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Abstract

Malaria remains a major public health challenge in northern Nigeria, where climatic suitability,
weak healthcare accessibility, and operational surveillance limitations may contribute to the severe
malaria burden. This study analyzed the temporal and spatial dynamics of severe malaria in Sokoto
State, Nigeria, from 2014--2024 and estimated climate-driven hidden transmission zones via inte-
grated geospatial modeling. The monthly severe malaria surveillance records for 23 LGAs were
combined with climate variables, the Plasmodium falciparum parasite rate (PfPR), the population
distribution, travel-time accessibility, and settlement indicators. Temporal trends were evaluated
via Sen’s slope and Mann—Kendall statistics, and a climate suitability index and accessibility-con-
strained hidden burden framework were developed to estimate the potential underdetected severe
malaria burden. A total of 184,429 reported severe malaria cases were recorded from 2014—2024,
with the highest annual burden observed in 2015 (22,404 cases). October presented the highest
mean monthly burden (117.89 cases), whereas Sabon Birni recorded the highest cumulative severe
malaria burden (28,943 cases). Climate-driven burden analysis identified Rabah (hidden burden
ratio = 11.04), Kebbe (7.31), and Dange-Shuni (3.03) as major hidden burden hotspots character-
ized by high climate suitability and poor healthcare accessibility. Ward-level analysis further re-
vealed highly localized operational silence zones within remote settlements. The findings demon-
strate that integrating climate suitability with healthcare accessibility provides an effective frame-
work for identifying hidden severe malaria transmission landscapes and operational surveillance
gaps within semiarid environments.

Keywords: Malaria; Plasmodium falciparum parasite rate; climate suitability.

1. Introduction

Malaria remains one of the most significant public health challenges globally, particularly
across sub-Saharan Africa, where environmental suitability, weak healthcare systems, and socio-
economic inequalities continue to sustain transmission dynamics [1,2]. Despite substantial im-
provements in malaria control during the past two decades, severe malaria continues to contribute
considerably to morbidity and mortality in endemic regions, especially among vulnerable popula-
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tions residing in environmentally favorable but poorly accessible areas [3,4]. Nigeria accounts for
the largest proportion of the global malaria burden, contributing substantially to worldwide malaria
cases and deaths annually [5]. Within Nigeria, northern states frequently experience persistent
transmission because of favorable climatic conditions, population vulnerability, healthcare acces-
sibility constraints, and operational limitations in surveillance systems [6,7].

Malaria transmission is strongly influenced by environmental and climatic conditions that
regulate mosquito breeding, vector survival, parasite development, and human exposure patterns
[8—10]. Temperature, rainfall, atmospheric moisture, soil moisture, and wind conditions are widely
recognized as major environmental controls on malaria transmission dynamics [11,12]. In semiarid
environments, relatively small variations in hydroclimatic conditions can substantially influence
vector ecology and seasonal malaria transmission intensity [13]. Several studies have demonstrated
that rainfall variability and temperature anomalies strongly affect malaria outbreaks and seasonal
disease fluctuations across West Africa [14—16]. However, the magnitude and spatial expression of
these relationships frequently vary according to local environmental conditions, settlement pat-
terns, healthcare accessibility, and population density [17].

Recent advances in geospatial epidemiology have increasingly integrated remote sensing, spa-
tial statistics, environmental suitability modeling, and healthcare accessibility analysis to improve
the understanding of malaria transmission landscapes [18—20]. Spatial accessibility to healthcare
facilities has emerged as a particularly important determinant of surveillance reliability and disease
detection efficiency [21,22]. Populations residing in geographically isolated settlements commonly
experience delayed diagnosis, reduced healthcare utilization, and lower reporting efficiency,
thereby increasing the probability of hidden malaria burdens and operational surveillance gaps [23].
Consequently, reported surveillance records may substantially underestimate the true burden of
severe malaria within remote and underserved regions.

The concept of operational silence has recently gained increasing relevance within public
health surveillance research [24]. Operational silence refers to areas where limited healthcare ac-
cessibility, weak surveillance infrastructure, and reduced reporting efficiency create an apparent
low disease burden despite persistent transmission risk [25]. Such conditions are particularly im-
portant in semiarid and rural African environments where dispersed settlements and weak
healthcare accessibility constrain effective disease monitoring [26]. Nevertheless, most malaria
studies in northern Nigeria continue to focus primarily on reported surveillance data without con-
sidering environmental suitability, accessibility limitations, or hidden burden estimation frame-
works [27].

Sokoto State in northwestern Nigeria represents a particularly important environment for in-
vestigating climate-driven severe malaria dynamics and operational surveillance gaps. The state
experiences high temperatures, strong rainfall seasonality, prolonged dry conditions, and substan-
tial spatial heterogeneity in healthcare accessibility and settlement distribution. Therefore, rural and
remote populations within Sokoto State may experience elevated hidden severe malaria burdens
beyond officially reported surveillance records. Despite the epidemiological importance of the re-
gion, relatively few studies have integrated climate suitability, malaria endemicity, population ex-
posure, and accessibility constraints to estimate hidden severe malaria transmission patterns across
Sokoto State.

