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Abstract 

Malaria interventions depend critically on accurate estimates of the target population, yet discrep-

ancies between household enumeration and modeled population products may result in eligible 

children being missed by prevention programs. This study developed a ward-level geospatial 

framework to identify children at risk of exclusion from malaria interventions and prioritize loca-

tions for chemoprevention investments in Sokoto State, Nigeria. Household microcensus data from 

35,204 settlements, GRID3 settlement records, WorldPop 2025 population estimates, malaria sur-

veillance indicators, malaria transmission metrics, healthcare accessibility variables, and monthly 

underfive malaria mortality records (2014–2024) were integrated via spatial analysis and mul-

ticriteria modeling. Household enumeration identified 762,317 underfive children, whereas 

WorldPop estimated 911,358 children, representing an excess of 149,041 children (19.6%). De-

nominator uncertainty was spatially heterogeneous, with a median absolute percentage difference 

of 41.6% between household-enumerated and WorldPop-derived underfive population estimates. 

The chemoprevention priority index (CPI), which integrates malaria burden, treatment and 

healthcare access deficits, child vulnerability, denominator uncertainty, and settlement complexity, 

identified high-priority wards concentrated in Gada, Wamakko, Tambuwal, Isa, and Kware LGAs. 

Dukamaje (Gada LGA) recorded the highest CPI score (100), followed by Gilbadi (97.7) and 

Kaura (92.8). These findings demonstrate that integrating operational microcensus data with geo-

spatial population models can support geographically targeted investments in seasonal malaria 

chemoprevention, perennial malaria chemoprevention, malaria vaccination, and broader child 

survival programs. 

Keywords: seasonal malaria chemoprevention; missed children; denominator uncertainty; preci-

sion public health; geospatial targeting 
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1. Introduction 

Malaria remains one of the leading causes of morbidity and mortality among children under 

five years of age in sub-Saharan Africa, accounting for approximately 94% of the global malaria 

burden [1]. Nigeria contributes the largest share of global malaria deaths and cases, with northern 

Nigeria experiencing particularly high transmission intensity and underfive mortality [1,2]. Despite 

substantial investments in insecticide-treated nets (ITNs), seasonal malaria chemoprevention 

(SMC), malaria vaccines, and artemisinin-based therapies, malaria continues to impose a consider-

able burden on children because of persistent inequalities in healthcare access, immunization cov-

erage, and service delivery [3,4]. 

Effective malaria interventions require accurate estimates of the target population. The cov-

erage estimates for SMC, perennial malaria chemoprevention (PMC), malaria vaccination, and rou-

tine immunization depend critically on reliable underfive population denominators [5]. However, 

administrative projections, household enumeration, and gridded population products often provide 

substantially different estimates, leading to uncertainty in program planning and evaluation [6,7]. 

Several studies have demonstrated that discrepancies between household-based and modeled pop-

ulation estimates can influence intervention coverage estimates and resource allocation, particularly 

in rural and underserved areas [8–10]. 

Recent advances in geospatial population modeling, particularly through WorldPop, have im-

proved the availability of high-resolution demographic information for public health applications 

[11]. Nevertheless, debate persists regarding the suitability of modeled population products for op-

erational microplanning, especially where settlement patterns are heterogeneous and population 

mobility is high [12,13]. Integrating household microcensus data with geospatial population models 

therefore offers an opportunity to quantify denominator uncertainty and identify locations where 

eligible children may be missed by malaria interventions. 

Sokoto State, located in northwestern Nigeria, experiences highly seasonal malaria transmis-

sion and continues to report a substantial malaria burden among children under five years of age 

[14]. Although the state has implemented SMC, routine immunization, malaria case management, 

and malaria vaccination programs, marked spatial variation exists in healthcare accessibility, set-

tlement distribution, and child health outcomes across wards and local government areas (LGAs) 

[15]. Previous studies have largely examined malaria burden, immunization coverage, or healthcare 

accessibility separately [16,17], but limited attention has been given to denominator uncertainty 

and its implications for geographically targeted malaria interventions [18]. 

This study addresses these gaps by developing a ward-level geospatial framework for identi-

fying children who may be missed by malaria interventions in Sokoto State. Specifically, the study 

aimed to (i) quantify denominator uncertainty by comparing household-enumerated and raster-de-

rived underfive population estimates and identify wards with a high likelihood of missing eligible 

children and (ii) develop a chemoprevention priority index (CPI) integrating malaria burden, treat-

ment and healthcare access deficits, child vulnerability, denominator uncertainty, and settlement 

complexity to prioritize wards for malaria intervention investments. The results provide evidence 

for geographically targeted investments in seasonal malaria chemoprevention, perennial malaria 

chemoprevention, malaria vaccination, and broader child survival programs in high-burden set-

tings. 

2. Materials and methods 

2.1 Study area 

Sokoto State is located in northwestern Nigeria between latitudes approximately 11°00′N and 

14°00′N and longitudes 3°30′E and 6°54′E (Figure 1). The state covers an area of approximately 

25,973 km² and is administratively divided into 23 local government areas (LGAs): Binji, Bodinga, 

Dange Shuni, Gada, Goronyo, Gudu, Gwadabawa, Illela, Isa, Kebbe, Kware, Rabah, Sabon Birni, 

Shagari, Silame, Sokoto North, Sokoto South, Tambuwal, Tangaza, Tureta, Wamakko, Wurno, and 
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Yabo. Sokoto, comprising Sokoto North and Sokoto South LGAs, serves as the state capital and 

the principal urban center. 

