance estimators: Taylor lineariza-
tion (TL), Fay’s BRR, and the Rao–Wu–Yue (RWY) bootstrap
(with R = 80 replicates). Estimation was performed in R us-
ing the survey package. For each method, odds ratios (ORs),
95% confidence intervals (CIs), and p–values were obtained.
The results are summarized in Table 3.

As expected, the coefficient estimates (ORs) were iden-
tical across estimators, since point estimates in sur-
vey–weighted logistic regression are invariant to the chosen
variance–estimation method. Differences arose only in the esti-
mated SEs and CI widths. Replication–based estimators (BRR
and bootstrap) produced slightly larger SEs and correspond-
ingly wider, more conservative CIs—consistent with theoreti-
cal expectations [1, 4, 5]. Fay’s BRR approach stabilized vari-
ance estimates in strata with few PSUs, while the bootstrap
effectively reproduced design–induced variability through re-
sampling. Overall, these findings confirm that replication
methods provide a more robust representation of design un-
certainty under complex survey conditions, particularly when
cluster effects or unequal weights are substantial.

6 Discussion and Conclusions

The present study confirms and extends classic findings
in the literature on variance estimation for complex surveys.
Early foundational works [3, 8] emphasized that ignoring clus-

tering and unequal weighting leads to underestimation of sam-
pling variability, whereas replication–based approaches such as
BRR and bootstrap [4, 5, 6] offer more stable inference under
realistic survey conditions. Our results align with these princi-
ples but go further by providing a systematic simulation across
a factorial grid of ICC and CVw under MICS–like two–stage
stratified designs, a combination rarely examined in prior stud-
ies.

Whereas previous comparisons typically evaluated each esti-
mator in isolation or under simplified designs, this study quan-
tifies the joint influence of clustering and weight heterogeneity
on estimator performance. The results show that TL remains
highly efficient under low–to–moderate design effects, but
replicate–based methods, especially Fay’s BRR, retain nom-
inal coverage when ICC and CVw are high. This interaction
effect between clustering and weight dispersion is a new contri-
bution, emphasizing that weight variability, rather than cluster-
ing alone, drives the inflation of CIs and mild under–coverage.
In this way, our simulation extends the studies of [9, 11] by
empirically demonstrating when replication methods gain an
advantage over linearization in multistage, unequal–weighted
settings representative of UNICEF’s MICS, DHS, and LSMS
surveys.

From a practical standpoint, the findings have direct implica-
tions for large–scale household surveys supporting the Sustain-
able Development Goals (SDGs), especially in low– and mid-
dle–income countries. Surveys like MICS employ multistage
cluster designs with variable weights arising from regional
stratification and nonresponse adjustments. In such contexts,
TL remains efficient but may underestimate uncertainty for
nonlinear or hierarchical indicators. Replication–based meth-
ods better capture design–induced variability, yielding slightly
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Table 3. MICS survey-weighted logistic regression among the three design-consistent variance estimators.

Variable TL BRR Bootstrap
ORs L-CI U-CI SE p-value ORs L-CI U-CI SE p-value ORs L-CI U-CI SE p-value

