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Understanding the prevalence of key demographic and health indicators in 
small geographic areas and domains is of global interest, especially in low- 
and middle-income countries (LMICs), where vital registration data is 
sparse and household surveys are the primary source of information. 
Recent advances in computation and the increasing availability of spatially 
detailed datasets have led to much progress in sophisticated statistical mod
eling of prevalence. As a result, high-resolution prevalence maps for many 
indicators are routinely produced in the literature. However, statistical and 
practical guidance for producing prevalence maps in LMICs has been 
largely lacking. In particular, advice in choosing and evaluating models 
and interpreting results is needed, especially when data is limited. 
Software and analysis tools are also usually inaccessible to researchers in 
low-resource settings to conduct their own analysis or reproduce findings 
in the literature. In this paper, we propose a general workflow for preva
lence mapping using household survey data. We consider all stages of the 
analysis pipeline, with particular emphasis on model choice and interpreta
tion. We illustrate the proposed workflow using a case study mapping the 
proportion of pregnant women who had at least four antenatal care visits in 
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Kenya. The workflow is implemented using the R package surveyPrev, 
and all reproducible code is provided in the Supplementary Materials. It 
can be readily extended to a wide range of indicators.

KEY WORDS: Bayesian hierarchical models; Reproducibility; Small 
area estimation; Spatial models; Survey sampling.

1. INTRODUCTION

Accurate estimation and tracking of key demographic and health indicators is 
critical for assessing health progress and disparities. National statistical institu
tions and global organizations have long recognized the need to produce disag
gregated estimates at fine resolutions. For example, the United Nations 
General Assembly’s 2030 Agenda for Sustainable Development (United 
Nations 2015) established targets “to increase significantly the availability of 
high-quality, timely and reliable data disaggregated by income, gender, age, 
race, ethnicity, migratory status, disability, geographic location and other char
acteristics relevant in national contexts.” The problem of estimating quantities 
of interest for small subpopulations based on limited data is known as small 
area estimation (SAE). SAE has a long history in the survey sampling litera
ture. Traditional SAE approaches have been largely developed in the high- 
income country context and often utilize auxiliary administrative data to 
improve inference (Rao and Molina 2015). Recent applications of SAE 
approaches in LMICs include work on mapping poverty (Molina et al. 2019; 
Chi et al. 2022), child mortality (Mercer et al. 2015; Li et al. 2019; Wakefield 
et al. 2019; Wu et al. 2021), fertility (Saha et al. 2023), HIV prevalence 
(Wakefield et al. 2020), and vaccination coverage (Dong and Wakefield 
2021). More recently, another line of research using geostatistical models has 
been adopted by major research organizations to map the prevalence of a num
ber of important health indicators (see e.g. Diggle and Giorgi 2016, 2019; 

Statement of Significance  
We propose a principled workflow for estimating and mapping the 
prevalence of demographic and health indicators in small administra
tive areas using household survey data in low- and middle-income 
countries (LMICs). The workflow considers all stages of the data anal
ysis pipeline and can be robustly adopted for a wide range of binary 
indicators. The aim of the workflow is to enable researchers and ana
lysts in LMICs to carry out their own prevalence analysis according to 
their local needs and priorities. The workflow is illustrated through a 
case study mapping the proportion of pregnant women who had at 
least four antenatal care visits in Kenya, with reproducible code and R 
package in the Supplementary Materials.
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Burstein et al. 2018; Osgood-Zimmerman et al. 2018; Utazi et al. 2018; 
Mayala et al. 2019). Geostatistical models theoretically enable prevalence esti
mation at a fine spatial resolution, for example, 100 m grids, and they leverage 
the growing availability of spatially referenced covariates such as population 
density (Tatem 2017) and night time light (Gaughan et al. 2019). A recent 
review and comparison of the two types of approaches is provided in 
Wakefield et al. (2025).

While rapid progress has been made in methodological developments of 
mapping prevalence in small areas, the existing literature often focuses on 
improving specific steps of the full SAE workflow. Guidance on conducting 
prevalence mapping from the beginning to the end has been largely lacking, 
especially for practitioners. Two recent papers, Tzavidis et al. (2018) and 
Giorgi et al. (2021), discuss the significance of having a coherent process 
across different stages of analysis when producing small area official statistics. 
However, scenarios where data is scarce remain challenging under both frame
works. Tzavidis et al. (2018) examined the production of official statistics 
from the perspective of national statistical institutes. Their framework follows 
a traditional SAE approach and focuses on continuous outcomes, for example, 
average income. The models for continuous outcomes are usually inappropri
ate for estimating the prevalence of categorical indicators, which is the focus 
of this paper. In addition, their framework emphasizes using covariates from 
census or administrative microdata in order to construct synthetic estimates at 
fine geographic scale. In LMICs, the issues with data availability are quite dif
ferent from those faced in high-income countries. Auxiliary datasets from cen
sus are usually unavailable, or of poor quality and are often not updated in a 
timely fashion. Thus, it is important to exploit the spatial dependence in the 
response variable that cannot be explained by the covariates that are available 
to the analyst. This aspect is largely ignored in Tzavidis et al. (2018). On the 
other hand, Giorgi et al. (2021) provided a parallel set of guidance on develop
ing prevalence models using geostatistical models, focusing on using high- 
quality spatially referenced covariates for point-level spatial prediction. In 
contrast with Tzavidis et al. (2018), some key considerations in the traditional 
SAE methods, for example, accounting for the sampling design of a survey, 
are mostly ignored. Notably, both Tzavidis et al. (2018) and Giorgi et al. 
(2021) were primarily written for statisticians capable of building and compar
ing sophisticated models. Translating the ideas to routine analytic procedures 
involving large numbers of indicators can be difficult for practitioners.