The state lies predominantly within the Sudan savanna ecological zone and is characterized 

by a semiarid tropical climate with pronounced wet and dry seasons. The rainy season generally 

extends from May to October, whereas the dry season lasts from November to April. The mean 

annual rainfall ranges from approximately 500–900 mm, decreasing from the southern to the north-

ern parts of the state. The mean annual temperatures range from approximately 27°C to 34°C, with 

daytime temperatures frequently exceeding 40°C during the hot dry season. 

Malaria transmission in Sokoto State is highly seasonal and is predominantly caused by Plas-

modium falciparum. The transmission intensity increases substantially during and immediately af-

ter the rainy season because of favorable environmental conditions for mosquito breeding and sur-

vival. Despite sustained malaria control interventions, including insecticide-treated nets (ITNs), 

seasonal malaria chemoprevention (SMC), malaria case management with artemisinin-based com-

bination therapies (ACTs), and routine immunization programs, the state continues to experience a 

substantial malaria burden among children under five years of age. Furthermore, spatial disparities 

in healthcare accessibility, settlement distribution, immunization coverage, and socioeconomic 

conditions contribute to considerable heterogeneity in child health outcomes across wards and 

LGAs. 

 

Figure 1. Location of Sokoto State in Nigeria and the distribution of the 23 local government areas (LGAs) 

included in this study. The map was produced by the authors via R version 4.5.1, and administrative boundary 

data were obtained from OCHA Nigeria. 

Sokoto State was selected for this study because it represents a high-burden malaria setting 

where multiple complementary datasets are simultaneously available at fine spatial resolution. 

2.2 Study design 

To provide a clear overview of the analytical workflow, Figure 2 presents the conceptual 

framework adopted in this study. The framework integrates household microcensus records, 

GRID3 settlement data, WorldPop population estimates, malaria surveillance indicators, healthcare 

accessibility metrics, and ward-level administrative boundaries to identify children at risk of being 

missed by malaria interventions and to prioritize wards for chemoprevention investments. The anal-

ysis was implemented in two sequential stages. First, ward-level denominator uncertainty was 

quantified by comparing household-enumerated underfive populations with raster-derived 
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WorldPop estimates and integrating immunization vulnerability indicators to identify wards with a 

high likelihood of missing eligible children. Second, a chemoprevention priority index (CPI) was 

developed by combining malaria burden, treatment and healthcare access deficits, child vulnerabil-

ity, denominator uncertainty, and settlement complexity. The resulting framework provides an op-

erational decision-support system for identifying wards where large child populations, high malaria 

burdens, poor treatment access, and immunization deprivation converge, thereby supporting geo-

graphically targeted investments in seasonal malaria chemoprevention (SMC), perennial malaria 

chemoprevention (PMC), malaria vaccination, and community-based child survival programs in 

Sokoto State. 

 

Figure 2. Conceptual framework illustrating the integration of household microcensus data, geospatial popu-

lation models, malaria surveillance indicators, and healthcare accessibility metrics for identifying wards with 

missing children and prioritizing malaria chemoprevention investments in Sokoto State, Nigeria. 

2.2 Data used 

Table 1 summarizes the datasets used in this study, including household microcensus records, 

GRID3 settlement data, gridded population estimates, malaria surveillance indicators, malaria 

transmission metrics, healthcare accessibility variables, and socioeconomic proxies. Household mi-

crocensus and WorldPop 2025 datasets provide independent estimates of the underfive population 

and are used to quantify denominator uncertainty and identify wards where eligible children may 

be missed by malaria interventions. Monthly underfive malaria deaths from RHIS/DHIS2 (2014–

2024) were used to characterize historical mortality patterns and derive the predicted 2025 under-

five malaria mortality burden. Malaria transmission intensity was represented via indicators from 

the Malaria Atlas Project, including parasite prevalence, infection intensity, mortality burden, clin-

ical incidence, and clinical malaria burden. Severe malaria cases, treatment coverage, and the Ac-

cessibility-Adjusted Treatment Gap Index (AATGI) were incorporated to characterize treatment 

deficits and healthcare system performance. GRID3 settlement locations, health facility distribu-

tions, and nighttime light intensity were included to represent settlement complexity, healthcare 

accessibility, and socioeconomic development, respectively. Ward, LGA, and state administrative 

boundaries were used for spatial aggregation, zonal statistics, and thematic mapping. Collectively, 

these datasets enabled an integrated assessment of denominator uncertainty, child vulnerability, 

malaria burden, and healthcare access to identify wards requiring priority investments in seasonal 

malaria chemoprevention (SMC), perennial malaria chemoprevention (PMC), malaria vaccination, 

and broader child survival interventions across Sokoto State, Nigeria. 
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Table 1 Data Summary 

Data Name Data Type Purpose Source 

Household Microcensus Vector (Point) Enumeration Data Sett.Microcensus [19] 

GRID3 Settlements Vector (Point) Characterization of settlement distribution and 

settlement complexity 

GRID3 [20] 

Household-Enumerated 

Under-Five Population 

Aggregated Ward 

Indicator 

Operational denominator for malaria interven-

tions and child vulnerability assessment 

Derived from Settlement 

Microcensus [19] 

Raster-Derived Under-

Five Population (2025) 

Raster (100 m) Modeled denominator for comparison with 

household enumeration and estimation of de-

nominator uncertainty 

WorldPop [21] 

Raster-Derived Total 

Population (2025) 

Raster (100 m) Population contextualization and comparison 

with operational estimates 

WorldPop [21] 

Monthly Under-Five Ma-

laria Deaths (2014–2024) 

Vector (LGA, 

monthly time se-

ries) 

Historical mortality analysis and prediction of 

2025 underfive malaria mortality 

RHIS/DHIS2 [18] 

