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ABSTRACT

Sickle cell anemia (SCA) is a genetic hemoglobinopathy that imposes a major health burden in sub-Saharan Africa, particularly in
Nigeria. Vaso-occlusive crises (VOCs), the principal acute manifestations of SCA, may be influenced by environmental factors such
as temperature, low humidity, harmattan dust, and rainfall. Although associations between VOCs and environmental conditions have
been reported, prediction models remain difficult to develop for data-constrained clinical settings. We developed a proof-of-concept
VOC prediction framework for six Nigerian ecological regions using a synthetic multimodal health—environment dataset comprising
12,000 patient-month observations. Random Forest, support vector machine (SVM), XGBoost, neural network, and logistic regres-
sion models were evaluated. Logistic regression achieved the best overall performance (accuracy: 0.78; Fl-score: 0.74; area under
the receiver operating characteristic curve [ROC-AUC]: 0.84), followed by Random Forest (0.77, 0.72, and 0.83), SVM (0.78, 0.73,
and 0.82), neural network (0.77, 0.72, and 0.82), and XGBoost (0.76, 0.70, and 0.82). Regional analysis showed a north—south gra-
dient in simulated crisis occurrence: the North-East had the highest probability (80.1%), associated with temperature and particulate
matter with aerodynamic diameter below 2.5 pm (PMs 5), whereas the South-South had the lowest probability (10.4%). Tempera-
ture, PMs 5, humidity, and previous hospitalization were the most influential predictors. These findings establish the methodological
feasibility of a climate-sensitive prediction pipeline that should be externally validated with clinical and meteorological data before
use in health-surveillance applications.
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1. INTRODUCTION which occur when sickled erythrocytes obstruct blood vessels

Individuals living with sickle cell anemia (SCA) experience re-  and cause tissue ischemia, severe pain, organ injury, and in-
current painful episodes known as vaso-occlusive crises (VOCs), ~ creased mortality [1]. VOCs are sensitive to environmental and
climatic conditions. Temperature, humidity, rainfall, and at-
mospheric dust have all been associated with crisis occurrence
[2]. High temperatures may promote dehydration and increase
blood viscosity, whereas cold exposure may induce vasocon-
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striction. During the West African harmattan season, dry and
dusty winds may aggravate respiratory and physiological stress.
A nationwide analysis also reported higher admissions for VOC
and acute chest syndrome during colder periods [3].

SCA remains a substantial global and African health burden
[4]. Global prevalence increased by an estimated 41.0% between
2000 and 2021 [5]. Nigeria contributes a large proportion of af-
fected births, and a recent national meta-analysis estimated SCA
and sickle cell trait prevalences of 4.0% and 21.0%, respectively,
among Nigerian children and adolescents [6]. A continent-wide
meta-analysis reported an overall HbSS prevalence of 1.43%
in Africa [7], while burden estimates indicate that sub-Saharan
Africa and South Asia account for most of the global disease
burden [8]. The clinical burden is accompanied by substantial
household expenditure in Nigeria [9], Uganda, and Malawi [10];
evidence from northwestern Nigeria likewise highlights the so-
cioeconomic burden on affected families [11].

Recent work has applied artificial intelligence (Al) to point-
of-care diagnosis [12], hematological severity classification
[13], digitally monitored VOC prediction [14], explainable dis-
ease detection [15], and automated erythrocyte morphology
analysis [16]. These approaches demonstrate the value of Al
in sickle cell research, but they generally emphasize diagnos-
tic, physiological, hematological, or imaging data rather than
region-specific environmental exposure. Systematic reviews
have reported promising results for multilayer perceptrons, sup-
port vector machines, Random Forest, logistic regression, and
related algorithms [17]; deep-learning systems have also been
used for sickle cell classification [18]. Machine-learning mod-
els can provide early warning information by identifying nonlin-
ear relationships among heterogeneous variables, although clin-
ically useful implementation depends on suitable data and exter-
nal validation [19].

Data scarcity remains a major obstacle to climate-sensitive
predictive modeling in Nigeria. Many health facilities lack com-
prehensive electronic records, and available datasets may be
fragmented, geographically restricted, or inaccessible because
of privacy constraints. Synthetic-data approaches can partly ad-
dress these limitations. A corrected bibliographic source demon-
strates the use of synthetic electronic health records for predic-
tive modeling in low- and middle-income countries [20]; broader
reviews describe open-source synthetic-data methods [21] and
privacy-preserving clinical risk prediction [22]. Limited access
to health services further complicates disease management in
Nigeria [23].

