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Abstract 

Background: Malaria remains an important cause of morbidity and mortality among children younger than five years in Kenya. 

Although machine-learning models can capture complex relationships in population-based data, bias–variance trade-offs and 

limited geographical transportability may constrain their performance. This study developed and evaluated a bagging-initialised 

residual gradient-boosting (BIRGB) framework to predict microscopy-confirmed malaria infection in children under five years 

in Kenya. Methods: Data were obtained from 3,749 children with microscopy results in the 2020 Kenya Malaria Indicator Survey. 

The proposed BIRGB framework used leakage-safe, out-of-fold random-forest probabilities, transformed into log-odds, to 

initialise XGBoost, which fitted regularised additive trees to correct residual prediction errors. Performance was compared with 

standalone random forest and XGBoost models using held-out test data and leave-one-county-out geographical validation. 

Sequential forward floating selection identified the optimal predictor subset, and SHapley Additive exPlanations quantified the 

magnitude and direction of predictor contributions to malaria predictions. Results: BIRGB achieved the best mean internal-test 

F1 score (88.4%), followed by random forest (68.5%) and XGBoost (56.8%). This advantage was also observed in the leave-

one-county-out validation, where BIRGB had a mean F1 score of 90.5% compared to 68.3% for random forest and 55.5% for 

XGBoost. SHAP analysis identified altitude, household-member age, haemoglobin level, household wealth, mobile-phone 

ownership, household size, number of children ever born, and number of daughters living elsewhere as influential predictors. 

Higher altitude, haemoglobin, and wealth generally shifted predictions toward malaria negativity, whereas higher age and 

household size generally shifted predictions toward malaria positivity. Conclusions: Sequentially initialising XGBoost with 

random-forest probability estimates improved malaria classification in both internal testing and geographical validation. 
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1. Introduction 

Malaria remains a major global health challenge despite be-

ing preventable and treatable. In 2024, an estimated 282 mil-

lion cases and 610,000 deaths occurred globally, representing 

increases of approximately 9 million cases and 12,000 deaths 

compared with 2023. The WHO African Region accounted for 

approximately 95% of both cases and deaths, while children 

younger than five years comprised about three-quarters of ma-

laria deaths in the [1] region. Kenya continues to experience a 

substantial and unevenly distributed burden. In 2024, WHO 

estimated 4.2 million malaria cases and 11,700 deaths in the 

country, with approximately 82% of the population living in 

areas classified as having high transmission [2]. 

Considerable investment has been directed towards insecti-

cide-treated nets, indoor residual spraying, preventive chemo-

therapy, prompt parasitological diagnosis, artemisinin-based 

combination therapy, surveillance and, more recently, malaria 

vaccination. These interventions have averted an estimated 

2.3 billion cases and 14 million deaths globally since 2000 [3]. 

The WHO Global Technical Strategy aims to reduce malaria 

incidence and mortality by at least 90% by 2030 relative to 

2015 levels [4]. Consistent with these targets, the Kenya Ma-

laria Strategy 2023–2027 seeks to reduce malaria incidence by 

80% and mortality by 90% by 2027/28 and to interrupt indig-

enous transmission in four targeted counties [5]. Kenya has 

achieved important gains, including a reduction in the severe 

malaria case-fatality rate from 6.8% in 2018 to 0.7% in 2022 

[5]. 

Nevertheless, progress remains fragile. Malaria incidence 

in Kenya increased from 96 to 105 cases per 1,000 population 

between 2019 and 2023, with an average of 4.9 million outpa-

tient cases reported annually [5]. Control efforts are con-

strained by several factors, including insecticide and antima-

larial drug resistance, changing vector composition and be-

haviour, climate variability, inconsistent use of long-lasting 

insecticidal nets, gaps in preventive treatment, health-worker 

non-adherence to case-management guidelines, supply-chain 

weaknesses, inequitable access to health services, and inade-

quate financing. Kenya’s malaria strategy estimated a financ-

ing gap of KES 44.5 billion for 2023–2027 [5]. These chal-

lenges are compounded by pronounced geographical hetero-

geneity: malaria prevalence ranges from less than 1% in low-

risk areas to approximately 19% in the lake-endemic region, 

while county-level incidence ranges from minimal transmis-

sion to more than 700 cases per 1,000 population in very high-

burden counties [5]. 