Severe Malaria Cases Vector (LGA) Estimation of malaria burden RHIS/DHIS2 [18] 

Severe Malaria Treated 

with Artesunate 

Vector (LGA) Assessment of treatment coverage and treatment 

gaps 

RHIS/DHIS2 [18] 

RI Zero-Dose Children Aggregated Ward Assessment of immunization deprivation Sett.Microcensus [19] 

RI Zero-Dose Rate (U5) Derived Indicator Childhood immunization vulnerability Sett.Microcensus [19] 

Not Vaccinated Children Aggregated Ward Assessment of immunization exclusion Sett.Microcensus [19] 

Not Vaccinated Rate 

(U5) 

Derived Indicator Quantification of immunization deprivation Sett.Microcensus [19] 

Fully Vaccinated Rate Derived Indicator Assessment of immunization performance Sett.Microcensus [19] 

Health Facilities Vector Healthcare service availability GRID3 [20] 

PfPR 2024 Raster Plasmodium falciparum parasite prevalence Malaria Atlas [22] 

PfIR 2024 Raster Plasmodium falciparum infection intensity Malaria Atlas [22] 

PfMR 2024 Raster Plasmodium falciparum mortality burden Malaria Atlas [22] 

PfIC 2024 Raster Clinical malaria incidence Malaria Atlas [22] 

PfMC 2024 Raster Clinical malaria burden Malaria Atlas [22] 

VIIRS Nighttime Lights Raster Proxy socioeconomic dev. In addition, urbaniza-

tion 

NOAA VIIRS [23] 

Admin. Boundaries Vector Spatial aggregation, zonal statistics. OCHA Nigeria [24] 

Abbreviations: RI = Routine Immunization; U5 = Under-Five Children; AATGI = Accessibility-Adjusted Treatment Gap Index; 

PfPR = Plasmodium falciparum Parasite Rate; PfIR = Plasmodium falciparum Infection Rate; PfMR = Plasmodium falciparum 

Mortality Rate; PfIC = Plasmodium falciparum Incidence Cases; PfMC = Plasmodium falciparum Malaria Cases; RHIS = Rou-

tine Health Information System; DHIS2 = District Health Information System 2; GRID3 = Georeferenced Infrastructure and De-

mographic Data for Development; VIIRS = Visible Infrared Imaging Radiometer Suite. 

2.3 Identification of Wards with Missed Under-Five Children and Denominator Uncertainty 

Objective 1 aimed to identify wards where underfive children are most likely to be missed by 

malaria interventions because of population denominator uncertainty and weak healthcare access. 
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Household microcensus settlement points were spatially joined to ward polygons via a point-in-

polygon operation, avoiding any attribute-based matching of settlement or ward names. The enu-

merated underfive population, household counts, zero-dose children, nonvaccinated children, and 

travel time indicators were aggregated to the ward level via summation or mean statistics. 

Ward-level underfive population estimates from household enumeration (𝑈5𝑖
𝑒𝑛𝑢𝑚) were com-

pared with raster-derived estimates from the 2025 WorldPop underfive population raster (𝑈5𝑖
𝑊𝑃). 

The denominator discrepancy was calculated as follows: 

Δ𝑈5𝑖 = 𝑈5𝑖
𝑊𝑃 − 𝑈5𝑖

𝑒𝑛𝑢𝑚 (1) 

and the relative discrepancy was computed as: 

%Δ𝑈5𝑖 =
𝑈5𝑖

𝑊𝑃 − 𝑈5𝑖
𝑒𝑛𝑢𝑚

𝑈5𝑖
𝑒𝑛𝑢𝑚 × 100 (2) 

To quantify uncertainty in ward-level target populations, a denominator uncertainty score 

(DUS) was derived from the absolute percentage discrepancy after min–max normalization: 

𝐷𝑈𝑆𝑖 = 100 ×
∣ %Δ𝑈5𝑖 ∣ −min(∣ %Δ𝑈5 ∣)

max(∣ %Δ𝑈5 ∣) − min(∣ %Δ𝑈5 ∣)
 (3) 

where 𝐷𝑈𝑆𝑖  ranges from 0 (lowest uncertainty) to 100 (highest uncertainty). 

Ward-level immunization vulnerability indicators were calculated as follows: 

𝑅𝐼𝑍𝐷𝑖 =
𝑍𝐷𝑖

𝑈5𝑖
𝑒𝑛𝑢𝑚 × 100 (4) 

𝑁𝑉𝑖 =
𝑁𝑉𝑖

𝑈5𝑖
𝑒𝑛𝑢𝑚 × 100 (5) 

𝐹𝑉𝑖 =
𝐹𝑉𝑖

𝑈5𝑖
𝑒𝑛𝑢𝑚 × 100 (6) 

where 𝑍𝐷𝑖 , 𝑁𝑉𝑖, and 𝐹𝑉𝑖  represent the number of RI zero-dose, not vaccinated, and fully 

vaccinated children in ward 𝑖, respectively. 

A missed child risk score (MCRS) was then developed to identify wards where vulnerable 

children are most likely to be excluded from malaria interventions: 

𝑀𝐶𝑅𝑆𝑖 = 0.35𝑁(𝑈5𝑖
𝑒𝑛𝑢𝑚) + 0.25𝐷𝑈𝑆𝑖 + 0.20𝑁(𝑅𝐼𝑍𝐷𝑖) + 0.20𝑁(𝑁𝑉𝑖) (7) 

where 𝑁(⋅) denotes min–max normalization to a 0–100 scale. Higher values indicate wards 

with larger underfive populations, greater denominator uncertainty, and higher immunization vul-

nerability. 