In this paper, we aim to fill this gap by developing a principled and accessi
ble workflow for common types of prevalence mapping tasks in data-limited 
contexts with fully worked-out examples. Specifically, we focus on estimating 
the prevalence of binary indicators, that is, the proportion of individuals 
affected by certain conditions. We develop a ‘default’ analysis pipeline with a 
series of models for prevalence mapping that can be adopted robustly for a 
wide range of indicators, and all computation can be carried out using the 
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surveyPrev package (Dong et al. 2024) in R (R Core Team, 2024). Our pro
posed procedures acknowledge the sampling design explicitly and account for 
spatial dependence in the prevalence. The models are computationally scal
able, making them feasible to implement in low-resource settings. Altogether, 
the workflow generates a robust set of prevalence estimates and insights that 
can form the basis for further extensions when bespoke analyses are needed.

The rest of the paper is organized as follows. Section 2 discusses the com
mon types of household survey data in LMICs. Section 3 describes the steps in 
the workflow. Section 4 concludes with a discussion of the proposed work
flow, active research areas, and open questions. We demonstrate the proposed 
workflow via a case study mapping the proportion of pregnant women who 
had at least four antenatal care visits using a Demographic and Health Survey 
(DHS) that was carried out in Kenya, in 2022.

2. HOUSEHOLD SURVEY DATA

In many LMICs, household surveys are routinely conducted to collect infor
mation on health and demographic variables. Prominent examples include the 
DHS (USAID 2019), the Malaria Indicators Survey (MIS) (Roll Back Malaria 
2005), and the Multiple Indicator Cluster Surveys (MICS) (Khan and 
Hancioglu 2019). We consider the 2022 Kenya DHS (KNBS and ICF 2023) 
as our working example. The survey is based on a sampling frame derived 
from the 2019 Kenya Population and Housing Census, in which a total of 
129,067 enumeration areas (EAs), or clusters, were formed. In the 2022 
Kenya DHS, the country is first stratified into rural and urban strata within 
each of the 47 counties, which results in 92 strata (Nairobi City and Mombasa 
are purely urban). Within each stratum, clusters are sampled independently 
using probability proportional to size (PPS) random sampling, with house
holds being the size variable. This resulted in 1,692 clusters being sampled 
across strata. Then 25 households were selected from each cluster and mem
bers of the households were interviewed to provide information on health and 
demographic variables. The design weight for each individual is calculated as 
the reciprocal of the sampling probability for the individual. The final weight 
also includes a non-response adjustment.

Household surveys in LMICs, including DHS, MICS, and MIS, often fol
low similar sampling designs. For ease of description, we refer to the principal 
administrative divisions used to define the stratification, for example, the 47 
counties in Kenya, as the Admin-1 areas, and the next level of subdivisions as 
the Admin-2 areas. Note that the geographical stratification is survey-specific 
and may be Admin-1 or Admin-2, depending on the country. The number of 
administrative areas varies dramatically across countries. For example, there 
are 33 Admin-2 areas in Côte d’Ivoire and 774 in Nigeria. The sample size in 
most household surveys is designed to provide estimates of key indicators at 
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the national and Admin-1 level only. Data are typically sparse at the Admin-2 
level.

The DHS program routinely calculates the national estimates of over 2,500 
indicators for each survey (Croft et al. 2023). The majority of these indicators 
are binary. As a working example, we consider the prevalence of attending 
four or more antenatal care visits (ANC4þ) among women who had a live 
birth or a stillbirth in the 5 years prior to the survey. Antenatal care is a crucial 
component in reducing maternal and perinatal mortality. The World Health 
Organization (WHO) recommended at least four ANC visits with a qualified 
healthcare provider during pregnancy (World Health Organization 2002) and a 
global ANC4þ coverage target of 90 percent by 2025, in order to meet the 
SDG goals on maternal mortality by 2030. Several studies have examined the 
ANC4þ coverage in Kenya using past DHS surveys, see for example Wairoto 
et al. (2020) and Macharia et al. (2022). The national estimates of ANC4þ
coverage in Kenya have been steadily increasing, from 44 percent in 2009 to 
66 percent in 2022 (KNBS and ICF 2023).

3. THE WORKFLOW

Our prevalence mapping workflow starts by specifying a level of inference. 
Typically, household surveys powered to Admin-1 areas can robustly produce 
national and Admin-1 level estimates. Inference at finer resolutions relies 
more heavily on model assumptions, as we detail later. In this paper, we con
sider prevalence mapping at both Admin-1 and Admin-2. The same workflow 
follows for finer resolutions, though data sparsity will be more severe. Our 
proposed workflow consists of four stages summarized in figure 1:

Stage 1: Understand the sampling design and data availability 
Stage 2: Conduct analyses with a range of models 
Stage 3: Evaluate and compare estimates 
Stage 4: Summarize, map, and visualize the prevalence estimates 

The full workflow is carried out using the surveyPrev package (Dong et al. 
2024). A reproducible report with all analysis scripts is included in the 
Supplementary Materials.

3.1 Stage 1: The Sampling Design and Data Availability

Understanding the survey data and how they are collected is critical in any 
modeling tasks, including prevalence mapping. Data availability has important 
implications for model choices. In our working example, we use the GPS coor
dinates of the clusters, which are available for most DHS surveys and some 
MICS surveys, and administrative boundaries from the GADM database 
(Global Administrative Areas 2022) to determine which area each cluster 
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belongs to. Mapping coordinates to areas may create incorrect assignments for 
clusters due to jittering or imprecise boundary maps. Comparing the area 
assignments with spatial information recorded in the survey, for example, 
Admin-1 labels, is recommended whenever such information exists. An exam
ple of the detailed steps in correcting potentially mis-assigned clusters is 
included in the Supplementary Materials. In practice, we expect the potential 
impact to be minor unless the geography is very small. Further discussion of 
this issue can be found in Altay et al. (2025). Figure 2 shows the location of 
sampled clusters across Admin-1 and Admin-2 areas, by urban and rural strata. 
The median number of clusters is 35 across the 47 Admin-1 areas and 5 across 
the 300 Admin-2 areas. There are 6 Admin-2 areas without a sampled cluster 
and 5 with only one sampled cluster. The sample size of women who had a 
birth or stillbirth within the 5 years preceding the survey has a median size of 
218 across Admin-1 areas and 29 across Admin-2 areas. While it is difficult to 
provide a specific threshold for sample size, both the number of clusters and 
the individuals are reasonably large for Admin-1 areas but limited in most of 
the Admin-2 areas.