Nigeria’s ecological diversity adds an important spatial di-
mension. The country extends from Sahel and Sudan savannah
zones in the north to humid rainforest and coastal zones in the
south. Temperature, rainfall, humidity, and dust exposure vary
accordingly, suggesting that climate-associated crisis risk may
also vary by region. This study therefore develops a regional
machine-learning framework for predicting climate-driven SCA
crises from synthetic health—climate data representing six Nige-
rian geopolitical regions. The study is explicitly framed as a
proof-of-concept simulation and modeling exercise rather than
a clinically validated prediction tool. Its contributions are: (i)
a synthetic multimodal dataset integrating regional climate and
clinical variables; (ii) a comparative evaluation of five machine-

learning algorithms; and (iii) a reproducible pipeline for stress-
testing climate-informed crisis prediction under data scarcity.

1.1. RESEARCH GAP

Existing studies show substantial progress in automated diagno-
sis, biomarker-based severity grading, explainable Al, and digi-
tal health monitoring. Nevertheless, environmental determinants
of VOCs remain poorly represented in current predictive mod-
els. To our knowledge, no prior study has integrated synthetic
climate, demographic, and clinical variables to model regional
VOC risk across Nigeria’s distinct ecological zones. The present
work addresses this methodological gap.

2. BACKGROUND AND RELATED WORK
2.1. TRIGGERS OF SICKLE CELL CRISES

SCA is caused by a single amino-acid substitution in the (-
globin gene, resulting in abnormal hemoglobin S (HbS). Under
hypoxic, dehydrating, or physiological stress, HbS polymerizes
and deforms erythrocytes. The resulting rigid cells obstruct the
microvasculature, initiating vaso-occlusion and tissue ischemia.
Established VOC triggers include hypoxia, dehydration, infec-
tion, fever, temperature extremes, acidosis, and physical stress
[24]. The pathogenesis and clinical expression of VOCs remain
complex, particularly in resource-limited settings [25].

Environmental factors constitute an important but sometimes
overlooked group of triggers. Low temperature and high wind
exposure may increase VOC occurrence, while humidity has
been associated with monthly pain scores [26]. High temper-
atures can cause dehydration and hyperosmolality, thereby in-
creasing blood viscosity and sickling. Harmattan conditions
combine cold, dry, and dusty winds and may create additional
risk in West Africa. Genetic modifiers also influence the fre-
quency and severity of VOCs [27].

Inflammation further complicates VOC pathogenesis. Acti-
vated endothelial cells, sickled erythrocytes, neutrophils, and
platelets create an adhesive and inflammatory vascular environ-
ment that promotes further occlusion [28]. Environmental stres-
sors may amplify these interactions, reinforcing the need to char-
acterize the timing and distribution of climatic triggers.

2.2. CLIMATE-HEALTH RELATIONSHIPS IN SUB-SAHARAN
AFRICA

The health effects of climate change have been documented
across Africa, where vulnerable health systems may have lim-
ited adaptive capacity [29]. Nigeria contains six broad ecolog-
ical zones: Sahel savannah, Sudan savannah, Guinea savannah,
derived savannah, rainforest, and mangrove/coastal zones. Sea-
sonal temperature, rainfall, humidity, and dust exposure vary
markedly among these zones. Northern states such as Kano,
Borno, and Sokoto experience extreme dry-season heat and har-
mattan dust, whereas Lagos, Rivers, and other southern states
experience high humidity and rainfall. Observed rainfall and
temperature trends in northeastern Nigeria reinforce the impor-
tance of regional climate analysis [30]. Nigeria is also experi-
encing climate-change-induced heatwave risk [31], which may
be relevant to conditions that are sensitive to dehydration and air
quality.
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2.3. EXISTING PREDICTION MODELS

Earlier predictive studies relied on clinical variables such as
hemoglobin concentration, white-cell count, and admission his-
tory. More recent machine-learning models have predicted acute
kidney injury, organ failure, and transplantation outcomes in
sickle cell disease. Acute organ failure has been modeled from
intensive-care data [32], and registry-based machine learning
has been used to predict hematopoietic cell transplantation out-
comes [33]. Deep neural networks and explainable Al have also
been applied to sickle cell image classification [34]. However,
few models explicitly combine regional climatic exposure with
patient-level crisis risk in an African setting.