Several competing hypotheses exist regarding the dominant drivers of the malaria burden
within semiarid African environments. Some studies argue that climatic suitability remains the pri-
mary determinant of transmission intensity [28,29], whereas others emphasize the dominant role of
socioeconomic conditions, healthcare accessibility, and surveillance efficiency [30]. Additional
studies suggest that malaria burden patterns emerge through complex interactions among environ-
mental suitability, population exposure, settlement isolation, and healthcare infrastructure [31,32].
These contrasting perspectives highlight the need for integrated geospatial frameworks capable of
simultaneously evaluating the environmental and operational determinants of severe malaria bur-
den.
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Therefore, the present study aimed to analyze the temporal and spatial dynamics of the severe
malaria burden in Sokoto State between 2014 and 2024 and to estimate the climate-driven hidden
severe malaria burden via environmental suitability, malaria endemicity, population distribution,
and healthcare accessibility indicators. Specifically, this study sought to (1) evaluate temporal and
spatial patterns of reported severe malaria burdens across LGAs in Sokoto State and (2) identify
climate-driven hidden transmission hotspots and operational silence zones via integrated geospatial
modeling approaches.

The results demonstrated substantial temporal and spatial heterogeneity in severe malaria bur-
dens across Sokoto State, with strong seasonal concentrations during environmentally favorable
transmission periods. The integrated climate-driven burden framework further identified multiple
LGAs and wards characterized by elevated hidden transmission potential associated with high cli-
mate suitability, poor healthcare accessibility, and probable surveillance underreporting. These
findings provide important insights for the strengthening of malaria surveillance, accessibility-fo-
cused intervention planning, and spatial prioritization of malaria control strategies within semiarid
African environments.

2. Materials and methods
2.1 Study area

This study was conducted in Sokoto State, northwestern Nigeria, which is located approxi-
mately between latitudes 12°-14°N and longitudes 4°~7°E (Figure 1). Sokoto State shares an in-
ternational boundary with the Republic of Niger and lies within the Sudan savannah ecological
zone. The region experiences a semiarid tropical climate characterized by high temperatures, strong
seasonal rainfall variability, prolonged dry conditions, and high evapotranspiration.
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Figure 1. Location map of Sokoto State, northwestern Nigeria

Annual rainfall generally occurs between May and October, whereas the dry season extends
from November to April under the influence of the Harmattan wind system. The mean annual tem-
peratures commonly exceed 30°C, with extremely hot conditions during the prerainy season. These
environmental conditions strongly influence mosquito ecology, malaria transmission dynamics,
and the seasonal disease burden.
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2.2 Study Design and Analytical Workflow

Figure 2 illustrates the overall study design and analytical workflow adopted for assessing the
climate-driven hidden severe malaria burden and operational surveillance gaps across Sokoto State,
Nigeria. The framework integrated severe malaria surveillance records (2014-2024), climate vari-
ables, malaria endemicity (PfPR), population exposure, healthcare accessibility, and health facility
distribution within a standardized geospatial database. Temporal and spatial burden analyses were
combined with climate suitability modeling to estimate the severe malaria burden. The HBI and
HBN ratio (HBR) were subsequently derived to identify operational silence zones, accessibility-
constrained transmission hotspots, and priority intervention areas for surveillance strengthening
and malaria microplanning.
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Figure 2. Conceptual study design and analytical workflow for assessing climate-driven hidden severe malaria burden and operational

surveillance gaps in Sokoto State, Nigeria.
2.3 Data Sources

This study utilized multiple epidemiological, environmental, demographic, and accessibility
datasets to assess the climate-driven severe malaria burden and operational surveillance gaps across
Sokoto State, Nigeria (Table 1). Monthly severe malaria surveillance records (2014-2024) were
obtained from the Nigerian DHIS2 platform. Administrative boundaries, health facility locations,
population distributions, malaria endemicity (PfPR), climate variables, and healthcare accessibility
datasets were integrated within a standardized geospatial framework. ERA5-Land climate variables
were used to derive climate suitability conditions influencing malaria transmission, whereas travel-
time accessibility analysis was employed to identify healthcare access limitations and probable
operational silence zones across LGAs and underserved populations.

Table 1. Summary of epidemiological, environmental, demographic, and accessibility datasets used for as-

sessing the climate-driven severe malaria burden and operational surveillance gaps in Sokoto State, Nigeria.

Dataset

Description Source

Severe malaria surveillance data Monthly severe malaria cases https://dhis2nigeria.org.n [33]

Administrative Boundaries

State, LGA and Ward boundaries https://data.humdata.org/ [34]

Health facilities Health facility locations https://data.grid3.org/ [35]

Population raster Population distribution raster https://www.worldpop.org/ [36]

Travel time raster Travel time to healthcare facilities Derived

Climate Climate Variables https://www.ecmwf.int/en/era5-land [37]
PfPR raster Plasmodium falciparum parasite rate https://malariaatlas.org/ [38, 39]
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2.4 Severe Malaria Surveillance Processing

The monthly severe malaria surveillance records were transformed from wide tabular formats
into long-format time series data to facilitate temporal statistical analysis. The data variables were
reconstructed from monthly and yearly attributes. LGA names were standardized via uppercase
conversion and whitespace normalization to ensure consistency during temporal aggregation and
spatial integration.

Descriptive statistical indicators, including total cases, means, medians, standard deviations,
and coefficients of variation, were computed at the monthly, annual, and LGA levels.