Another important consideration is the effect of within-area urban/rural 
stratification. Most of the household surveys in LMICs, including DHS and 
MICS, are stratified by urban/rural status within Admin-1 areas. The popula
tion proportions of urban/rural clusters are usually released in the survey report 
or are available from the census. Figure 3 shows the sampled proportion of 
urban clusters in each Admin-1 area compared to population proportions. We 
observe that urban clusters are over-sampled in most of the areas. The cover
age of ANC4þ is higher in urban areas (the odds ratio from a weighted logis
tic regression 1.55). Therefore, models that do not use the weights and do not 
account for the stratification will overestimate the prevalence. The exact 
impact of the over-sampling of urban areas can only be determined by analyz
ing data under a specific analysis model, which we investigate further in 

Figure 1. Workflow for prevalence mapping using household survey data.
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Figure 2. Map of the sampled clusters in the 2022 Kenya DHS by urban/rural 
status.

Figure 3. Comparison between the fraction of sampled clusters that are urban 
and the fraction of population urban clusters (enumeration areas) in each 
Admin-1 area.
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Section 3.2.3. Details of the steps in this stage can be found in Sections 2.2 
and 2.3 of the Supplementary Materials.

3.2 Stage 2: Models and Analysis

We propose three sets of models for routine analysis: direct estimation, area- 
level models, and cluster-level models. The overall approach we recommend 
is to fit all models, where possible, to assess sensitivity but to default to sim
pler models if they provide sufficiently precise estimates. In the rest of this 
section, we describe the three classes of models and discuss their advantages 
and limitations. We have omitted sensitivity analysis for some model specifi
cations, such as prior choices, as the results in our example are not sensitive to 
these choices, but it is good practice to conduct more comprehensive sensitiv
ity analysis in practice (Gelman et al. 2020; Wakefield et al. 2025).

To fix notation, consider a finite target population in a country with N indi
viduals living in M areas (Admin-1 or Admin-2, depending on the target reso
lution). Let yj 2 f0;1g denote the outcome value for the j-th individual. We let 
pi denote the area-level prevalence for the i-th area. We let Ui be the set of 
individuals in the target population in the i-th area with size Ni ¼ jUij and Si 2

Ui denote the set of ni ¼ jSij sampled individuals in the i-th area. Then the true 
prevalence in the i-th area is pi ¼ ð1=NiÞ

P
j2Ui

yj. For all sampled individuals, 
we observe the design weight wj, which is the inverse probability of the j-th 
individual being included in the sample for j 2 S1 [ . . .[ SM .

3.2.1 Direct estimation.
Our starting point for prevalence analysis is direct estimation. The term 
‘direct’ refers to estimating the prevalence of an area using only the response 
data from that area (Rao and Molina 2015). An example of a direct estimator 
is the design-based weighted estimator (H�ajek 1971), 

bpw
i ¼

P
j2Si

wjyj
P

j2Si
wj

; i ¼ 1; . . .;M:

The variance of bpi can be easily estimated with standard software for survey 
data. The direct estimates and the associated uncertainty measure account for 
the weighting and clustering in the survey design, avoiding the bias due to 
informative sampling. When there are many clusters in the sample for a given 
area, confidence intervals constructed from the normality assumption will be 
accurate for the area. Direct estimation is based on minimal assumptions since 
there is no explicit model for the data. In practice, direct estimation often pro
vides reasonable inference for Admin-1 areas, unless the outcome is very rare. 
The precision associated with the direct estimates, however, is usually compa
ratively small, since the estimates in each area only use data from that area 

216                                                                                                    Dong et al. 

D
ow

nloaded from
 https://academ

ic.oup.com
/jssam

/article/14/1/209/8466569 by guest on 16 June 2026

https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smaf048#supplementary-data
https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smaf048#supplementary-data
https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smaf048#supplementary-data


alone. This can be contrasted with the area-level and unit-level approaches, 
which borrow strength from the totality of data across all areas and thus lever
age more information.

When data are sparse in an area, the uncertainty of the estimator can be too 
high to be usable. When there are a small number of clusters in an area, the 
point estimate of the prevalence may be 0 or 1, and in these cases, the usual 
formulas for calculating the variance equal zero. Other sparse data configura
tions may also produce unreasonably small estimates of uncertainty. In addi
tion, even when point estimates and standard errors can be computed, the 
resultant uncertainty interval, based on the asymptotic normality assumption, 
can be inaccurate when the sample size is small.

Figure 4 shows the point estimates and 95 percent uncertainty intervals of 
different models we consider in the workflow. The point estimates are mostly 
comparable across all models at Admin-1. Figure 5 visually compares two 
commonly reported metrics of uncertainty: the coefficient of variation (CV), ffiffiffiffiffiffiffiffiffiffiffiffiffiffi

varðbpiÞ
p

=bpi, and the width of the 95 percent uncertainty intervals. Both met
rics are typically larger for the direct estimates compared to the smoothing 
models. Figure 6 shows the same comparison for Admin-2 estimates. The 
larger uncertainty of the direct estimates in finer resolutions can be observed 
more clearly. The widest 95 percent uncertainty interval for Admin-1 direct 
estimates is 0.242, and more than 60 percent of Admin-2 areas have 95 percent 
uncertainty intervals that surpass this. Details of the implementation of direc
tion estimation can be found in Section 3 of the Supplementary Materials.

3.2.2 Area-level models.
Area-level models, or Fay-Herriot models (Fay and Herriot 1979), are the 
most common SAE method and have seen widespread use in official statistics. 