2.4. MACHINE LEARNING AND SYNTHETIC DATA IN PUBLIC
HEALTH

Machine learning supports public-health prediction and surveil-
lance by modeling nonlinear relationships in heterogeneous
data.  Applications include infectious-disease forecasting,
maternal-risk stratification, chronic-disease monitoring, and
environmental-health surveillance. Synthetic clinical data can
facilitate collaboration while reducing re-identification risk [35],
but models trained in high-income settings may not transfer di-
rectly to low- and middle-income settings because disease pre-
sentation, healthcare use, and data infrastructure differ.

3. STUDY AREA AND REGIONAL CONTEXT

3.1. OVERVIEW OF NIGERIA

Nigeria occupies approximately 923,768 km? in West Africa
and comprises 36 states and the Federal Capital Territory. It
is bordered by the Gulf of Guinea, Benin, Niger, Chad, and
Cameroon. Nigeria reports a high burden of SCA [36], and
stroke detection and prevention remain important components of
disease management [37]. The combination of a large affected
population, climatic diversity, rapid population growth, and un-
even healthcare capacity makes the country a relevant and chal-
lenging setting for climate-sensitive early-warning research.

3.2. CLIMATE ZONES AND SELECTED REGIONS

The Sahel and Sudan savannah zones in northern Nigeria receive
low rainfall, experience high daytime temperatures, and are ex-
posed to harmattan dust. Guinea savannah occupies much of the
Middle Belt and receives moderate rainfall. Derived savannah
and rainforest zones receive greater rainfall and humidity, while
mangrove and freshwater zones in the Niger Delta receive the
highest annual rainfall.

Six representative geopolitical regions were selected: North-
West (Kano State), North-East (Borno State), North-Central
(Plateau State), South-West (Lagos State), South-East (Enugu
State), and South-South (Rivers State). These regions span the
principal climatic gradients represented in the simulation.

3.3. POPULATION DISTRIBUTION OF SICKLE CELL
DISEASE

Sickle cell trait and SCA occur across Nigeria’s major ethnic

groups and ecological zones. The environmental stressors affect-

ing individuals with SCA may nevertheless differ by location.

Northern patients may face greater harmattan and heat-related

Table 1. Features of the synthetic climate-health dataset.

Variable Type Description

Age Numerical ~ Simulated patient age (years)
Gender Categorical Male/female

Crisis frequency Numerical =~ Number of crises per year
Hospital visits Numerical ~ Annual SCA-related hospital visits
Temperature Numerical ~ Average regional temperature (°C)
Humidity Numerical  Relative humidity (%)

Rainfall Numerical ~ Monthly rainfall (mm)

Dust index Numerical ~ Harmattan dust/PM, 5 indicator
Season Categorical ~ Dry, harmattan, or wet

risk, whereas southern patients may experience prolonged hu-
midity, rainfall, and infection-related stress. The present simula-
tion examines these regional contrasts without claiming that its
synthetic rates represent real-world prevalence.

4. METHODOLOGY
4.1. RATIONALE FOR SYNTHETIC DATA

Publicly accessible Nigerian datasets rarely combine patient-
level clinical records with temporally matched climate variables.
Institutional datasets may be difficult to access because of eth-
ical requirements, fragmented health-information systems, pri-
vacy constraints, and limited sample sizes. Transfer learning was
considered but not adopted because no suitable pretrained model
was identified for integrated climate—clinical crisis prediction.
The study therefore generated a synthetic multimodal dataset of
12,000 patient-month observations for proof-of-concept model
development, not clinical deployment.

4.2. DATASET CONSTRUCTION AND VARIABLES

The simulation was informed by published epidemiological ev-
idence, reported crisis triggers, regional climate patterns, and
global health information. Variables were divided into two broad
groups:

1. Health variables: age, sex, genotype, hydroxyurea use,
baseline hemoglobin, previous hospitalizations, crisis fre-
quency, pain severity, hospital visits, and binary crisis oc-
currence.