Malaria risk reflects interactions among ecological, demo-

graphic, socioeconomic, behavioural and health-system fac-

tors. Rainfall, temperature, altitude and proximity to mos-

quito-breeding habitats influence vector survival and parasite 

development, whereas age, anaemia, household poverty, hous-

ing quality, geographical location, malaria-related knowledge 

and access to preventive interventions are important correlates 

of childhood infection [6-8]. The associations between these 

factors and malaria are unlikely to be uniform across counties 

because vector ecology, intervention coverage, healthcare ac-

cessibility and transmission intensity vary geographically. 

Consequently, national estimates may obscure important sub-

national differences in both malaria burden and the factors as-

sociated with infection. 

Conventional modelling approaches, including logistic re-

gression, generalised linear and additive models, Bayesian ge-

ostatistical models and spatiotemporal regression, have con-

tributed substantially to identifying malaria-associated factors, 

estimating prevalence and mapping transmission risk. These 

methods offer transparent parameter estimates and have sup-

ported national stratification and intervention planning [9]. 

However, complex predictor relationships may limit their ap-

plication to high-dimensional population-based survey data. 

Machine-learning methods offer a complementary approach 

by learning non-linearities and higher-order interactions with 

fewer prespecified structural assumptions [10]. Random forest, 

support-vector machines, gradient boosting, elastic net, and 

neural networks have consequently been applied to malaria di-

agnosis, prevalence estimation, outbreak forecasting, and risk 

mapping, often achieving strong predictive performance [11-

13]. 

However, the predictive performance of an individual ma-

chine-learning algorithm depends on its bias–variance error 

characteristics and the structure of the data. Bagging methods, 

such as random forest, reduce variance by averaging decorre-

lated decision trees fitted to bootstrap samples but may leave 

systematic residual structure unexplained. Boosting methods, 

such as XGBoost, sequentially correct preceding prediction 

errors and can reduce bias, but their flexibility may increase 

susceptibility to overfitting, particularly in small, high-dimen-

sional or imbalanced datasets. These limitations are especially 

impacting population-based malaria data, in which infected 

children often constitute a small minority and predictor distri-

butions may vary substantially between geographical settings. 

Hybrid ensemble methods attempt to improve performance 

by combining complementary learners. Common approaches 

integrate fitted models through majority voting, probability 

averaging, weighted voting, or stacking [14-17]. Although 

these approaches can improve prediction, integration gener-

ally occurs after the constituent models have been fitted. Vot-

ing and averaging therefore do not allow one learner’s predic-

tive structure to influence the optimisation of another, while 

stacking does not inherently use predictions from a bagging 

model as initial margins in a boosting algorithm. Evidence re-

mains limited on whether a sequential architecture, whereby 

boosting begins from and directly refines an observation-spe-

cific risk surface learned through bagging, can improve ma-

laria-risk prediction. 

These methodological and validation limitations create an 

important evidence gap. An approach that allows boosting to 

refine the observation-specific risk structure learned through 
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bagging may improve predictive performance by combining 

variance reduction with sequential residual correction. How-

ever, the additional flexibility could also amplify geograph-

ically specific patterns and reduce performance in populations 

not represented during model development. Evaluating such 

an architecture using both internal and geographical validation 

is therefore necessary to determine whether any predictive 

gains are robust and transferable across Kenya’s heterogene-

ous malaria-transmission settings. 

Therefore, this study aimed to develop a bagging-initialised 

residual gradient-boosting (BIRGB) model for predicting mi-

croscopy-confirmed malaria infection in children younger 

than five years in Kenya. 