Figure 4. Point estimates and 95 percent uncertainty intervals for ANC4+ cover
age across Admin-1 areas in Kenya, estimated using different models. Covariates 
are not included in all models.
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Under this approach, the direct estimates are linked together via a hierarchical 
model. For prevalence modeling, we first transform the direct estimates to the 
entire real line via bθ

w

i ¼ logitðbpw
i Þ, where logitðpÞ ¼ logðp=ð1 − pÞÞ, and derive 

the associated asymptotic variance estimate of bθ
w 

using the delta method, that 
is, bV i ¼ cvarðbpw

i Þ=½bp
w
i ð1 −bpw

i Þ�
2. The Fay-Herriot model assumes 

bθ
w

i jθi � Nðθi; bV iÞ (1) 

θi ¼ αþ xT
i βþ ui; i ¼ 1; . . .;M; (2) 

where α is the intercept, xi are area-level covariates and β are the associated 
coefficients. Equation (1) is referred to as the sampling model and equation (2)
the linking model. The latent prevalence at the i-th area is then expitðθiÞ, where 
expitðθÞ ¼ expðθÞ=ð1þ expðθÞÞ. The original Fay-Herriot model assumed that 
the random effects ui are independent and identically distributed (IID) from a 
normal distribution. As discussed before, we usually expect residuals to 

Figure 5. Maps of estimated prevalence (top row), coefficient of variation (mid
dle row), and the width of the 95 percent uncertainty interval (bottom row) for 
ANC4+ coverage across Admin-1 areas in Kenya, estimated using different mod
els. Covariates are not included in all models.
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remain spatially correlated when covariates are limited. A wide range of spa
tial random effect models have been proposed and compared in the literature 
(see e.g. Chandra et al. 2019; Chung and Datta 2020). One approach that we 
recommend as a default choice is a model that decomposes the random effect 
into the sum of an unstructured IID normal random effect and a spatially struc
tured intrinsic conditional autoregressive (ICAR) random effect, which is 
known as the BYM model (Besag et al. 1991). In our analysis, we adopt the 
reparameterization known as the BYM2 model (Riebler et al. 2016), 

u ¼ σð
ffiffiffiffiffiffiffiffiffiffiffi
1 − ϕ

p
eunstructþ

ffiffiffiffi
ϕ

p
estructÞ;

where σ is the total standard deviation, ϕ is the proportion of the variance that 
is spatial, eunstruct is IID standard normal random variable and estruct follows a 
scaled ICAR prior so that the geometric mean of the marginal variances of 
estruct

i is equal to 1. We adopt the penalised complexity (PC) priors for the 

Figure 6. Maps of estimated prevalence (top row), coefficient of variation 
(middle row), and the width of the 95 percent uncertainty interval (bottom row) 
for ANC4+ coverage across Admin-2 areas in Kenya, estimated using different 
models. Covariates are not included in all models.
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hyperparameters (Simpson et al. 2017). The PC priors provide robust shrink
age of model components to simpler base models and have been used success
fully in various contexts (see e.g. Sørbye and Rue 2017; Fuglstad et al. 2020). 
Compared to the standard conjugate priors, the PC priors are specified by 
more intuitive probability statements. In our working example, for the total 
standard deviation, we specify Probðσ>1Þ ¼ 0:01 and for the proportion of 
the variation that is spatial, we have Probðϕ>0:5Þ ¼ 2=3. Posterior computa
tion is performed with the integrated nested Laplace approximation (INLA) 
approach (Rue et al. 2009). INLA is extremely popular for carrying out 
Bayesian inference for dependent data in general and spatial data in particular 
(Blangiardo and Cameletti 2015; Krainski et al. 2018; Osgood-Zimmerman 
and Wakefield 2023) because it is accurate and very fast. Under the Bayesian 
framework, inference is conducted by evaluating the posterior distributions 
and credible intervals of the model parameters. In our context, the parameter 
of interest is the latent prevalence, expitðθÞ.

The rationale for the Fay-Herriot model is that the similarity of prevalences 
across the study areas may be leveraged to fine-tune the estimates in each area. 
Since data from all areas are used for estimation in each area, this is an exam
ple of an “indirect” estimate. The model accounts for the sampling design by 
using the design-based estimates, bpw

i , and their variances, cvarðbpw
i Þ as the input. 

The latter goes to zero as the sampling fraction in an area goes to 1, and the 
weighted estimate equals the population prevalence in the area so that the esti
mates produced by the model are design consistent, which is very appealing. 
By collectively modeling all the data, uncertainty in each area is reduced on 
average. The model that links the areas together introduces additional model
ing assumption, though this is typically not strong. We expect on average the 
mean squared errors of the estimates to be reduced compared to direct estima
tion, as the gain in precision will offset the bias due to shrinkage. Interpreting 
the uncertainty in each area based on hierarchical models, however, is more 
tricky. Across the map the coverage of interval estimates will be close to nom
inal, but they do not have the usual frequentist coverage when each area is 
viewed in isolation because of the shrinkage. This issue is discussed in detail 
in Burris and Hoff (2020).

A key disadvantage of Fay-Herriot models is that they are based on direct 
estimates. When data are extremely sparse, direct estimates or their variance 
estimates are unavailable or unstable, which renders the Fay-Herriot model 
unusable or unreliable. To alleviate variance instability, the sampling varian
ces may be modeled using generalized variance functions, which leverage the 
mean-variance relationship between θi and Vi, as well as covariates (Otto and 
Bell 1995; Mohadjer et al. 2012; Franco and Bell 2013; Liu et al. 2014; Gao 
and Wakefield 2023). When fitting the Admin-2 level Fay-Herriot model, the 
design-based variance formula does not produce an estimate, or produces an 
estimate that is zero or close to zero for 12 out of 300 areas. For these Admin- 
2 areas, we supplement the data with a “phantom” cluster that has prevalence 
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equal to the prevalence in the Admin-1 area within which the Admin-2 area is 
contained, and with the sum of the weights equal to the average sum across all 
observed clusters in the Admin-1 area. For further details, see Wakefield et al. 
(2025).

Figures 4 to 6 present the results of the Fay-Herriot model where no covari
ates are included We observe that the Fay-Herriot model estimates are, in gen
eral, shrunk from the direct estimates, though to a lesser extent compared to 
the cluster-level models that we describe next. Details of the implementation 
of area-level models can be found in Section 4 of the Supplementary 
Materials.