2. Climate and temporal variables: temperature, relative hu-
midity, rainfall, PMs 5, season, calendar month, region, and
cyclical month encodings.

Continuous variables were assigned distributions consistent
with their intended ranges. Age was sampled uniformly from
5-60 years. Temperature and hemoglobin concentration were
modeled with Gaussian distributions subject to physical or clin-
ical bounds. Crisis counts and hospital visits were generated
using Poisson processes. Categorical distributions were used for
genotype, sex, season, and treatment status. Monte Carlo sim-
ulation captured variation across patient—environment combina-
tions.

Descriptive statistics were used to assess the internal distri-
bution of the synthetic data. Table 2 summarizes the numerical
variables, Tables 3 and 4 summarize categorical and regional dis-
tributions, and Figure 1 shows the correlation structure.
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Figure 1. Correlation heatmap for the simulated environmental, temporal, and clinical variables.

Table 2. Numerical description of the synthetic dataset.

Variable Mean SD Minimum Maximum Interpretation

Temperature (°C) 32.7 5.8 20 50 Higher in northern regions

Humidity (%) 548  29.1 5 100  Higher in southern regions

Rainfall (mm) 149.1 106.6 04 600 Peaks in the South-South

PM 5 (ugm=3) 53.6 300 5 174.6  Higher in dry northern regions

Age (years) 32.7 16.2 5 60  Uniform distribution

Hemoglobin (gdL~1) 7.5 1.2 4 12 Reflects anemia in SCA

Previous hospitalizations 2.0 1.4 0 10 Indicates prior health burden

Crisis frequency 1.6 1.8 0 15 Key count outcome

Pain-severity score 1.5 0.6 1 5 Linked to crisis severity

Hospital visits per quarter 1.0 1.5 0 12 Healthcare utilization

Crisis label 0.41 0.49 0 1 Binary classification target

Table 3. Categorical variables in the synthetic dataset. Table 4. Simulated regional statistical pattern.

Variable Categories Distribution Region Average crisis frequency  Interpretation
Region Six regions 2,000 records each North-East Highest (4-5) Extreme heat and dust
Season Dry, harmattan, wet ~ Region-dependent North-West High (3-4) Dry climate
Gender Male, female 50% each North-Central Moderate (3) Transitional zone
Genotype HbSS, HbSC, HbS-8  70%, 25%, 5% South-West Lower (2-3) Humid climate
Hydroxyurea use No, yes 65%, 35% South-East Low (2) High rainfall

4.3. REGIONAL CLIMATE PARAMETERIZATION

Each geopolitical region was assigned a climate profile based on
published ecological and meteorological patterns. The North-
East profile represented extreme heat, low humidity, and high
dust exposure, with an illustrative mean temperature near 40 °C,

South-South

Lowest (1-2)

Very humid climate

relative humidity near 18%, and PMs 5 near 95 pugm™

3. The

South-South profile represented milder temperature, high hu-
midity, and high rainfall. These parameters were used to con-
struct a plausible simulation and should not be interpreted as
validated regional clinical-risk estimates.



Kama et al. / NSPS-ABU-26/Proceedings of the Nigerian Society of Physical Sciences 3 (2026) 337 5

Table 5. Sample records from the synthetic multimodal health—climate dataset.

Region Month  Season Temp. Humidity Rainfall PM;s; Age Gender Genotype Hydroxyurea Hb Prev. hosp. Crisis freq. Pain Visits/qtr Label
North-East 8 Wet 44.0 11.5 90.0 1049 23 Female HbSS No 6.0 2 3 2 1 1
North-West 2 Harmattan 44.0 13.6 9.0 74.6 53 Female HbSC No 7.8 0 5 3 5 1
South-South 10 Wet 26.4 89.6 373.9 420 9  Female HbSC No 6.9 3 0 1 0 0
South-South 12 Harmattan 27.7 89.7 2472 40.3 52 Male HbSS No 5.7 3 1 1 1 0
North-East 5 Dry 36.0 19.4 51.4 86.5 10 Female HbSS No 8.1 5 2 1 2 1
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Figure 2. Monte Carlo sampling distribution of crisis frequency.

Poisson Simulation

Figure 3. Simulated Poisson distribution of monthly crisis frequency.