The coefficient of variation was estimated as:

_ SD
" Mean

@™

where CV represents the coefficient of variation, SD represents the standard deviation, and
Mean represents the arithmetic mean of severe malaria cases.

Monthly climatological analysis was conducted to identify recurrent transmission peaks and
temporal variability throughout the study period.

2.5 Trend analysis
Temporal trends in severe malaria burden were evaluated via Sen’s slope estimator [40] and
the Mann—Kendall trend test [41].

The Mann—Kendall statistic was computed as follows:

n-1

n
S = Z sgn(x; — x;) (2)
j=it+1
i=1
where x; and x; represent observations at times { and j, respectively, and where n is the
number of observations.
The sign function was defined as:
1, if (XJ - xi) >0
sgn(xj—x;) =4 0, if(x—x)=0 (3)
—1, if (XJ - xi) <0

Sen’s slope estimator was calculated as follows:
—J t
Q; = 4)
where Q; represents the slope between observations x; and x;, and where i and j denote
temporal positions.
The overall Sen’s slope was estimated as the median of all pairwise slopes:

Qmea = Median(Q;) ®)

Kendall’s tau coefficient was estimated as follows:
C-D ¢
t= 0.5n(n—1) ©)

where C is the number of concordant pairs, D is the number of discordant pairs, and n is
the total number of observations.

Positive tau values indicate increasing trends, whereas negative values indicate decreasing
trends.

2.6 Climate suitability modeling
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Climate suitability for malaria transmission was estimated via weighted integration of envi-
ronmental variables associated with mosquito ecology and parasite development. The selected var-
iables included rainfall, temperature, soil moisture, dew point moisture, solar radiation, and wind
speed.

The wind speed was derived from the zonal and meridional wind components as follows:

Wind = U2 +V?2 (7)

where U represents the zonal wind component and where V' represents the meridional wind

component.
All the environmental variables were normalized between 0 and 1 via min—max normaliza-
tion:
X _ X - Xmin (8)
nerm Xmax - Xmin

where X, ,rm 1S the normalized variable, X is the original raster value, and X,,,;, and X,,qx
represent the minimum and maximum values, respectively.
The climate suitability index (CSI) was estimated as follows:

€SI = (0.30R) + (0.25T) + (0.20S) + (0.15D) + (0.05W) + (0.05SR) )

where CSI is the climate suitability index; R, T, S, D, W, and SR represent the rainfall, temper-
ature, soil moisture, dew point, wind, and solar radiation suitability scores, respectively.

Higher weights were assigned to rainfall and temperature because of their dominant influence
on mosquito breeding conditions and malaria transmission dynamics within semiarid environments.

2.7 Estimation of Climate-Driven Severe Malaria Burden

The climate-driven severe malaria burden was estimated by integrating population exposure,
malaria endemicity, climate suitability, and the severe disease fraction.
The estimation model was expressed as follows:

ESM = P x PfPR x CSI X SF (10)

where ESM is the estimated severe malaria burden, P is the exposed population, PfPR is
the Plasmodium falciparum parasite rate, CSI is the climate suitability index, and SF is the se-
vere malaria fraction used to estimate the proportion of malaria infections progressing to severe
disease.

A severe malaria fraction of 0.005 was used to approximate the proportion of malaria infec-
tions progressing to severe disease.

2.8 Accessibility and Hidden Burden Modeling

Healthcare accessibility constraints were estimated via travel-time rasters, which represent
movement difficulty and healthcare accessibility limitations.
The accessibility constraint was normalized as:

TT — TThin
AC = 77— (11)
TTmax - TTmin
where AC is the accessibility constraint and where TT is the travel time to the nearest
healthcare facility, with higher AC values indicating greater healthcare accessibility limita-
tions and an increased likelihood of surveillance gaps.
The HBI was estimated as follows:

HBI = ESM x AC (12)
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where HBI is the HBI, ESM is the estimated severe malaria burden, and AC is the acces-
sibility constraint, such that higher HBI values indicate greater potential hidden severe malaria
burdens associated with limited healthcare accessibility.

The HBN ratio (HBR) was computed as follows:

Estimated Severe Cases
HBR

- Reported Severe Cases + 1 (13)

where the constant 1 prevents division-by-zero errors.

Higher HBR values indicate probable underreporting and operational surveillance gaps asso-
ciated with poor healthcare accessibility.

A priority index (PI) was additionally estimated to identify hidden transmission hotspots via
normalized climate suitability, malaria prevalence, population exposure, and accessibility indica-
tors:

PI = CS[norm X PfPRnorm X Pnorm X ACnorm (14)

where PI is the priority index, CSI,,, is the normalized climate suitability index,
PfPR,,rm 1isthe normalized Plasmodium falciparum parasite rate, P,y i the normalized pop-
ulation exposure, and AC,, 1s the normalized accessibility constraint. Higher PI values indicate
areas requiring greater priority for malaria surveillance, intervention, and healthcare access im-
provement.