3.2.3 Cluster-level models.
SAE models dealing with individual outcomes directly are known as unit- 
level models. In our context, modeling individual responses (the “units”) using 
a Bernoulli likelihood is equivalent to a cluster-level binomial model. More 
specifically, for a survey consisting of C clusters, we let c[j] be the cluster 
index of the j-th individual. When there is no ambiguity of resolution, we use i 
[c] to denote the index of the area that the c-th cluster resides in. For nested 
models where both Admin-1 and Admin-2 level components are included, we 
use a[c] and a[i] to denote the corresponding Admin-1 index for the c-th clus
ter or the i-th Admin-2 area. Let Yc and nc denote the number of positive out
comes and the number of sampled individuals from the c-th cluster, 
respectively, that is, Yc ¼

P
j:c½j�¼c yj and nc ¼

P
j:c½j�¼c 1. We consider a 

cluster-level model with a beta-binomial likelihood, 

Ycjpc � BetaBinomialðnc; pc; dÞ:

In this formulation, pc is the latent prevalence for the c-th cluster, and d is the 
overdispersion parameter that captures the additional within-cluster variation. 
This class of beta-binomial models has been used in modeling a variety of 
indicators in the recent literature. A detailed review of different binomial mod
els was carried out in Dong and Wakefield (2021).

To link the cluster-level prevalence to area-level prevalence, a simple 
unstratified model is 

logitðpcÞ ¼ αþ xT
c βþ ui½c�:

The intercept and spatial random effects are modeled in the same way as in the 
Fay-Herriot model, and xc are cluster-level covariates. The covariates may 
also be at the area level, which simplifies the aggregation step discussed in 
Section 3.2.4. When modeling at Admin-2 level, it is often also reasonable to 
include a separate intercept for each Admin-1 level to reduce the shrinkage 
across Admin-1 areas. This leads to a nested unstratified model, 

Principled Workflow for Prevalence Mapping                                          221 

D
ow

nloaded from
 https://academ

ic.oup.com
/jssam

/article/14/1/209/8466569 by guest on 16 June 2026

https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smaf048#supplementary-data
https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smaf048#supplementary-data


logitðpcÞ ¼ αa½c� þ xT
c βþ ui½c�:

The stratification over Admin-1 areas is either implicitly accounted for by the 
inclusion of random effects, ui½c� or explicitly by αa½c�. We use the term 
“unstratified” to refer to the fact that the model does not account for any within- 
area stratification, as discussed in Section 3.1. To account for the additional 
stratification by urbanicity, we consider the following three stratified models: 

ðnon-nestedÞ logitðpcÞ ¼ αþ γ1c2ruralþ xT
c βþ ui½c�;

ðnestedÞ logitðpcÞ ¼ αa½c� þ γ1c2ruralþ xT
c βþ ui½c�;

ðnested with interactionÞ logitðpcÞ ¼ αa½c� þ γa½c�1c2ruralþ xT
c βþ ui½c�:

All three models account for the within-area stratification by including terms 
corresponding to the urban/rural status. The first two models assume the 
urban/rural effect, γ, is constant across all areas. The third model further 
assumes that the urban/rural associations vary over Admin-1 areas. Since the 
number of Admin-1 areas is typically small, we treat γa in the third model as 
fixed effects. Selecting which model to use is context-specific. In our example, 
a likelihood ratio test (Lumley and Scott 2014) for the interaction terms is 
included in the Supplementary Materials, together with further model diagnos
tics of all three models in terms of the WAIC scores. Both procedures favor 
the nested model over the other two. There is not enough evidence for spatially 
varying urban/rural associations. Therefore, we focus on the nested model in 
the rest of the paper.

It is worth noting that most of the geostatistical models in the literature 
ignore the stratification variable. Giorgi et al. (2021) argued that the sampling 
design could be implicitly accounted for by including adequate covariates. In 
practice, however, it is difficult to assess whether a specific set of covariates is 
sufficient to adjust for the sampling design. Thus, we view the inclusion of the 
stratification variable as a necessary step, as long as the prevalences are associ
ated with the urban/rural designation and there is evidence of over-sampling 
of urban or rural clusters.

The cluster-level models can deal with very sparse data, as they do not rely 
on the asymptotic properties of the direct estimates. The existence of data idio
syncrasies, such as zero response counts, can be easily accommodated by 
modeling the binary outcome instead of weighted estimators, since they are 
simply captured by a discrete probability model. If the parametric likelihood 
model is a reasonable approximation to the true underlying data generating 
mechanism, this approach is an efficient use of the data. Similar to the Fay- 
Herriot model, the cluster-level models also introduce bias, due to shrinkage, 
but reduce uncertainty. Hence, the mean squared errors of the estimates will 
be reduced on average. On the other hand, a major limitation of the 
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cluster-level models is the assumption of an individual-level sampling model, 
which cannot be easily checked. Dong and Wakefield (2021) provided a more 
in-depth discussion of different sampling models for binary outcomes, and 
the beta-binomial model we consider here is among the best-performing 
candidates in their empirical comparison. Also, cluster-level models are more 
computationally intensive to fit, though this is typically not an issue with a 
scalable implementation using INLA. Last, and not least, additional 
post-processing steps are necessary to aggregate cluster-level predictions into 
area-level estimates, and external information is often needed, which we 
discuss in the next two subsections. Details of the implementation of 
these cluster-level models can be found in Sections 5.1 and 5.2 of the 
Supplementary Materials.

3.2.4 Cluster-level aggregation with area-level covariates.
The inclusion of the urban/rural effect and cluster-level covariates comes at a 
cost when producing area-level estimates. We first consider the case with area- 
level covariates xi. For the unstratified model, the prevalence of the i-th area is 
simply θi ¼ expitðαþxT

i βþuiÞ. For the stratified model, however, an addi
tional aggregation step is needed. As an example, for the nested model, 

θi ¼ ð1 − qiÞ× expitðαa½i� þ γþ xT
i βþ uiÞþ qi× expitðαa½i� þ xT

i βþ uiÞ;

where qi is the proportion of the population in area i that is urban. The popula
tion parameter qi usually cannot be reliably estimated from the survey at fine 
resolutions. The interpretation of qi is also subtle. The urban/rural designation 
in household surveys is usually based on a previous census classification. The 
actual status of a cluster can change over time. Thus, qi represents the fraction 
of the target population who, at the time of the survey, reside in areas that 
were classified as urban in the last census.