2. Methods 

2.1. Data 

2.1.1. Data Source 

This study used secondary data from the 2020 Kenya Ma-

laria Indicator Survey (KMIS), a nationally representative 

cross-sectional household survey conducted by the Kenya Na-

tional Bureau of Statistics and the National Malaria Control 

Programme of the Ministry of Health, with technical support 

from the Demographic and Health Surveys Program [18]. The 

survey collected information on malaria prevalence, preven-

tion and treatment practices, and relevant demographic and 

socioeconomic characteristics. A two-stage stratified cluster-

sampling design was used to obtain nationally and regionally 

representative estimates. Eligible participants included 

women aged 15 to 49 years and children younger than five 

years in selected households; the children underwent malaria 

testing using rapid diagnostic tests and microscopy [19]. 

2.1.2. Data Processing 

In this study, individual datasets were merged with house-

hold data and then resampled using individual sample weights 

to account for non-coverage, non-response, and population-

level adjustments, restricting the analysis to participants with 

non-missing microscopy-confirmed malaria outcomes, result-

ing in 9,884 observations and 2,557 variables (Table 5). First, 

729 variables with more than 30% missing values were ex-

cluded. Non-informative features were subsequently removed, 

including constant variables (those with only one unique value) 

and exact duplicate columns. To minimise the influence of 

low-variability noise, a variance threshold of 0.01 was applied, 

resulting in the exclusion of 62 variables. Nominal and ordinal 

variables were encoded using one-hot and ordinal encoding, 

respectively, according to the coding information provided in 

the survey documentation [17]. To address multicollinearity, 

variables exhibiting high pairwise correlations (absolute cor-

relation coefficient > 0.8) were identified and removed (82), 

resulting in 222 final variables retained with 9884 observa-

tions from all 47 counties. 

Multiple imputations with chained equations (MICE) [20] 

were utilised to impute the missing values in each of these cat-

egories. Finally, data were harmonised and scaled by stand-

ardising to ensure fair penalisation of the scheme applied to 

all regressors. 

A supervised machine learning framework was imple-

mented as a binary classification task, where individuals with 

malaria positivity constituted the positive class, and those 

without formed the negative class. Counties with substantial 

prevalence of malaria were selected from the 47 counties in 

Kenya and then randomly partitioned into training (80%) and 

test (20%) subsets, maintaining proportional representation of 

the outcome classes. A leave-one-county-out cross-validation 

approach (a separate left-out sample, not used during model 

training or tuning, was reserved for external validation) was 

used to assess the models’ capacity to generalise across geo-

graphical areas. The procedure was iteratively applied across 

all counties, whereby data from one county were excluded 

during model training and reserved exclusively for testing. 

2.2. Development of the BIRGB Model 

The proposed bagging-initialised residual gradient-boost-

ing model integrated random forest and XGBoost sequentially 

rather than combining their final predictions through voting or 

probability averaging. 

First, the random forest was fitted to the development data 

to learn an initial representation of malaria risk. Leakage-safe 

out-of-fold probabilities were generated using stratified cross-

validation. Each development observation therefore received 

a random-forest probability from a model that had not been 

trained on that observation. 

The out-of-fold probabilities were bounded away from zero 

and one to avoid undefined values and were transformed into 

log-odds, which become the corresponding initial prediction 

margin. 

These observation-specific margins were supplied to 

XGBoost as the starting predictions. XGBoost then fitted a se-

quence of regularised corrective trees to the residual classifi-

cation errors, conditional on the risk structure learned by the 

random forest. Consequently, the boosting component refined 

the random-forest risk surface instead of beginning from a sin-

gle constant prediction. 

For internal tests or geographically excluded observations, 

probabilities were first generated using the random-forest 

model fitted exclusively to the corresponding development 

data. These probabilities were transformed into log-odds and 

passed to the fitted XGBoost correction layer. Thus, observa-

tions in the validation datasets did not contribute to either 

component of the hybrid model. 

2.2.1. Hyperparameter Optimisation 

Hyperparameters for random forest, standalone XGBoost 
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and the XGBoost correction component of BIRGB were opti-

mised using randomised search with five-fold stratified cross-

validation. The cross-validated F1 score was used as the opti-

misation criterion because the outcome was highly imbal-

anced and the analysis required a balance between identifying 

malaria-positive children and limiting false-positive classifi-

cations. 