An access-adjusted formulation was also computed by incorporating the average travel time 

to healthcare facilities: 

𝐴𝑀𝐶𝑅𝑆𝑖 = 0.30𝑁(𝑈5𝑖
𝑒𝑛𝑢𝑚) + 0.25𝐷𝑈𝑆𝑖 + 0.20𝑁(𝑅𝐼𝑍𝐷𝑖) + 0.15𝑁(𝑁𝑉𝑖) + 0.10𝑁(𝑇𝑇𝑖) (8) 

where 𝑇𝑇𝑖  is the mean travel time in ward 𝑖. Wards were subsequently classified into five 

categories (very low, low, moderate, high, and very high) on the basis of quintile thresholds. 

2.3 Development of a Ward-level chemoprevention priority index 

Objective 2 developed a chemoprevention priority index (CPI) to identify wards requiring 

urgent investment in seasonal malaria chemoprevention (SMC), perennial malaria chemopreven-

tion (PMC), and other child survival interventions. The CPI integrates the malaria burden, treatment 

deficits, child vulnerability, denominator uncertainty, and settlement complexity. 

The malaria burden component (𝑀𝑖) was estimated as: 

𝑀𝑖 = 0.25𝑁(𝑃𝑓𝑃𝑅𝑖) + 0.20𝑁(𝑃𝑓𝑀𝑅𝑖) + 0.20𝑁(𝑃𝑓𝑀𝐶𝑖) + 0.20𝑁(𝐴𝐴𝑇𝐺𝐼𝑖) + 0.15𝑁(𝐷𝑖
2025) (9) 
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where 𝑃𝑓𝑃𝑅𝑖, 𝑃𝑓𝑀𝑅𝑖, and 𝑃𝑓𝑀𝐶𝑖denote parasite prevalence, malaria mortality burden, and 

clinical malaria burden, respectively; 𝐴𝐴𝑇𝐺𝐼𝑖  is the Accessibility-Adjusted Treatment Gap Index; 

and 𝐷𝑖
2025 is the predicted underfive malaria mortality for 2025 derived from historical mortality 

records (2014–2024). 

The treatment and healthcare access deficit component (𝐴𝑖) was computed as: 

𝐴𝑖 = 0.35𝑁(𝑇𝐺𝑖) + 0.25𝑁(𝑇𝐺𝑅𝑖) + 0.25𝑁(𝐻𝐹𝑖
−1) + 0.15𝑁(𝑁𝑇𝐿𝑖

−1) (10) 

where 𝑇𝐺𝑖 represents the treatment gap, 𝑇𝐺𝑅𝑖 represents the treatment gap rate, 𝐻𝐹𝑖 repre-

sents the health facility density, and 𝑁𝑇𝐿𝑖 represents the nighttime light intensity used as a proxy 

for socioeconomic development. 

The child vulnerability component (𝑉𝑖) was defined as: 

𝑉𝑖 = 0.35𝑁(𝑈5𝑖
𝑒𝑛𝑢𝑚) + 0.25𝑁(𝑅𝐼𝑍𝐷𝑖) + 0.25𝑁(𝑁𝑉𝑖) + 0.15𝑁(𝐹𝑉𝑖

−1) (11) 

where 𝐹𝑉𝑖  is the fully vaccinated proportion of children under five. 

The settlement complexity (𝑆𝑖) was estimated as: 

𝑆𝑖 = 0.65𝑁(𝐺𝑅𝐼𝐷3𝑖) + 0.35𝑁(𝑀𝑆𝑖) (12) 

where 𝐺𝑅𝐼𝐷3𝑖  represents the number of GRID3 settlements and where 𝑀𝑆𝑖 represents the 

number of microcensus settlements in ward 𝑖. 

The final chemoprevention priority index was computed as follows: 

𝐶𝑃𝐼𝑖 = 0.30𝑀𝑖 + 0.25𝐴𝑖 + 0.20𝑉𝑖 + 0.15𝐷𝑈𝑆𝑖 + 0.10𝑆𝑖 (13) 

The CPI was normalized to a 0–100 scale: 

𝐶𝑃𝐼𝑖
0−100 = 100 ×

𝐶𝑃𝐼𝑖 −min(𝐶𝑃𝐼)

max(𝐶𝑃𝐼) − min(𝐶𝑃𝐼)
 (14) 

Wards were subsequently classified into five priority classes (very low, low, moderate, high, 

and very high). In addition, an equal-weight sensitivity analysis was conducted: 

𝐶𝑃𝐼𝑖
𝐸𝑊 =

𝑀𝑖 + 𝐴𝑖 + 𝑉𝑖 + 𝐷𝑈𝑆𝑖 + 𝑆𝑖
5

 (15) 

and rank differences between weighted and equal-weight formulations were computed to as-

sess the robustness of ward prioritization. Operational profiles were further developed to charac-

terize wards with overlapping malaria burdens, treatment deficits, denominator uncertainty, and 

child vulnerability, thereby providing evidence for geographically targeted malaria chemopreven-

tion investments. 

3. Results 

3.1 Ward-level denominator uncertainty and missed underfive children 

Household microcensus records from 35,204 settlements were spatially aggregated to 244 

wards across Sokoto State, producing an integrated database of underfive (U5) populations, im-

munization indicators, settlement distributions, travel times, and WorldPop-derived U5 estimates. 

Overall, household enumeration identified 762,317 underfive children, whereas the WorldPop 2025 

raster estimated 911,358 children, representing an excess of 149,041 children (19.6%) relative to 

the microcensus estimate. The mean absolute percentage difference between the two datasets was 

255.8%, with a median absolute difference of 41.6%, indicating substantial spatial heterogeneity 

in denominator uncertainty across wards. 