Two challenges exist in obtaining these fractions. First, the complete list of 
clusters and their urban/rural designation is never released to the public. The 
proportion of urban population is sometimes reported, but usually at the 
Admin-1 or national level only. Second, the target population can vary signifi
cantly across indicators, and the total population of a country may not be a 
good proxy for it. For example, when estimating ANC4þ coverage, the target 
population consists of women who had a recent birth or stillbirth, while for 
estimating the neonatal mortality rate, the target population consists of all 
births within the relevant time period. Therefore, these aggregation fractions 
need to be carefully specified and estimated from external data sources.

Reconstructing qi forms a line of research on its own. One recent proposal 
using classification models to reconstruct urban/rural partitions can be found 
in Wu and Wakefield (2024). Here we adopt a simple thresholding approach 
that does not require sophisticated model tuning or high-quality external data. 
The approach relies on the simplifying assumption that the urban locations 
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have higher population density than the rural locations. The process consists 
of the following steps:

(1) Identify the year when the sampling frame was defined (usually the last 
census). Denote this year as T0, and the year the survey took place as T. 
Obtain the total population raster for the country at year T0 from sources 
such as WorldPop (Tatem 2017). 

(2) For each Admin-1 area, use the population raster to identify a threshold 
such that the proportion of the population living in pixels with higher pop
ulation density matches the reported fraction of urban population in this 
area at T0. These reported fractions can usually be found in the survey 
report. The pixels with population above the corresponding threshold form 
the spatial partition of urban areas. 

(3) Identify the age-sex-specific sub-population with the closest match to the 
target population at year T. For example, for ANC4þ, we use the female 
population of age 15-49 as the proxy target population from the 2022 
gridded population estimates for Kenya (Gadiaga et al. 2023). 

(4) Use the pixel-level population map of this sub-population at year T and 
the urban partition to compute the fraction of the target population residing 
in the area designated as urban at year T. 

Given the complexity of constructing the aggregation weights, in practice, 
we recommend first fitting both the unstratified and stratified models without 
aggregation. The urban- and rural-specific estimates from the stratified 
model allow one to gauge how sensitive the aggregated results are regarding 
the unknown urban fraction. If the log odds ratio associated with urban/rural, 
γ, is estimated to be very close to 0, the aggregated results will be very simi
lar to the unstratified model regardless of the aggregation weights. In our 
analysis, γ is estimated to be − 0:453 (95 percent credible interval: 
½− 0:564; − 0:343�), which indicates lower coverage of ANC4þ in rural areas 
on average. Given the over-sampling of urban clusters discussed in 
Section 3.1, and the significant association between ANC4þ and urbanicity 
of clusters, the unstratified models are likely to be biased and produce higher 
estimates. This is confirmed in figure 7. Therefore, the stratified model is 
preferred.

Figure 6 shows the estimates produced by the nested cluster-level models 
without covariates. Compared to the Fay-Herriot model, Admin-2 level esti
mates show greater shrinkage towards the Admin-1 average. This is expected 
when data are sparse and do not contain sufficient information for the model 
to deviate from being ‘flat’ within each Admin-1 area. Without the Admin-1 
fixed effect, the estimates are more likely to be shrunk towards the overall 
mean, which produces a map that is too flat. Details of the implementation of 
the area-level covariate models can be found in Section 5.3.1 of the 
Supplementary Materials.
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3.2.5 Cluster-level aggregation with cluster-level covariates.
When cluster-level models are used, the aggregation step becomes more com
plicated, as predictions must be made for both the sampled and unsampled 
clusters. Take the nested stratified model, for example, 

θi ¼
X

c:i½c�¼i

q0c × expitðαa½c� þ γ1c2ruralþ xT
c βþ uiÞ;

where q0c is the proportion of population in the c-th cluster within i-th area. 
Notice that the summation is over all clusters in the population, rather than the 
sampled clusters. In practice, the population frame is almost always unknown 
to researchers, thus the summation over clusters are usually approximated by a 
summation over a fixed set of grids where population and covariate values 
are known. Compared to the models with only area-level covariates in 
Section 3.2.4, stronger modeling assumptions are needed here as the aggrega
tion step requires classifying each pixel as urban or rural, instead of just esti
mating the urban population proportion. We follow the same thresholding 
procedure in Section 3.2.4 to assign urban/rural status to each pixel. Details of 
the implementation of the cluster-level covariate models can be found in 
Section 5.3.1 of the Supplementary Materials.

3.2.6 Inclusion of covariates.
In general, covariates strongly related to the indicator of interest can usually 
improve prevalence estimates. Cluster-level covariates are often more infor
mative than area-level covariates. However, with non-linear models, aggrega
tion requires them to be known for all clusters in the population. In practice, 
this requirement is rarely attained and instead, we require the covariates to be 

Figure 7. Comparing the estimated prevalence using the unstratified and strati
fied models at the Admin-1 level (left) and Admin-2 level (right). Covariates are 
not included in the models.
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available on a grid, which approximates the cluster-level availability but leads 
to a further approximation step when aggregation from cluster to area is car
ried out. We also focus on improving prevalence estimates rather than inter
preting the association between covariates and the outcome. Therefore, while 
some covariates may not be causally related to the outcome of interest, we 
may still choose to include them in the model if they are correlated with the 
outcome. Given the common scarcity of available covariates, we omit the dis
cussion of variable selection in this paper. Often, this step will be carried out 
in a more informal manner and will be strongly based on the availability of 
well-measured covariates. We have a preference for avoiding covariates that 
are the subject of excessive modeling before they are used. Readers who wish 
to examine more formal procedures are referred to procedures in the literature, 
for example, Hoeting et al. (2006), Molina et al. (2019) and Michal et al. 
(2023).