2.9 Statistical analysis

Temporal and spatial variations in severe malaria burden were evaluated via analysis of vari-
ance (ANOVA), Kruskal-Wallis nonparametric tests, linear regression, Sen’s slope estimation,
Mann—Kendall trend analysis, and Kendall correlation statistics. ANOV A was used to assess dif-
ferences among groups where assumptions of normality were satisfied, whereas the Kruskal-Wallis
test was applied to nonnormally distributed malaria case data. Linear regression was used to quan-
tify long-term trends, whereas Sen’s slope and Mann—Kendall statistics were employed to estimate
trend magnitude and significance, respectively. Kendall correlation analysis was used to evaluate
associations among epidemiological and environmental variables. Statistical significance was as-
sessed at the 95% confidence level (p < 0.05).

2.10 Spatial analysis and mapping

Spatial integration and zonal aggregation were performed at both the LGA and ward levels to
support multiscale assessment of severe malaria burden and surveillance performance. Choropleth
maps, burden ranking maps, heatmaps, and spatial trend visualizations were generated to examine
the geographic distributions of severe malaria burdens, temporal malaria trends, climate-driven
hidden transmission hotspots, healthcare accessibility constraints, and operational silence zones.
These spatial analyses facilitated the identification of high-risk areas, probable surveillance gaps,
and priority locations for targeted malaria intervention and healthcare accessibility improvement.

2.11 Software environment and reproducibility

All analyses were conducted via the R statistical environment (R version 4.5.x). The major
libraries included sf, terra, dplyr, tidyr, ggplot2, Kendall, viridis, readr, stringr, and lubridate.

All preprocessing, statistical analyses, spatial aggregation, and cartographic procedures were
implemented through scripted workflows to ensure analytical reproducibility, transparency, and
minimal manual intervention. Spatial processing and mapping were conducted via open-source ge-
ospatial analytical workflows.
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3. Results

3.1 Temporal and Spatial Patterns of Severe Malaria Burden in Sokoto State (2014—-2024)

A total of 184,429 reported severe malaria cases were recorded across Sokoto State between 2014 and 2024,

demonstrating substantial temporal and spatial variability in disease burden (Figure 3). Annual severe malaria
cases were highest in 2015 (22,404 cases), followed by 2014 (19,406 cases), while relatively lower burdens
were observed after 2018, particularly from 2021-2024. Pronounced spatial heterogeneity was additionally

observed among the LGAs. Sabon Birni recorded the highest cumulative burden (28,943 cases), followed by
Gada (22,772 cases) and Illela (13,759 cases), whereas Gudu presented the lowest burden (1,177 cases) (Fig-

ure 4).
Annual Severe Malaria Cases in Sokoto State (2014-2024)
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Figure 3. Annual trend of reported severe malaria cases in Sokoto State, Nigeria, from 2014--2024.
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Figure 4. Spatial distributions of the cumulative severe malaria burden (2014-2024), mean monthly cases, monthly

variability (standard deviation), and coefficient of variation across LGAs in Sokoto State, Nigeria.
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The mean number of monthly severe malaria cases ranged from 21.80 in Gudu to 258.77 in Gada. Several
LGA:s, including Tureta (CV = 2.26), Kware (2.05), and Isa (1.93), demonstrated high temporal variability,
indicating unstable transmission dynamics and strong intermonthly fluctuations in severe malaria occurrence
(Figure 5).

Monthly Severe Malaria Cases in Sokoto State (2014-2024)

3,0004

2.0004

Total severe malaria cases

1,0004

2015 2020 2025
Date

Figure 5. Monthly temporal dynamics of reported severe malaria cases in Sokoto State, Nigeria, from January
2014 to December 2024, showing substantial intermonthly variability and recurrent transmission peaks across
the study period.

Monthly climatological analysis revealed pronounced seasonal malaria dynamics throughout the study period.
In October, the highest mean monthly burden (117.89 cases) was recorded, whereas in March, the lowest mean
burden (53.49 cases) was recorded. The seasonal ratio between the peak and lowest transmission months was

2.20, indicating strong seasonality in severe malaria occurrence across Sokoto State (Figure 6).

Mean Monthly Severe Malaria Pattern

1204

1004

Mean cases

80+

60

Month

Figure 6. Monthly temporal variability of reported severe malaria cases in Sokoto State, Nigeria, from Janu-
ary 2014 to December 2024.

Seasonal aggregation further revealed clear transmission concentrations during the rainy period. The peak
rainy season contributed the largest proportion of severe malaria burden cases, accounting for 59,567 cases
(32.30% of total reported cases), followed by the dry season, with 51,534 cases (27.94%). The postpeak and
prepeak rainy seasons contributed 21.53% and 18.23% of the total cases, respectively. These findings indicate
strong hydroclimatic control on malaria transmission dynamics within the semiarid environment of Sokoto
State.

Substantial spatial heterogeneity in severe malaria burden was observed among LGAs. Sabon Birni reported

the highest cumulative severe malaria burden from 2014-2024, with 28,943 reported cases, followed by Gada
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(22,772 cases), Illela (13,759 cases), Gwadabawa (10,865 cases), and Sokoto South (10,845 cases). Several
LGAs additionally exhibited high coefficients of variation, indicating unstable temporal transmission patterns

and substantial monthly variability.

Trend analysis revealed mixed spatial trends in severe malaria burdens across the state. Positive Sen’s slope
values indicated increasing severe malaria burdens in several LGAs, particularly Bodinga (Sen’s slope = 94.38
cases year '), Gada (107.00 cases year '), and Binji (32.50 cases year™"). In contrast, Dange-Shuni exhibited a
strong decreasing trend (Sen’s slope = —50.89 cases year'). However, state-level Mann—Kendall analysis in-
dicated an overall weak long-term increasing tendency (v = 0.018) that was statistically nonsignificant (p =
1.00) (Figure 7).