Figure 3a and Figure 3b illustrate the spatial distributions of household-enumerated and raster-

derived underfive populations, respectively. Large concentrations of children were observed in the 

urban and peri-urban wards of Isa, Gada, Kware, Sokoto North, Sokoto South, and Tambuwal 

LGAs. The ward Isa South (Isa LGA) recorded the highest number of household-enumerated un-
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derfive populations (22,062 children), followed by Dukamaje (Gada LGA; 11,182 children), Gidan 

Rugga More (Kware LGA; 10,897 children), Gada (Gada LGA; 9,835 children), and Sarkin Adar 

Gidan Igwai (Sokoto North LGA; 6,774 children). In contrast, some remote wards, such as Salewa 

(Tangaza LGA), had no enumerated children despite containing 41 GRID3 settlements, suggesting 

possible operational or enumeration gaps. 

 

Figure 3. Multipanel visualization of ward-level denominator uncertainty in Sokoto State: (a) 

Household-enumerated underfive population; (b) WorldPop 2025 underfive population; (c) per-

centage difference between WorldPop and household enumeration; and (d) denominator uncer-

tainty score (DUS). LGA boundaries and names are shown for reference. 

The comparison between household enumeration and WorldPop estimates revealed substan-

tial discrepancies (Figure 3c). In several wards, WorldPop substantially exceeded microcensus es-

timates. The largest discrepancies were observed in Ruwa Wuri (Tangaza LGA), where WorldPop 

estimated 2,921 children compared with only 9 enumerated children, corresponding to a difference 

of 32,358%. Other notable discrepancies occurred in Sakkwai (Tangaza LGA; +2,566%), Soron 

Yamma (Binji LGA; +2,404%), Bachaka (Gudu LGA; +1,727%), and Sutti (Tangaza LGA; 

+1,604%). These wards were consequently classified as having very high denominator uncertainty, 

with WorldPop estimates substantially higher than household enumeration. 

Conversely, several wards presented lower WorldPop estimates than microcensus enumera-

tion did. For example, Kuruwa (Tureta LGA) recorded 1,965 enumerated children compared with 

940 children estimated by WorldPop, corresponding to a 52.2% deficit. Similarly, Gigane (Gwad-

abawa LGA) had 5,045 enumerated children but only 2,998 children in WorldPop, representing a 

40.6% lower estimate. These findings suggest that both underestimation and overestimation of tar-

get populations occur and are spatially clustered rather than randomly distributed. 

The denominator uncertainty score (DUS) further highlighted wards where malaria interven-

tion planning may be particularly sensitive to the choice of denominator (Figure 3d). Wards with 

the highest uncertainty scores included Ruwa Wuri (Tangaza LGA), Sakkwai (Tangaza LGA), So-

ron Yamma (Binji LGA), Bachaka (Gudu LGA), and Sutti (Tangaza LGA). Most of these wards 

were characterized by dispersed settlements, relatively long travel times, and high immunization 
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deprivation, suggesting that denominator uncertainty may be associated with broader operational 

challenges in healthcare delivery. 

To facilitate operational interpretation, wards were categorized according to the agreement 

between household enumeration and WorldPop estimates (Figure 4). Most wards in Tangaza, Binji, 

Gudu, and parts of Sokoto South presented WorldPop estimates substantially higher than household 

enumeration estimates did, whereas wards in Gwadabawa, Tureta, and selected areas of Sabon Birni 

presented lower WorldPop estimates. Wards such as Lajinge (Sabon Birni LGA) showed close 

agreement between the two datasets, with only a 3.1% difference, indicating relatively stable pop-

ulation estimates. 

 

Figure 4. Ward-level enumeration gap classes showing the degree of agreement between 

household-enumerated and WorldPop underfive population estimates. 

The missed children risk score (MCRS), which integrates denominator uncertainty, enumer-

ated the underfive population, the RI zero-dose prevalence, and the nonvaccination rates, identified 

wards where children are most likely to remain unreached by malaria interventions (Figure 5). The 

highest risk score was recorded in Gidan Rugga More (Kware LGA) (MCRS = 51.5), followed by 

Isa South (Isa LGA; 50.4), Dukamaje (Gada LGA; 50.3), Jabo-Kagara (Tambuwal LGA; 50.0), 

and Gilbadi (Gada LGA; 47.0). These wards combine large child populations with high RI zero-

dose prevalence rates and substantial proportions of nonvaccinated children. 

Particularly concerning were Jabo-Kagara (Tambuwal LGA) and Gilbadi (Gada LGA), where 

the RI zero-dose prevalence exceeded 97%, whereas the nonvaccination rates reached 93.8% and 

95.6%, respectively. Similarly, Margai West (Kebbe LGA) presented an RI zero-dose rate of 99.5% 

and a nonvaccination rate of 97.6%, despite having over 2,600 underfive children. These findings 

suggest that large numbers of vulnerable children remain outside routine immunization systems 

and are therefore at risk of being missed during seasonal malaria chemoprevention (SMC), peren-

nial malaria chemoprevention (PMC), and malaria vaccination campaigns. 
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Figure 5. Ward-level missed child risk score (MCRS) integrating denominator uncertainty, 

underfive population size, RI zero-dose prevalence, and immunization deprivation. 