As an illustrative example, we consider four covariates in our analysis: the 
total population (Tatem 2017), night time lights (Rom�an et al. 2018), vegeta
tion index (Didan et al. 2015), and travel time to the nearest healthcare facility 
(Weiss et al. 2020). Both nighttime lights and vegetation index are averaged 
over the period of 2018–2022. We consider both the pixel-level covariates and 
area-level covariates by aggregating them into Admin-1 or Admin-2 level 
averages, weighted by the population at each pixel. The covariates are standar
dized to have mean 0 and unit variance. Figure 8 shows the estimated regres
sion coefficients for Admin-2 level cluster-level models using either area- or 
pixel-level covariates. The signs of the associations between each covariate 
and the outcome are consistent among models. Comparing the two cluster- 
level models, the effects of covariates are slightly attenuated after accounting 
for the urban/rural designation of the clusters. Figure 9 shows that the final 
Admin-2 level estimates do not change much with the inclusion of covariates, 
which has also been found in other work (see e.g. Wakefield et al. (2019)). 
However, we would rather explain between-area differences in terms of cova
riates when possible. We emphasize that the four predictors in this analysis are 
chosen primarily for illustration, and more future work, both methodological 
and through practical examples, is required with respect to covariate choice 
and modeling.

3.3 Stage 3: Model Evaluation and Estimate Comparison

Evaluating and comparing estimates from different models is an important 
step in producing small area statistics. It is often helpful to first rule out models 
that are inappropriate to use. While not exhaustive, we find the following steps 
often provide a useful path towards this goal.

(1) Are there sufficient data? Areas without samples cannot produce a direct 
estimate. Thus, if too many areas have no data or only sparse data, direct 
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estimates will contain many missing values. Consequently, estimates of 
Fay-Herriot models are also less trustworthy, as they rely heavily on ran
dom effects and covariates to impute the prevalence of those areas. This is 
more likely to occur when modeling at fine resolutions, and in this sce
nario, cluster-level models may be the only viable approach. It may also 
be reasonable to consider adjusting the target resolution of the estimates if 
data are highly sparse, since one must accept that below a certain level of 
data availability, no model can resuscitate the analysis. 

(2) Are estimates consistent with other models when aggregated to the 
national and the Admin-1 level? When data are abundant, different meth
ods should lead to similar estimates. For example, if there exist systematic 
differences between the national estimates, the smoothing model needs to 
be examined closely. As examples, the difference may be due to incorrect 
model implementation or specification, inappropriate covariates or exter
nal information (e.g. in aggregation of a unit-level model), or informative 
sampling not being properly accounted for. This diagnostic, however, is 
not sufficient to conclude a model is reliable. Models with systematic bias 
may still provide consistent aggregated estimates if the area-level biases 
cancel out. 

(3) Are the estimates over-smoothed? Over-smoothing usually happens when 
observed data is sparse or when the model is misspecified. Severe over- 
smoothing can usually be identified by comparing the model-based esti
mates against another model or direct estimates through scatter plots. 
Figure 10 compares the point estimates of three smoothing models against 
the direct estimates. Usually, we expect the shrinkage of smoothed esti
mates to lead to the point cloud showing a tilted (attenuated towards the 

Figure 8. Comparing the estimated mean and 95 percent credible intervals of the 
coefficients of the fixed effects in the three models at both Admin-1 and Admin-2 
levels.
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national prevalence) pattern, with more shrinkage in models of higher res
olution. Another useful check of over-smoothing is by comparing the var
iation in estimates against a more reliable model at a coarser level. 
Consider a set of prevalence estimates, θi, for Admin-2 areas, we can cal
culate the posterior distribution of v¼ 1

M − 1

PM
i¼1 ðθi −�θÞ2. We then com

pare this with the same Admin-2 summary statistic computed from an 
Admin-1 model, where the prevalences in all Admin-2 areas nested within 
the same Admin-1 area are assumed to be constant. If the Admin-2 model 
has significantly smaller variation, over-smoothing is likely present. In our 
example, if we populate Admin-2 prevalence with the Admin-1 Fay- 
Herriot model, the estimated v is 0.0122 (95% credible interval: (95% 
credible interval: [0.0096, 0.0147]). For the stratified nested model at 
Admin-2, v is estimated to be 0.0161 (95% credible interval: [0.0136, 

Figure 9. Comparing Admin-2 level model with and without area-level covari
ates (left) and unit-level covariates (right) in terms of the estimated prevalence 
for the nested models that do not account for urban/rural stratification (top row) 
and nested and stratified model (bottom row).
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0.0187]), indicating the Admin-2 model indeed produces more variation 
than Admin-1 alternatives. 

(4) Are the uncertainties too large to be useful? Government agencies often 
require certain precision when reporting estimates. For example, Statistics 
Canada has guidelines for area-level estimates, specified with respect to 
the coefficient of variation (CV) (Cloutier and Langlet 2014). Areas with 
CV less than 16.7% can be used without restriction. Other metrics, for 
example, width of uncertainty intervals, may also be used, and the choice 
of threshold for any metric is context-specific. For Admin-1 modeling in 
our example, direct estimates are probably good enough with reasonable 
uncertainty intervals and CVs, as can be seen in figure 5. Further modeling 
may not provide much gain in practice. For Admin-2 modeling, as can be 
observed in figure 6, smoothed estimates are usually necessary to obtain 
the desired precision. 

(5) Are model parameters reasonably estimated? It is a good practice to visu
alize and check the model components of a smoothing model to confirm 
that the model is free from numerical or computational issues. Figure 11
shows the estimated Admin-1 intercepts and Admin-2 random effects for 
the nested stratified cluster-level model. The Admin-2 random effects 
have much smaller magnitude than the Admin-1 fixed effects, as expected 
due to data sparsity. 

(6) Which final model to report? When multiple models pass these previous 
checks, it is often of interest to pick a final model to report. General 

Figure 10. Comparing point estimates of the three smoothed models against the 
direct estimates. Top row: Admin-1 estimates. Bottom row: Admin-2 estimates. The 
red triangles correspond to areas where direct estimates cannot be computed.
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guidelines for model comparison metrics are far from well-established and 
are an open area of ongoing research in the SAE literature. The gold- 
standard of model comparison is to compare the estimates with external 
‘truth’, usually the census (Merfeld et al. 2022, 2024), but for many indi
cators in LMICs, such information is rarely available. Therefore, model 
performance is commonly assessed with simulations that are either model- 
based, that is, samples are generated from a pre-specified true model, or 
design-based, that is, re-sampled from a fixed population (see e.g. Torabi 
and Rao 2008; Molina and Rao 2010). Different methods can be used to 
estimate the prevalence on the replicate samples and be compared against 
the truth (Tzavidis et al. 2018). However, population data are also rarely 
available to researchers outside of the national statistical agencies. 
Another common practice is leaving some areas out of the model fitting 
process and evaluating the out-of-sample predictive performance on those 
areas (Pfeffermann 2013). Merfeld et al. (2024) argues that cross valida
tion is usually the second-best option after census validation, though the 
best practice to implement cross validation is unclear in the literature. 