Table 6. Performance metrics of the machine-learning models.

Model Accuracy  Fl-score ROC-AUC
Logistic regression 0.78 0.74 0.84
Random Forest 0.77 0.72 0.83
SVM 0.78 0.73 0.82
XGBoost 0.76 0.70 0.82
Neural network 0.77 0.72 0.82

4.4. SIMULATION OF CLIMATE AND HEALTH VARIABLES

Temperature and humidity were simulated from region-specific
Gaussian distributions and constrained to physically plausible
ranges of 15-50°C and 5-100%, respectively. Age was sam-
pled uniformly, and sex was generated from a Bernoulli distri-

Figure 4. Average simulated crisis rate by Nigerian region.

bution with equal probabilities. Genotype probabilities were set
to 70% HbSS, 25% HbSC, and 5% HbS- thalassemia. Hydrox-
yurea use was assigned a probability of 35%. Hemoglobin con-
centration was normally distributed with mean 7.5gdL~! and
standard deviation 1.2 gdL~!. Previous hospitalizations were
simulated from a Poisson distribution with A\ = 2.

4.5. CRISIS-OUTCOME MODELING

Crisis outcomes were generated from a domain-informed risk
score rather than assigned at random. The baseline score com-
bined normalized temperature, inverse humidity, PMs 5, and
stochastic noise:

R = 0.35T), +0.25(1 — H,) + 0.20PM,, + 0.20e, (1)

where T),, H,,, and PM,, are normalized temperature, humidity,
and PM, 5, respectively, and € is a stochastic noise term.

The baseline score was then modified by season, genotype,
and hydroxyurea use:

2

/
R'=R Mseason Mgenotype Mhydroxyurea ’
where

Mseason € {1.4 (harmattan), 1.1 (dry), 0.8 (wet)},
Myenotype € {1.3 (HbSS), 1.0 (HbSC), 0.8 (HbS-3)},

and My droxyurea = 0.7 for hydroxyurea use and 1.0 otherwise.
Additional adjustments were applied for low hemoglobin and
age extremes. Monthly crisis frequency was generated using
a Poisson process parameterized by R’. Pain severity, hospi-
tal visits, and binary crisis status were derived through clinically
informed transformations.
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Figure 5. Feature importance for the random forest and XGBoost models.
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Figure 6. Confusion matrices for the five classifiers.

The study also described a logistic probability for the artificial
target variable:

P(crisis) = [1 + exp < - [ﬂo + 61T + BoH

1 3
+ 53D + 54Cprior]>:| )

where T is ambient temperature, H is relative humidity, D is the
dust index, and Clior is prior crisis history. Positive coefficients
increase the modeled probability, whereas negative coefficients

reduce it. Monte Carlo sampling converted the probability into
a binary event.
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Figure 7. Receiver operating characteristic curves for all models on the held-
out test set.
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Figure 8. Precision-recall curves for all models on the held-out test set.

4.6. DATA ASSEMBLY AND INTERNAL PLAUSIBILITY
CHECKS

The six regional datasets contained 2,000 observations each and
were merged and randomly shuffled. Each record contained 18
climate, demographic, clinical, outcome, and temporal features.
Because real patient data were unavailable, formal external val-
idation was not possible. Internal checks indicated positive cor-
relations of crisis occurrence with temperature and PMs 5 and a
negative correlation with humidity. The manuscript reports cor-
relations of » = 0.55 for temperature, » = —0.58 for humidity,
and r = 0.53 for PMs 5. The final class distribution was 41.4%
crisis and 58.6% non-crisis. These checks establish directional
plausibility only.
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Figure 9. SHAP summary plot for the XGBoost model.

5. MACHINE-LEARNING MODELS
Five classifiers were evaluated.

5.1. RANDOM FOREST

Random Forest was selected for its tolerance of noise, capac-
ity to model nonlinear interactions, and provision of feature-
importance rankings. Ensemble methods have demonstrated
utility in predictive healthcare, including disease-prediction ap-
plications [38].

5.2. SUPPORT VECTOR MACHINE
Support vector machines (SVMs) can provide robust classifica-

tion in high-dimensional datasets and have been widely applied
to public-health data [39].