The relationships between the household-enumerated and WorldPop-derived underfive pop-

ulations are further illustrated in Figure 6. Although a positive association was observed between 

the two datasets, several wards deviated markedly from the one-to-one agreement line. Outliers 

such as Ruwa Wuri (Tangaza LGA), Soron Yamma (Binji LGA), Gigane (Gwadabawa LGA), and 

Kuruwa (Tureta LGA) demonstrated that denominator discrepancies are geographically concen-

trated and may substantially influence estimates of intervention coverage, resource requirements, 

and cost-effectiveness. 
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Figure 6. Scatter plot showing the relationship between household-enumerated and WorldPop 

2025 under five population estimates at the ward level. The selected wards with extreme disagree-

ment are annotated by ward and LGA names. The dashed line represents perfect agreement between 

the two datasets. 

Overall, the results demonstrate that denominator uncertainty is substantial and unevenly dis-

tributed across Sokoto State. Wards in Tangaza, Kware, Gada, Isa, Tambuwal, and Binji LGAs 

emerged as priority locations because they simultaneously exhibit high child populations, elevated 

immunization vulnerability, and large discrepancies between enumeration and modeled population 

estimates. These wards are therefore likely to contain substantial numbers of children who may be 

missed by malaria prevention programmes and warrant targeted microplanning, intensified com-

munity enumeration, and increased investment in child survival interventions. 

3.2 Ward-level chemoprevention priority and operational investment gaps 

The chemoprevention priority index (CPI) integrates malaria burden, treatment and access 

deficits, child vulnerability, denominator uncertainty, and settlement complexity to identify wards 

requiring urgent malaria intervention. Across the 244 wards analyzed, the CPI scores ranged from 

0--100, with a mean value of 52.3 (Table Sx). The average contribution of individual components 

was highest for child vulnerability (52.8) and treatment/access deficits (47.2), followed by malaria 

burden (45.1) and settlement complexity (28.5), whereas denominator uncertainty contributed com-

paratively less (0.79) because most wards exhibited moderate agreement between household enu-

meration and WorldPop estimates. 

Spatial patterns of CPI revealed marked heterogeneity across Sokoto State (Figure 7a). The 

highest priority wards were concentrated in Gada, Wamakko, Tambuwal, Isa, Kware, and parts of 

Tangaza LGAs. The ward Dukamaje (Gada LGA) recorded the highest CPI score (100.0), followed 

by Gilbadi (Gada LGA; CPI = 97.7) and Kaura (Wamakko LGA; CPI = 92.8). These wards com-

bined high malaria burdens, substantial treatment gaps, large populations under five, and extensive 

settlement networks, making them prime candidates for intensified malaria chemoprevention pro-

grams. 
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Figure 7. Multipanel representation of the ward-level chemoprevention priority index (CPI) 

in Sokoto State: (a) chemoprevention priority index (0–100); (b) CPI classes; (c) CMP investment 

priority categories; and (d) operational chemoprevention profiles. LGA boundaries and names are 

shown for reference. 

The categorical classification of CPI (Figure 7b) identified a cluster of very high priority 

wards extending from Gada to Wamakko and parts of Tambuwal and Isa LGAs. Overall, the high-

est-ranked wards were Dukamaje (Gada LGA), Gilbadi (Gada LGA), Kaura (Wamakko LGA), Isa 

South (Isa LGA), Jabo-Kagara (Tambuwal LGA), and Gidan Rugga More (Kware LGA). These 

wards simultaneously exhibited elevated RI zero-dose prevalence (>90%), large underfive popula-

tions, and persistent treatment gaps, indicating that current malaria intervention strategies may not 

adequately reach vulnerable children. 

The investment priority map (Figure 7c) further classified wards into operational tiers. Tier 1: 

Urgent CMP priority wards were located predominantly in Gada, Wamakko, Tambuwal, and Isa 

LGAs. Notably, Dukamaje (Gada LGA) included 11,182 underfive children, a treatment gap of 

6,365 severe malaria cases, an RI zero-dose prevalence of 94.4%, and the highest settlement com-

plexity score among all wards. Similarly, Gilbadi (Gada LGA) reported an RI zero-dose prevalence 

of 97.6% and a nonvaccination rate of 95.6%, indicating severe exclusion from preventive services 

despite substantial malaria risk. 

The operational profiles (Figure 7d) revealed that many high-priority wards were character-

ized by a combination of settlement complexity and weak healthcare access. This profile dominated 

the highest-ranked wards, suggesting that dispersed settlements, limited health infrastructure, and 

poor treatment coverage jointly constrain malaria service delivery. Other wards presented mixed 

profiles with relatively lower burdens but persistent child vulnerability, indicating the need for tai-

lored intervention strategies rather than uniform programme expansion. 
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The malaria burden component (Figure 8) highlighted wards where the epidemiological risk 

remains high. Malaria burden scores were greatest in Tureta, Wamakko, and Gada LGAs, reflecting 

high parasite prevalence, malaria mortality burden, and treatment gaps. For example, wards in Tu-

reta LGA inherited a severe malaria burden of 1,812 cases, a treatment gap of 1,631 cases, and an 

Accessibility-Adjusted Treatment Gap Index (AATGI) exceeding 88, indicating substantial unmet 

treatment needs. In contrast, some wards with moderate malaria transmission but poor access still 

ranked highly because of large child populations and immunization deficits. 

 

Figure 8. Spatial distribution of the malaria burden component, integrating parasite preva-

lence, malaria mortality burden, clinical malaria burden, Accessibility-Adjusted Treatment Gap 

Index (AATGI), and predicted underfive malaria mortality for 2025. 