3.4 Stage 4: Summarization and Visualization

In addition to numerical summaries, it is essential to develop visualization 
pipelines that enable practitioners to easily interpret the large number of model 
outputs. The interval plot in figure 4 and choropleth map in figures 5 and 6 are 
the most natural tools to examine the estimates and their uncertainties. The 
ridge plot in figure 12 provides another useful and more detailed view of the 
posterior marginal distributions of the estimates. A common theme behind 

Figure 11. Posterior mean of the Admin-1 fixed effects and Admin-2 random 
effects in the nested stratified model without covariates.
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these graphical summaries is the high uncertainty of the prevalence estimates. 
This is unavoidable, given limited data, but it has important implications for 
the interpretation of the results. For example, figure 12 shows a large number 
of counties with similar distributions of ANC4þ coverage, between 50 percent 
and 70 percent. Naively ranking these areas by their point estimates while 
ignoring such uncertainty could produce misleading results. As the number 
of areas in consideration becomes larger, all of these plots can be difficult to 
examine visualy. Web-based interactive visualizations can be very useful.

In terms of model comparison, scatter plots such as figures 9 and 10 are use
ful in identifying potential over-smoothing. Figure 13 further provides a more 
concise summary of estimates at different levels by combining point estimates 
at both Admin-1 and Admin-2 levels. The plot provides a useful visual check 
of whether Admin-2 level models lead to estimates that are reasonably consis
tent with the estimates based on Admin-1 level models. The shrinkage of 
Admin-2 estimates, however, should not be interpreted as a lack of variation 
within any given Admin-1 areas, but rather it indicates the lack of information 
in the data that allows us to capture such variation reliably. Similar cautions 
should be taken in interpreting the ‘flat’ map of point estimates in figure 6.

Lastly, the posterior distribution of the prevalence are usually the input to 
compute other quantities of interest. For example, exceedance probabilities, 
that is, the probability that the prevalence of a given area exceeds certain 

Figure 12. Ridge plot of the posterior distributions of the Admin-1 prevalence, 
based on the stratified cluster-level model.
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thresholds, are often used to assess progress towards specific targets. 
Figure 14 shows the posterior probability of ANC4þ coverage exceeding the 
70 percent goal (Macharia et al. 2022), for each Admin-1 and Admin-2 area 
under the stratified nested cluster-level model. The striking band of red in the 
north and east is largely due to the great rurality of these regions of Kenya (see 
Figure 2), and the general lack of health facilities (where women would travel 
for ANC visits) and increased travel times, which are an obvious deterrent.

4. DISCUSSION

In this paper, we propose a general workflow for mapping the prevalence of a 
binary outcome using household survey data in LMICs. The workflow is illus
trated through an example estimating the subnational ANC4þ coverage in 
Kenya. The workflow includes steps to assess data availability and how they 
are collected, fitting a series of prevalence mapping models, model evaluation 
and comparison, and visualization and summarization. Throughout the discus
sion, we focus on the comparison of strengths and limitations across models, 
as well as potential adaptations to other contexts with varying data 
availability.

There are tasks in each of the steps where clear-cut recommendations can
not be provided. Careful analysis and reasoning remain indispensable, and one 
must never forget the context of the data in question, with local knowledge 

Figure 13. Point estimates of prevalence from different models. Blue points corre
spond to estimates from Admin-2 level models, and red points correspond to estimates 
from Admin-1 level models. The Admin-2 level estimates are grouped by their 
Admin-1 level membership. For the smoothing models, the Admin-1 estimates are 
produced by fitting a separate model and are not directly aggregated from Admin-2 
level results.
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being invaluable. In addition, the survey considered in this paper includes a 
reasonable number of samples. For smaller surveys, mapping the prevalence 
at fine geographic resolution can be more challenging and require careful 
model development, checking, and evaluation. We emphasize that this work
flow should be treated as a baseline analysis pipeline to assist analysts in fur
ther adaptations and extensions.

There are many open questions and challenges in prevalence mapping. On 
the methodological side, more work needs to be done to connect the SAE and 
geostatistical approaches. The stratified cluster-level model in our workflow is 
one example of utilizing flexible spatial models at the unit level while account
ing for the sampling design. Model evaluation and comparison frameworks 
are ever more critical with these flexible models. The workflow discussed in 
this paper focuses on one binary indicator from a single household survey. 
The same principles extend to modeling more complex indicators, joint model
ing of multiple related indicators, and modeling multiple surveys, for example, 
mapping child mortality in space and time (Mercer et al. 2015). More complex 
models are needed to borrow information across the additional dimensions 
effectively, and further modeling considerations, such as seasonality of the 
covariates and outcomes, may be needed, particularly when modeling at finer 
spatial and temporal scales. Finally, a major goal of this paper on workflow is 
to enable the prevalence mapping models and tools to be accessible to 
researchers and analysts in LMICs so that they can analyze their own data to 
answer their specific questions of priority, rather than having to rely on esti
mates that are often difficult to reproduce. Understanding the limitations of the 
models and the uncertainties of the estimates is critical in designing better and 
more targeted data collection schemes in LMICs.

Figure 14. Probability of prevalence exceeding 70 percent in each Admin-1 
area (left) and Admin-2 area (right) using the nested stratified cluster-level 
model.
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SUPPLEMENTARY MATERIALS

Supplementary materials are available online at academic.oup.com/jssam.

DATA AVAILABILITY

The DHS dataset used in this paper can be obtained using the script provided in 
the Supplementary Material after registering with the DHS program for data 
access. All results can be reproduced following the script in the Supplementary 
Materials.
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