Malaria 2014_2024
total14_24/ sen_slope

Malaria 2014_2024
kend_tau

B 7595 - -100 Bl o75--045
[ 9990 - -70.51 I 0.44--0.18
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B 2129-879.8 B 0.10-027
I 5799 - 9962 B 028-053

Malaria 2014_2024
Im_slope

B 329065

[ 32964 --70.38
[]-7037-1725
I 1726-89.85
N 5986 - 181.75

Malaria 2014_2024
trend_cls

I Oecreasing
I Increasing

Figure 7. Spatial patterns of severe malaria temporal dynamics across Sokoto State, Nigeria, including total cases,
Sen’s slope trend magnitude, linear trend slope, and increasing/decreasing malaria trend direction for the period of
2014-2024.

Statistical hypothesis testing confirmed significant temporal, seasonal, and spatial variability in severe malaria
burden across Sokoto State. Kruskal-Wallis analysis revealed significant interannual variation among years
(x? = 48.64, df =10, p < 0.001), significant seasonal variation (y? = 61.66, df = 3, p < 0.001), and
highly significant spatial variation among LGAs (y? = 447.56, df = 22, p < 0.001). These findings indi-
cate that the severe malaria burden in Sokoto State is strongly influenced by spatial heterogeneity and seasonal

environmental conditions.

3.2 Climate-Driven Severe Malaria Burden and Hidden Transmission Zones

3.2.1 Spatial Patterns of Climate Suitability, Accessibility Constraint, and Estimated Severe Ma-
laria Burden

Figure 8 shows the spatial distributions of climate suitability, malaria endemicity, population exposure, acces-
sibility constraints, and estimated climate-driven severe malaria burdens across Sokoto State. Considerable

spatial heterogeneity was observed among the LGAs for all the modeled variables.



Hensard Journal of Health Policy and Digitization. 2026, 01, 02 11 of 20

5“0'.0"E 6“0'.0"5
(@) z Z
5 o
o el
: ) 2
| Climate Suitability Malaria Endemicity
) I o032-033 pfpr_pr
[ 0.34 -0.40 B 017-019 z £
0 25 s0km [__]041-046 [ 0.20-023 24 B
—+— [l 047-051 024-025 © e
I 052055 [ 0.26 - 029 - "
N 0.30-033
(€)
& £
5 o
Ll A
& ¢
25 50 100 Km
Population Accessibility I T Y |
2024 Constraint
[ 82327 - 109253 I 0.00 - 0.03
[ 109254 - 206710) [ 0.04 - 0.05 T y
[ 206711 - 316754 ]0.06-0.14 5'00°E GrONE
[ 316755 - 433876 B 0.15-0.27 i i
B 35575 - 690088 = el Estimated Severe Malaria Cases
[ 31- 51 100 52 - 102 ] 103 - 139 [ 140 - 209 [N 210 - 343

Figure 8. Spatial distributions of climate suitability, malaria endemicity (PfPR), population exposure, healthcare accessibility

constraints, and estimated climate-driven severe malaria burdens across LGAs in Sokoto State, Nigeria.

The climate suitability values ranged from 0.32 to 0.55, indicating generally favorable environmental condi-
tions for malaria transmission throughout Sokoto State (Figure 9a). The highest climate suitability values were
observed in Gwadabawa (0.55), Kware (0.54), Sokoto North (0.54), Sokoto South (0.54), and Kebbe (0.53),
whereas Gudu (0.32) and Sabon Birni (0.33) presented comparatively lower suitability values. These findings
indicate that central and southern LGAs generally experience more favorable environmental conditions for

sustained malaria transmission.

Malaria endemicity (PfPR) additionally demonstrated substantial spatial variability (Figure 9b). The PfPR
values ranged from 0.17 in Sokoto South to 0.33 in Kebbe. Elevated endemicity was particularly observed in
Kebbe (0.33), Tureta (0.31), Rabah (0.29), Isa (0.28), and Tambuwal (0.28), suggesting relatively high malaria

transmission intensities within these LGAs.

The population exposure varied considerably across the state (Figure 9c). Wamako presented the highest ex-
posed population (698,068 persons), followed by Sokoto South (433,876 persons) and Dange-Shuni (385,627
persons). In contrast, Gudu presented the lowest exposed population (82,327 persons). The concentration of
large populations within environmentally suitable LGAs substantially increased the estimated severe malaria

burden.

Accessibility constraint analysis revealed marked spatial inequality in healthcare accessibility across Sokoto
State (Figure 9d). The accessibility constraint values ranged from 0.00--1.00. Tureta presented the highest
accessibility constraint (1.00), followed by Gudu (0.24) and Isa (0.14), indicating substantial healthcare ac-
cessibility limitations and an increased probability of surveillance gaps within these LGAs. In contrast, Sokoto

South (0.00) and Sokoto North (0.002) presented relatively favorable healthcare accessibility conditions.