5.3. XGBOOST

XGBoost was included because gradient-boosted trees can cap-
ture nonlinear relationships and interactions. A three-variable
XGBoost model has previously predicted outcomes after acute
ischemic stroke [40].

5.4. NEURAL NETWORK
A multilayer perceptron was evaluated because deep neural net-
works can model complex multivariable relationships and have

demonstrated strong performance in disease-severity prediction
[41].

5.5. LOGISTIC REGRESSION

Logistic regression served as an interpretable and computation-
ally efficient baseline. Comparative evidence shows that perfor-
mance gaps between machine learning and logistic regression
can narrow as predictor richness increases. Climate-linked dis-
ease prediction in Damaturu also provides a methodologically
relevant Nigerian precedent [42].
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5.6. EXPERIMENTAL SETUP

The 12,000 patient-month observations were divided using
an 80/20 stratified train—test split with random_state=42.
Crisis_Frequency, Pain_Severity_Score, and
Hospital_Visits_Qtr were excluded from the predictor
set because they are downstream consequences of crisis oc-
currence. Numerical features were standardized with z-score
normalization, and the categorical variables region, season,
genotype, and gender were label-encoded.

No hyperparameter tuning or class-imbalance correction was
performed. Logistic regression, Random Forest, SVM, and the
neural network were implemented using scikit-learn defaults;
XGBoost used its library defaults. The neural network contained
one hidden layer of 100 units and was trained for a maximum of
500 iterations. Performance was assessed on a single held-out
test set using accuracy, F1-score, and ROC-AUC. K-fold cross-
validation was not performed and is identified as a priority for
future work.

6. EXPERIMENTAL RESULTS

All five models achieved similar performance on the held-out
synthetic test set (Table 6). Logistic regression had the highest
ROC-AUC (0.84) and F1-score (0.74). Random Forest followed
with ROC-AUC 0.83, while SVM, XGBoost, and the neural net-
work each achieved ROC-AUC 0.82. The close clustering sug-
gests that the engineered risk relationship was largely recover-
able by both linear and nonlinear classifiers.

Figure 4 shows a marked simulated north—south gradient. Cri-
sis rates were approximately 0.80 in the North-East, 0.72 in the
North-West, 0.49 in the North-Central, 0.21 in the South-West,
0.16 in the South-East, and 0.10 in the South-South. Because
the target was synthetically generated from climate-linked rules,
these differences demonstrate recovery of the simulation design
rather than observed regional prevalence.

The confusion matrices in Figure 6 show the counts of cor-
rect and incorrect crisis classifications. The ROC curves in Fig-
ure 7 nearly overlap, consistent with the narrow AUC range of
0.82-0.84. Figure 8 presents the precision—recall curves, which
provide an additional diagnostic view for the 58.6%/41.4% class
distribution.

Feature importance differed by model (Figure 5). Random
Forest emphasized humidity, temperature, PMs 5, rainfall, and
region. XGBoost assigned particularly high gain importance to
region, which may act as a proxy for region-specific climate pro-
files. The SHAP summary in Figure 9 similarly shows region,
humidity, temperature, hydroxyurea use, genotype, season, and
PM, 5 among the influential features.

7. DISCUSSION

This study demonstrates that a simulation-and-modeling
pipeline can recover an engineered climate—crisis relationship
across ecologically heterogeneous Nigerian regions. The results
establish methodological feasibility, but external clinical valida-
tion is required before any claim of real-world predictive accu-
racy or regional disease prevalence can be made.

7.1. REGIONAL VULNERABILITY

The simulation produced a clear north-south gradient: the
North-East had the highest crisis probability (80.1%), followed
by the North-West (72.4%) and North-Central (49.2%). The
South-West, South-East, and South-South had lower probabil-
ities of 20.6%, 15.8%, and 10.4%, respectively. These pat-
terns arise from the imposed regional climate profiles. North-
ern regions were parameterized with higher temperature, lower
humidity, and greater dust exposure, whereas southern regions
were parameterized with higher humidity and rainfall. The re-
sults should therefore be interpreted as scenario outputs rather
than epidemiological estimates.

7.2. CLIMATIC AND CLINICAL DRIVERS

Temperature, PMs 5, humidity, and previous hospitalization
emerged as influential features. High temperature can contribute
to dehydration, while dust exposure may impose respiratory and
physiological stress. Humidity showed a protective direction
in the simulated risk function because it reduced dehydration-
related risk. Rainfall contributed less after humidity and region
were considered, suggesting that its modeled effect was partly
mediated by other climate variables.