The child vulnerability component (Figure 9) demonstrated that vulnerability was not con-

fined to wards with the highest malaria burden. Wards such as Gigane (Gwadabawa LGA), Isa 

South (Isa LGA), Jabo-Kagara (Tambuwal LGA), and Margai West (Kebbe LGA) presented par-

ticularly high vulnerability because of the large underfive populations combined with high RI zero-

dose and nonvaccination rates. For example, Gigane (Gwadabawa LGA) contained 5,045 underfive 

children, of whom 4,351 (86.2%) were RI zero-doses and 3,038 (60.2%) had never received vac-

cinations. Such wards are likely to contain large numbers of children who remain unreached by 

both malaria and routine immunization programmes. 
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Figure 9. Spatial distribution of the child vulnerability component, integrating the household-

enumerated underfive population, RI zero-dose prevalence, nonvaccination rates, and vaccination 

coverage. 

The treatment and healthcare access deficit component (Figure 10) emerged as the strongest 

determinant of the CPI. Spearman correlation analysis revealed that the CPI was strongly associated 

with the treatment/access deficit component (𝜌 = 0.777), treatment gap (𝜌 = 0.759), and AATGI 

(𝜌 = 0.769), whereas the association with malaria burden was comparatively weaker (𝜌 = 0.495). 

Conversely, the CPI was negatively correlated with health facility density (𝜌 = −0.310), indicating 

that wards with fewer healthcare facilities per capita tend to exhibit higher chemoprevention prior-

ity scores. 

The wards Dukamaje (Gada LGA) and Gilbadi (Gada LGA) exemplify this pattern. Both 

wards inherited high treatment gaps from Gada LGA (6,365 untreated severe malaria cases) while 

simultaneously exhibiting high child vulnerability and extensive settlement networks. Similarly, 

Kaura (Wamakko LGA) combined a treatment gap of 8,459 cases, a high AATGI score (86.7), and 

a large underfive population, resulting in one of the highest CPI scores in the state. 
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Figure 10. Spatial distribution of the treatment and healthcare access deficit component, in-

tegrating treatment gaps, treatment gap rates, health facility density, and nighttime light intensity. 

 

The relative contributions of the five components to the chemoprevention priority index (CPI) 

are summarized in Figure 10b. The child vulnerability component had the highest average contri-

bution (mean = 52.8), followed by the access and treatment deficit component (47.2) and the ma-

laria burden component (45.1). In contrast, the settlement complexity component contributed mod-

erately (28.5), whereas the denominator uncertainty component had the smallest average contribu-

tion (0.79). These results indicate that chemoprevention priorities in Sokoto State are driven pri-

marily by child vulnerability and healthcare access constraints rather than by uncertainty in popu-

lation denominators (Figure 11). 
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Figure 11. Average component scores contributing to the chemoprevention priority index 

(CPI). Child vulnerability and healthcare access deficits were the dominant determinants of the CPI 

across wards, whereas denominator uncertainty contributed relatively little to the overall priority 

score. 

 

Sensitivity analysis comparing weighted and equal-weight CPI formulations demonstrated 

that ward rankings were generally robust (Figure 12). Nevertheless, some wards exhibited notable 

rank shifts. Illela (Illela LGA) improved by 78 positions under equal weighting, whereas Salame 

(Gwadabawa LGA) and Tangaza (Tangaza LGA) improved by 52 and 50 positions, respectively. 

These changes suggest that although treatment and access deficits dominate the weighted CPI, child 

vulnerability and settlement complexity become more influential when all the components are as-

signed equal importance. 
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Figure 12. Rank differences between weighted and equal-weight chemoprevention priority 

index formulations. Positive values indicate wards that rank higher under equal weighting, whereas 

negative values indicate wards that rank lower. 

Overall, the CPI framework identified a distinct set of wards requiring urgent malaria inter-

vention and investment. The highest priority wards Dukamaje (Gada LGA), Gilbadi (Gada LGA), 

Kaura (Wamakko LGA), Isa South (Isa LGA), Jabo-Kagara (Tambuwal LGA), and Gidan Rugga 

More (Kware LGA) represent locations where large child populations, high immunization vulner-

ability, persistent treatment gaps, and operational complexities converge. These wards should 

therefore constitute the primary focus of geographically targeted seasonal malaria chemopreven-

tion, perennial malaria chemoprevention, malaria vaccination, and community-based child survival 

programmes in Sokoto State. 

4. Discussion 

This study developed a ward-level geospatial framework for identifying children who may be 

missed by malaria interventions and prioritizing locations for chemoprevention investments in So-

koto State, Nigeria. The results demonstrate substantial spatial heterogeneity in underfive popula-

tion estimates, malaria burdens, healthcare access, and child vulnerability, supporting the hypoth-

esis that intervention needs are unevenly distributed across wards. Importantly, denominator un-

certainty was not randomly distributed but was concentrated in geographically distinct areas, indi-

cating that conventional population denominators may underestimate or overestimate the number 

of children eligible for malaria interventions in specific locations. 

The comparison between household-enumerated and raster-derived underfive populations re-

vealed considerable discrepancies across wards, with some areas exhibiting substantial positive or 

negative deviations. Similar discrepancies between household enumeration and gridded population 
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products have been reported in other low-resource settings, where settlement fragmentation, sea-

sonal migration, and limitations of census-based modeling contribute to inaccuracies in population 

estimates [26–28]. Although WorldPop and other gridded products have greatly improved the avail-

ability of spatial demographic data, recent studies have emphasized that modeled populations 

should be interpreted cautiously when used for operational microplanning, particularly in sparsely 

populated and rapidly changing environments [29,30]. Our findings extend this evidence by 

demonstrating that denominator uncertainty itself can serve as a useful operational indicator for 

identifying wards where children may be systematically missed by malaria interventions. 