The integrated climate-driven severe malaria burden model demonstrated strong spatial clustering of estimated
severe malaria cases across the state (Figure 9¢). The estimated severe malaria burden ranged from approxi-
mately 31--343 cases among LGAs. Wamako recorded the highest estimated severe malaria burden (342.92
cases), followed by Dange-Shuni (257.47 cases), Tambuwal (209.14 cases), Sokoto South (200.97 cases), and
Bodinga (194.24 cases). In contrast, Gudu presented the lowest estimated burden (31.34 cases). Several LGAs
characterized by elevated climate suitability, increased malaria endemicity, large exposed populations, and
accessibility constraints presented disproportionately high estimated severe malaria burdens, indicating prob-

able hidden transmission potential and operational surveillance limitations.
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Overall, the integrated spatial framework demonstrated that climate suitability, malaria endemicity, population
exposure, and healthcare accessibility collectively govern the spatial distribution of severe malaria burdens

across Sokoto State.

3.2.2 Accessibility Constraint and Hidden Burden Index

Figure 9 illustrates the spatial distribution of healthcare accessibility constraints and the HBI across Sokoto

State. Considerable spatial heterogeneity was observed in both accessibility limitations and severe malaria

burdens among LGAs.
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Figure 9. Spatial distribution of healthcare accessibility constraints and the HBI across LGAs in Sokoto State, Nigeria, highlighting

operational surveillance gaps and probable hidden severe malaria transmission zones.

The accessibility constraint values ranged from 0.00--1.00 (Figure 10a). Tureta presented the highest accessi-
bility constraint (1.00), indicating extremely poor healthcare accessibility and substantial operational limita-
tions in accessing diagnosis and treatment services. Elevated accessibility constraints were additionally ob-
served in Binji (0.27), Gudu (0.24), and Isa (0.14), whereas Sokoto South (0.00) and Sokoto North (0.002)
demonstrated relatively favorable healthcare accessibility conditions. Most central and urbanized LGAs pre-
sented comparatively lower accessibility constraints (<0.05), suggesting relatively improved healthcare con-

nectivity and reduced travel difficulty.

The HBI demonstrated pronounced spatial concentration within accessibility-constrained LGAs (Figure 10b).
The HBI values ranged from 0.00 to 101.81, indicating substantial variability in the probable hidden severe
malaria burden across the state. Tureta recorded the highest HBI value (101.81), substantially exceeding all
the other LGAs, followed by Binji (13.68), Isa (11.16), and Dange-Shuni (10.29). Elevated HBI values were
also observed in Gudu (7.43), Shagari (6.01), Kebbe (5.93), Tambuwal (5.66), and Rabah (5.64).

In contrast, Sokoto South presented an HBI value of 0.00, whereas Sokoto North (0.37), Silame (0.88), and
Yabo (1.65) presented comparatively low hidden burden conditions. The lower HBI values within these LGAs

correspond closely with improved healthcare accessibility and reduced accessibility constraints.

The strong spatial association between accessibility limitations and elevated HBI values indicates that poor
healthcare accessibility substantially contributes to the probable underdetection of severe malaria burdens

within several LGAs. In particular, remote and underserved LGAs characterized by increased travel difficulty
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presented disproportionately high hidden burden conditions despite moderate or relatively lower reported sur-

veillance records.

3.2.3 Hidden Burden Ratio and Operational Surveillance Gaps

Figure 10 shows the spatial distribution of the cumulative reported severe malaria burden (2014-2024), esti-
mated climate-driven severe malaria burden, and Hidden Burden Ratio (HBR) across Sokoto State. Consider-
able discrepancies were observed between reported surveillance records and estimated severe malaria burdens

among several LGAs, indicating probable operational surveillance gaps and hidden transmission potential.
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Figure 10. Spatial distribution of the cumulative reported severe malaria burden (2014-2024), estimated climate-driven severe malaria burden,
and Hidden Burden Ratio (HBR) across LGAs in Sokoto State, Nigeria, highlighting probable operational surveillance gaps and hidden trans-

mission zones.

The reported severe malaria burden demonstrated substantial spatial variability across the state (Figure 11a).
Sabon Birni recorded the highest cumulative reported burden (28,943 cases), followed by Gada (22,772 cases)
and Illela (13,759 cases), whereas Gudu presented the lowest cumulative burden (1,177 cases). Several north-
ern and eastern LGAs demonstrated relatively high reported severe malaria burdens compared with the central

and western sectors of the state.

The estimated climate-driven severe malaria burden additionally exhibited pronounced spatial clustering (Fig-
ure 11b). Goronyo recorded the highest estimated severe malaria burden (342.92 cases), followed by Binji
(257.47 cases), Illela (209.14 cases), Bodinga (194.24 cases), and Shagari (179.62 cases). An elevated esti-
mated burden was generally associated with favorable climatic suitability, substantial population exposure,

and moderate accessibility constraints.

The Hidden Burden Ratio (HBR) revealed substantial spatial variation in the discrepancy between the esti-
mated and reported severe malaria burdens (Figure 11¢). The HBR values ranged from 0.0039 to 0.0717 across
Sokoto State. Binji presented the highest HBR value (0.0717), followed by Bodinga (0.0371), Dange-Shuni
(0.0358), Gada (0.0350), and Goronyo (0.0347). In contrast, Yabo (0.0039), Wurno (0.0069), and Wamako
(0.0079) demonstrated comparatively lower HBR values, indicating relatively stronger agreement between

the estimated and reported burdens.