Hydroxyurea use reduced simulated risk, consistent with the
multiplier imposed during target generation. Previous hospi-
talizations represented prior health burden. These associations
demonstrate internal consistency with the data-generating mech-
anism; they do not independently validate causal effects.

7.3. POLICY IMPLICATIONS AND EARLY-WARNING
POTENTIAL

A clinically validated climate-sensitive model could support sea-
sonal counseling, hydroxyurea programs, and hospital prepared-
ness. For example, weather-informed risk alerts might encour-
age hydration and avoidance of excessive outdoor exposure dur-
ing high-risk periods. Hospitals could use validated forecasts
to plan beds, blood supplies, analgesics, intravenous fluids, and
staffing. These applications remain prospective and require val-
idation with real patient and meteorological data.

7.4. HEALTHCARE PLANNING BENEFITS

Regional and seasonal risk estimates could eventually sup-
port resource allocation in areas with high disease burden.
A validated system might help northern hospitals prepare for
harmattan-related increases in admissions and could be adapted
to other African countries with substantial SCA burden, includ-
ing Ghana, Cameroon, the Democratic Republic of the Congo,
and Tanzania. Country-specific calibration would be essential.

7.5. LIMITATIONS
The principal limitation is the exclusive use of synthetic data.
Even a domain-informed simulation cannot reproduce the full
heterogeneity, stochasticity, comorbidity, treatment response,
care-seeking behavior, and longitudinal dependence observed in
real patients. The use of an explicit risk function to generate
the target also creates circularity: models are evaluated on their
ability to recover relationships that were built into the data.
Patient-month observations were treated as statistically inde-
pendent, whereas actual crisis risk changes with treatment ef-
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fectiveness, age, cumulative organ damage, infection, and prior
events. The study did not model repeated measures within in-
dividuals, long-term treatment effects, or comorbidity. Regional
climate profiles were coarse and did not capture microclimatic
variation, urban heat-island effects, or interannual variability.
Higher-resolution data from sources such as ERAS or the Coper-
nicus Climate Change Service could improve ecological realism.

Potentially important variables were not included, such as
household water access, hydration behavior, healthcare prox-
imity, nutrition, concurrent infection, and psychosocial stress.
In addition, performance was estimated from a single train—test
split without cross-validation, hyperparameter tuning, calibra-
tion analysis, or external validation.

8. CONCLUSION

This proof-of-concept study demonstrates the feasibility of using
machine learning to recover an engineered relationship between
climate variables and synthetic SCA crisis outcomes across
Nigerian regions. All five models achieved closely clustered
performance (ROC-AUC 0.82-0.84), with logistic regression
performing best (accuracy 0.78, Fl-score 0.74, and ROC-AUC
0.84). Random Forest, SVM, XGBoost, and the neural network
performed comparably.

The study contributes a reproducible synthetic-data frame-
work for multimodal climate-health modeling, a simulated re-
gional comparison across six Nigerian geopolitical zones, and
an analysis of influential climate and clinical features. The ob-
served regional gradient and model performance are properties
of the simulation and must not be interpreted as validated clin-
ical predictions. Real-world multicenter validation is required
before deployment.

8.1. FUTURE WORK

The immediate priority is to obtain patient-level data linking cri-
sis events with contemporaneous climate exposure. Collabora-
tion with the Federal Ministry of Health, tertiary hospitals, and
national sickle cell programs could support an SCA—climate reg-
istry for external validation and calibration.

Future models should represent longitudinal patient trajecto-
ries, cumulative climate exposure, treatment adherence, and dis-
ease progression. Recurrent neural networks, transformer ar-
chitectures, survival models, and repeated-event methods may
be suitable. High-resolution satellite temperature, PM5 5, and
Nigerian Meteorological Agency feeds could replace coarse
region-level parameters. A low-data mobile application could
then be pilot-tested with patients, caregivers, community health
workers, and referral facilities, subject to clinical, ethical, usabil-
ity, and regulatory evaluation. Future work should also examine
hydroxyurea pharmacokinetics and fetal hemoglobin to support
more individualized risk estimation.
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