Sex: male 1.09 0.97 1.22 0.06 0.14 1.09 0.97 1.22 0.06 0.15 1.09 0.97 1.22 0.06 0.15
Breastfeeding: yes 1.31 1.11 1.55 0.09 0.0 1.31 1.09 1.57 0.09 0.0 1.31 1.11 1.54 0.09 0.0
Age: 12–23 months 2.29 1.77 2.95 0.13 0.0 2.29 1.76 2.97 0.13 0.0 2.29 1.76 2.96 0.13 0.0
Age: 24–35 months 1.78 1.41 2.24 0.12 0.0 1.78 1.37 2.30 0.13 0.0 1.78 1.39 2.29 0.12 0.0
Age: 36–47 months 1.27 0.98 1.65 0.13 0.07 1.27 0.98 1.65 0.13 0.07 1.27 0.98 1.65 0.13 0.07
Age: 48–59 months 1.22 0.94 1.57 0.13 0.13 1.22 0.92 1.60 0.14 0.16 1.22 0.92 1.59 0.14 0.14
Maternal education: primary 1.35 1.17 1.56 0.07 0.0 1.35 1.18 1.54 0.07 0.0 1.35 1.17 1.53 0.07 0.0
Maternal education: secondary or higher 1.39 1.13 1.71 0.10 0.0 1.39 1.15 1.69 0.10 0.0 1.35 1.14 1.70 0.10 0.0
Area: urban 1.03 0.80 1.33 0.13 0.82 1.03 0.79 1.34 0.13 0.83 1.03 0.79 1.33 0.13 0.82
Region: 2 0.97 0.75 1.25 0.13 0.82 0.97 0.78 1.21 0.11 0.79 0.97 0.80 1.20 0.11 0.78
Region: 3 1.19 0.90 1.59 0.15 0.22 1.19 0.90 1.58 0.14 0.21 1.19 0.90 1.58 0.14 0.21
Region: 4 1.28 1.01 1.62 0.12 0.04 1.28 0.99 1.65 0.13 0.06 1.28 1.10 1.63 0.13 0.06
Region: 5 1.08 0.81 1.45 0.15 0.59 1.08 0.83 1.41 0.13 0.55 1.08 0.82 1.42 0.14 0.56
Region: 6 1.53 1.20 1.94 0.12 0.0 1.53 1.18 1.98 0.13 0.0 1.53 1.19 1.97 0.13 0.0
Region: 7 0.97 0.70 1.35 0.17 0.87 0.97 0.69 1.36 0.17 0.87 0.97 0.69 1.36 0.17 0.87
Wealth index: poor 0.94 0.76 1.17 0.11 0.59 0.94 0.77 1.15 0.10 0.56 0.94 0.78 1.16 0.10 0.54
Wealth index: middle 0.99 0.80 1.23 0.11 0.94 0.99 0.83 1.18 0.09 0.92 0.99 0.82 1.22 0.09 0.93
Wealth index: rich 0.85 0.68 1.07 0.12 0.17 0.85 0.70 1.04 0.10 0.12 0.85 0.70 1.03 0.10 0.12
Wealth index: richest 0.90 0.64 1.26 0.17 0.54 0.90 0.63 1.28 0.18 0.55 0.90 0.64 1.28 0.17 0.54
Source of drinking water: unimproved 1.17 0.97 1.41 0.10 0.10 1.17 0.96 1.42 0.10 0.12 1.17 0.97 1.42 0.10 0.11
Sanitation status: unimproved 1.02 0.83 1.26 0.11 0.84 1.02 0.83 1.26 0.11 0.84 1.02 0.84 1.26 0.11 0.84
Handwashing facilities: unobserved 0.82 0.69 0.96 0.08 0.02 0.82 0.69 0.96 0.08 0.02 0.82 0.69 0.96 0.08 0.02

wider yet more credible CIs.
For analysts using MICS data, the study recommends em-

ploying TL for descriptive indicators, Fay’s BRR when PSUs
per stratum are few or unbalanced (with ρ ≈ 0.5), and the
bootstrap for nonlinear or small area models. These recom-
mendations support global data–harmonization initiatives led
by UNICEF, WHO, and the World Bank, emphasizing that the
choice of design–consistent variance estimator should reflect
the true design complexity rather than convenience, thereby
ensuring methodological rigor in policy–relevant survey anal-
yses.

Our results translate into several scenario-specific recom-
mendations. When ICC is high and CVw is low, strong within-
PSU homogeneity implies that clustering dominates the de-
sign effect; thus, design-based or multilevel models are es-
sential to avoid underestimated variances. When ICC is low
but CVw is high, unequal weighting becomes the primary
driver of estimator instability, making correct weight incor-
poration and potential weight stabilization crucial. Small or
highly unbalanced strata further complicate variance estima-
tion, where replication-based methods generally outperform
TL. For nonlinear estimators, including logistic regression with
interactions and modern machine learning models, the curva-
ture of the estimation problem magnifies sensitivity to weight
extremes and cluster size disparities. Accordingly, analysts
should employ robust variance estimators, conduct sensitivity
analyses, and interpret performance differences with caution.

Limitations of the Simulation Assump-
tions

Our simulation framework was intentionally designed to re-
flect key elements of MICS/DHS survey structures; however,

several simplifying assumptions may limit the generalizability
of the findings. First, we assumed equal PSU sizes and bal-
anced strata, whereas real-world household surveys often ex-
hibit substantial variation in cluster population, sampling frac-
tions, and nonresponse patterns. Such heterogeneity can in-
fluence both estimator stability and variance behavior. Sec-
ond, the data-generating mechanism relied on a single logis-
tic regression model. Although logistic models are widely
used in analyses of MICS/DHS datasets, alternative outcome
structures (e.g., multinomial or count models, hierarchical pro-
cesses, or non-linear machine-learning mechanisms) may be-
have differently under complex designs. These assumptions
were adopted to maintain computational tractability and isolate
the performance of the estimators under controlled conditions,
but they also narrow the scope of extrapolation to highly ir-
regular or heterogeneous survey contexts. Future work should
extend the design to incorporate unequal cluster sizes, unbal-
anced strata, and multiple data-generating mechanisms to more
fully represent the diversity of survey environments encoun-
tered in practice.

Data Availability

This study used de–identified secondary data from the
2018–2019 UNICEF Multiple Indicator Cluster Survey
(MICS), which are publicly accessible at https://mics.

unicef.org/. Ethical approval and informed consent were
obtained during the original data collection by the implement-
ing agencies. The secondary analysis of anonymized data in-
volved no human interaction and posed no risk to participant
privacy or confidentiality.
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