LGAs characterized by elevated HBR values generally present moderate-to-high estimated climate-driven
burdens with comparatively lower reported surveillance burdens, suggesting probable underreporting and op-
erational surveillance limitations. Several LGAs with high HBR values additionally presented moderate-to-
high accessibility constraints and environmental suitability, further indicating the influence of healthcare ac-

cessibility limitations on surveillance efficiency.
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The spatial coincidence of elevated HBR values with accessibility-constrained and environmentally favorable
LGAs strongly suggests that routine surveillance systems may underestimate the true severe malaria burden
within several parts of Sokoto State. These findings highlight the importance of integrating environmental
suitability, accessibility analysis, and surveillance data to identify operational silence zones and hidden severe

malaria transmission landscapes.

3.2.4 Priority Index, Operational Silence Zones, and Healthcare Service Coverage

The integrated priority index (PI) revealed substantial spatial variation in malaria intervention priority across
Sokoto State (Figure 11a). Priority scores ranged from 0.38 to 0.87, reflecting the combined influence of
climate suitability, malaria endemicity, population exposure, and healthcare accessibility constraints. Four
LGAs were classified as very high priority zones, including Kebbe (PI = 0.875), Tureta (0.708), Tambuwal
(0.664), and Dange-Shuni (0.668), whereas Bodinga, Isa, Rabah, and Shagari were classified as high priority
zones. Conversely, Gudu, Sabon Birni, Silame, Sokoto North, and Sokoto South were categorized as very low

priority zones.
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Figure 11. Spatial distribution of priority intervention zones, operational silence classes on the basis of the Hidden Burden Ratio (HBR), and
hidden surveillance gaps across LGAs and wards in Sokoto State, Nigeria. Panel (a) shows malaria intervention priority zones derived from the
integrated Priority Index; panel (b) illustrates operational silence classes indicating probable surveillance underdetection; and panel (c) presents

the spatial distribution of hidden surveillance gaps, highlighting areas where the estimated climate-driven severe malaria burden exceeds
reported surveillance records. These maps identify critical locations for targeted surveillance strengthening, healthcare accessibility
improvement, and malaria control interventions.
Operational silence analysis further highlighted substantial disparities in surveillance performance across the
state (Figure 11b). Rabah presented the highest Hidden Burden Ratio (11.04), followed by Kebbe (7.31),
Dange-Shuni (3.03), and Shagari (1.95), indicating the probable underdetection of severe malaria burdens
despite favorable environmental conditions for transmission. Consequently, Rabah and Kebbe were classified
as very high operational silence zones, Dange-Shuni as high, and Shagari as moderate. Most remaining LGAs
were classified as low-operational-valence LGAs, suggesting relatively better agreement between the esti-

mated and reported malaria burdens.

Healthcare service coverage also demonstrated marked spatial variability. The number of health facilities
ranged from only 21 facilities in Sokoto North to 73 facilities in Wamako. The population served per health
facility varied substantially, ranging from 2,216 persons per facility in Silame to over 14,156 persons per
facility in Sokoto North. High population-to-facility ratios were additionally observed in Dange-Shuni (11,342
persons per facility), Sokoto South (9,861), and Wamako (9,433), indicating potential pressure on healthcare

resources and reduced surveillance efficiency.

The hidden-gap analysis revealed notable discrepancies between the estimated climate-driven severe malaria
burden and reported surveillance records (Figure 11c). Positive hidden-gap values were observed in Rabah
(+101.43 cases), Kebbe (+120.93 cases), Dange-Shuni (+173.47 cases), and Shagari (+67.57 cases), suggest-
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ing probable underreporting and concealed malaria transmission. In contrast, strongly negative hidden-gap
values were observed in Gada (—3185.01 cases), Wamako (—3087.08 cases), Sabon Birni (—1826.32 cases),
and Bodinga (—1407.76 cases), indicating comparatively stronger surveillance capture relative to the model-

estimated burden.

Overall, the combined Priority Index, operational silence classification, healthcare service coverage indicators,
and hidden-gap assessment (Figure 11) identified Kebbe, Rabah, Dange-Shuni, Tureta, Tambuwal, and
Shagari as the most critical locations for strengthening malaria surveillance, improving healthcare accessibil-

ity, and implementing targeted intervention strategies in Sokoto State.

4. Discussion

The present study investigated the temporal dynamics, spatial heterogeneity, and climate-
driven hidden severe malaria burden across Sokoto State, Nigeria, via an integrated geospatial ep-
idemiological framework. The findings revealed strong temporal seasonality, substantial spatial
variability among LGAs and wards, and pronounced operational surveillance gaps associated with
poor healthcare accessibility and environmentally favorable transmission conditions.

The temporal analysis revealed substantial interannual variability in severe malaria burdens
between 2014 and 2024, with particularly elevated burdens from 2014-2016 followed by relatively
lower reported cases after 2018. Although the overall state-level Mann—Kendall trend was statisti-
cally nonsignificant, several LGAs exhibited strong localized increasing trends. These findings in-
dicate that malaria transmission dynamics within Sokoto State are spatially heterogeneous rather
than uniformly distributed across the state. Similar patterns of localized malaria persistence despite
broader regional declines have been reported across several semiarid African environments where
environmental suitability and healthcare accessibility vary considerably at local scales [42—44].