The spatial patterns of malaria burden and healthcare accessibility further support the need 

for geographically targeted interventions. Wards with high malaria burdens often have poor treat-

ment coverage, limited healthcare accessibility, and increased child vulnerability. This observation 

is consistent with previous studies showing that malaria mortality is strongly influenced not only 

by transmission intensity but also by access to diagnosis, treatment, and preventive services [31,32]. 

The inclusion of the Accessibility-Adjusted Treatment Gap Index (AATGI) enabled the identifica-

tion of locations where healthcare systems are least able to respond to malaria burden, thereby 

providing a more comprehensive representation of operational risk than disease burden alone. 

The chemoprevention priority index (CPI) developed in this study integrates five dimensions: 

malaria burden, treatment and healthcare access deficits, child vulnerability, denominator uncer-

tainty, and settlement complexity. The resulting priority rankings highlighted wards where multiple 

disadvantages converge and where investments in seasonal malaria chemoprevention (SMC), per-

ennial malaria chemoprevention (PMC), malaria vaccination, and community-based child health 

programmes are likely to yield the greatest impact. Previous prioritization frameworks have gener-

ally focused on epidemiological indicators or accessibility measures in isolation [33,34]. In con-

trast, the CPI provides a multidimensional approach that simultaneously accounts for disease bur-

den, service delivery constraints, population uncertainty, and demographic vulnerability. 

These findings have important implications for malaria financing and program implementa-

tion. Organizations that emphasize cost-effectiveness and evidence-based allocation of resources 

increasingly require fine-scale information on where interventions can achieve the greatest mar-

ginal benefit [35]. The identification of wards with high denominator uncertainty and elevated CPI 

scores may improve the targeting of SMC, PMC, malaria vaccination, and integrated child survival 

programmes by ensuring that investments are directed toward populations that are both highly vul-

nerable and potentially underserved. In this context, the framework developed here aligns with 

emerging global health strategies that prioritize precision public health and geographically targeted 

interventions [36]. 

Several limitations should be acknowledged. First, malaria mortality data were available only 

at the LGA level and were therefore assumed to represent ward-level conditions within each LGA. 

Second, the analysis relied on WorldPop 2025 population estimates, which are model-based and 

may contain uncertainties associated with census inputs and settlement classification. Third, tem-

poral changes in settlement dynamics and migration were not explicitly modeled. Nevertheless, the 

integration of household microcensus records with gridded population products and malaria sur-

veillance indicators provides a robust basis for operational decision-making and substantially re-

duces the uncertainties associated with reliance on a single data source. 

Future studies could extend this framework by incorporating household travel time to health 

facilities, malaria vaccine coverage, climate variability, and longitudinal microcensus updates. Ma-

chine learning approaches may also be used to predict wards at risk of becoming future hotspots of 

unmet malaria intervention needs. Similar approaches could be applied in other high-burden re-

gions of sub-Saharan Africa to support precision targeting of malaria interventions and optimize 

the allocation of limited public health resources. 
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Data availability statement: Household Microcensus data, including household locations, household-enu-

merated under-five population estimates, routine immunization zero-dose children, not vaccinated children, 

and related vaccination indicators, were obtained through the Nigerian Settlement Microcensus programme. 

These datasets are not publicly available because they contain operational and potentially sensitive geospatial 

information but may be accessed through the implementing agencies subject to data-sharing agreements and 

approval. 

GRID3 settlement and health facility datasets were obtained from the GRID3 Nigeria data repository and are 

publicly available at https://data.grid3.org/. Settlement datasets were used to characterize settlement distribu-

tion and complexity, while health facility datasets were used to assess healthcare service availability. 

Raster-derived under-five population estimates and total population estimates for 2025 were obtained from 

the WorldPop project and are publicly available at https://www.worldpop.org/ and through the WorldPop 

Open Population Repository at https://wopr.worldpop.org/. 

Monthly under-five malaria mortality records (2014–2024), severe malaria cases, and severe malaria cases 

treated with artesunate were obtained from the Nigerian Routine Health Information System (RHIS) through 

the District Health Information System 2 (DHIS2) platform managed by the Federal Ministry of Health. These 

data are not publicly available due to national data governance and confidentiality requirements but may be 

available from the relevant authorities upon reasonable request and approval. 

Malaria transmission and burden indicators for 2024, including Plasmodium falciparum Parasite Rate (PfPR), 

Infection Rate (PfIR), Mortality Rate (PfMR), Clinical Incidence (PfIC), and Malaria Cases (PfMC), were 

obtained from the Malaria Atlas Project and are publicly available at https://malariaatlas.org/explorer/. 

Nighttime light intensity data were obtained from the Visible Infrared Imaging Radiometer Suite (VIIRS) 

Day/Night Band products provided by the National Oceanic and Atmospheric Administration (NOAA) and 

the National Aeronautics and Space Administration (NASA), available at https://eogdata.mines.edu/prod-

ucts/vnl/. 

Administrative boundary datasets for Nigeria were obtained from the United Nations Office for the Coordi-

nation of Humanitarian Affairs (OCHA) Common Operational Datasets and are publicly available at 

https://data.humdata.org/dataset/cod-ab-nga. 

Derived datasets and analytical outputs generated during the study are available from the corresponding author 

upon reasonable request. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

Abbreviation 

 

CPI Chemoprevention Priority Index 

MCRS Missed Child Risk Score 

DUS Denominator Uncertainty Score 

AATGI Accessibility-Adjusted Treatment Gap Index 

SMC Seasonal Malaria Chemoprevention 

PMC Perennial Malaria Chemoprevention 

RI Routine Immunization 

U5 Under-Five Children 

LGA Local Government Area 

GRID3 Geo-Referenced Infrastructure and Demographic Data for Development 
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