The pronounced seasonality observed in the present study is consistent with the hydroclimatic
controls governing malaria transmission within the Sudan savannah ecological zone. Peak trans-
mission occurs during and immediately after the rainy season when rainfall, soil moisture, humid-
ity, and temporary surface water availability create favorable breeding habitats for Anopheles mos-
quitoes. Previous studies across West Africa have similarly demonstrated strong associations be-
tween rainfall seasonality and malaria transmission intensity [45—47]. Rainfall variability influ-
ences larval habitat formation, whereas temperature regulates mosquito survival and parasite de-
velopment rates [48]. The strong seasonal concentration identified in the present study therefore
supports the widely recognized climatic sensitivity of malaria transmission within semiarid tropical
environments.

Climate suitability modeling further demonstrated that Sokoto State maintains highly favora-
ble environmental conditions for sustained malaria transmission despite its semiarid setting. Tem-
perature suitability remained consistently high across most LGAs, whereas rainfall and atmospheric
moisture conditions strongly influenced spatial variability in transmission potential. These findings
are consistent with mechanistic malaria-climate studies indicating that optimal malaria transmis-
sion commonly occurs under warm thermal conditions combined with seasonal moisture availabil-
ity [49-51]. The integrated climate suitability index additionally demonstrated that the transmission
potential within Sokoto State is governed by the combined effects of multiple environmental vari-
ables rather than by rainfall or temperature independently.

A major contribution of the present study is the identification of probable hidden severe ma-
laria burdens and operational surveillance gaps via accessibility-constrained burden estimation.
Several LGAs, particularly Rabah, Kebbe, and Dange-Shuni, presented substantially elevated Hid-
den Burden Ratios despite relatively lower reported surveillance records. These findings strongly
suggest that reported severe malaria cases may substantially underestimate the actual transmission
burden within poorly accessible and operationally underserved regions.

Previous studies have shown that healthcare accessibility strongly influences malaria detec-
tion, reporting efficiency, and treatment-seeking behavior [52—53]. Populations residing in geo-
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graphically isolated settlements commonly experience delayed diagnosis, lower healthcare utiliza-
tion, and reduced surveillance coverage, thereby increasing the likelihood of hidden transmission
and underreporting [54]. The present findings support these observations and further demonstrate
that accessibility limitations may create apparent low-burden conditions despite environmentally
favorable transmission landscapes.

The ward-level hotspot analysis additionally revealed substantial microspatial heterogeneity
in hidden transmission potential. Several wards within Tambuwal, Kebbe, and neighboring LGAs
exhibited extremely high-priority classifications associated with elevated travel time, high climate
suitability, and increased malaria endemicity. These findings emphasize the importance of fine-
scale geospatial analysis for malaria surveillance and intervention planning. Aggregated state-level
or LGA-level analyses may conceal highly localized transmission hotspots and operational silence
zones within remote settlements.

The integrated priority index framework developed in this study further demonstrated the
value of combining climate suitability, malaria endemicity, population exposure, and accessibility
indicators for identifying hidden transmission landscapes. Previous malaria mapping studies have
commonly focused on either environmental suitability or reported surveillance data independently
[55-57]. In contrast, the present framework integrates both environmental and operational deter-
minants of transmission, thereby providing a more comprehensive representation of severe malaria
risk and surveillance vulnerability.

The findings also highlight important implications for malaria control policies and surveil-
lance strengthening within northern Nigeria. LGAs identified as high operational silence zones may
require the following:

e improved healthcare accessibility,

e  enhanced surveillance coverage,

e  targeted active case detection,

e  accessibility-focused intervention planning, and

e  strengthened healthcare infrastructure.

Remote and underserved settlements may particularly benefit from mobile health services,
improved transportation connectivity, and localized surveillance strengthening programs.

Despite the robustness of the integrated framework, several limitations should be acknowl-
edged. First, the study relied partly on reported severe malaria surveillance data, which may contain
reporting inconsistencies and operational biases. Second, the climate-driven burden estimation
framework represents the modeled transmission potential rather than the direct clinical incidence.
Third, the use of static PfPR and population datasets may not fully capture short-term demographic
and epidemiological variability during the study period. Additionally, healthcare accessibility was
represented primarily through travel-time constraints and may not fully account for healthcare qual-
ity, affordability, or behavioral determinants influencing treatment-seeking patterns.

Future studies should integrate higher temporal resolution climate datasets, dynamic popula-
tion mobility patterns, vector distribution data, and health facility utilization information to further
refine hidden burden estimation. The incorporation of machine learning approaches, real-time cli-
mate forecasting, and mobile health surveillance systems may additionally improve operational
malaria intelligence and early warning capabilities within semiarid African environments.

Overall, the present study demonstrated that severe malaria burden in Sokoto State is gov-
erned by the combined effects of environmental suitability, malaria endemicity, population expo-
sure, and healthcare accessibility constraints. The integrated geospatial framework revealed sub-
stantial hidden transmission potential and operational surveillance gaps within several LGAs and
wards, highlighting the importance of accessibility-sensitive malaria surveillance and targeted in-
tervention planning within semiarid regions of sub-Saharan Africa.
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