For BIRGB, random-forest out-of-fold probabilities were 

regenerated during the development process before optimising 

the XGBoost correction layer. This preserved the sequential 

dependency between the two learners while preventing in-

sample random-forest predictions from producing overly op-

timistic initial margins. 

The final model configuration was refitted to the complete 

development dataset using the selected predictors and optimal 

hyperparameters. Random seeds were fixed for data partition-

ing, synthetic oversampling, cross-validation, and model fit-

ting to improve computational reproducibility. 

2.2.2. Classification-threshold Selection 

Predicted probabilities were converted into binary classifi-

cations using a data-derived threshold rather than automati-

cally applying a cut-off of 0.50. The threshold was selected 

from the development data using out-of-fold predictions. 

Youden’s index was used to identify the classification thresh-

old that maximised the sum of sensitivity and specificity, 

thereby giving equal weight to the correct classification of 

both malaria-positive and malaria-negative observations [21, 

22]. 

The selected threshold was fixed before evaluation and then 

applied unchanged to the corresponding test or LOCO dataset. 

Validation outcomes were not used to revise the classification 

threshold. This procedure prevented optimistic performance 

estimates arising from threshold selection on the evaluation 

data. 

2.2.3. Model Performance Evaluation 

The F1 score was specified as the primary performance 

measure, as it summarises the balance between precision and 

recall and is more informative than overall accuracy when the 

outcome is uncommon [23]. Secondary measures included 

sensitivity, specificity, precision, receiver operating character-

istic area under the curve, precision–recall area under the 

curve and the Brier score. Confusion matrices were also ex-

amined to characterise true-positive, false-positive, true-neg-

ative and false-negative classifications. 

Performance was evaluated separately in the training, inter-

nal test and LOCO datasets. County-specific estimates were 

reported for each model, together with means and standard de-

viations across counties. Absolute improvement was calcu-

lated by subtracting the comparator-model F1 score from the 

BIRGB F1 score. Positive differences indicated superior 

BIRGB performance, whereas negative differences indicated 

poorer performance than the comparator. 

Internal test performance quantified discrimination among 

observations drawn from the same broad data-generating set-

ting as the development sample. In contrast, LOCO perfor-

mance was interpreted as evidence of geographical transport-

ability. 

2.3. Feature Selection and Model Interpretation 

Sequential forward floating selection (SFFS) was used to 

identify an informative and parsimonious predictor subset 

[24]. The procedure began with an empty feature set and se-

quentially added the predictor that produced the largest im-

provement in the cross-validated F1 score. Following each 

forward step, conditional backward elimination was permitted: 

previously selected predictors could be removed when their 

exclusion improved performance. 

This floating mechanism allowed earlier selection decisions 

to be reconsidered as the composition of the predictor set 

changed, reducing the dependence of the final subset on a 

strictly irreversible forward-selection sequence. The final fea-

ture set was selected according to cross-validated predictive 

performance, supported by examination of the feature-selec-

tion trajectory and the balance between model performance 

and complexity. 

SHapley Additive exPlanations were also used to examine 

the contributions of the selected predictors to BIRGB predic-

tions. SHAP decomposes each prediction into a baseline 

model output and feature-specific contributions. 

Global predictor importance was quantified using the mean 

absolute SHAP value across observations. Predictors with 

larger mean absolute values were interpreted as having greater 

influence on model predictions. A SHAP bar plot was used to 

rank global importance, while a summary plot was used to dis-

play the distribution, magnitude, and direction of feature con-

tributions. 

Positive SHAP values indicated that a predictor shifted the 

model output towards a higher predicted probability of ma-

laria, while negative values shifted it towards a lower pre-

dicted probability. Because the data were cross-sectional and 

the model was developed for prediction, SHAP values were 

interpreted as explanations of the model’s predictions rather 

than causal effects or epidemiological effect estimates. 

3. Results 

3.1. Geographical Distribution of Malaria 

Prevalence 

Malaria prevalence varied widely across Kenya’s counties, 

ranging from 0.00% in several counties to 21.83% in Busia 

(Table 1). The overall prevalence of malaria positivity was 

2.95%. The ten counties with the highest estimated prevalence 

were Busia (21.83%), Siaya (15.04%), Migori (13.55%), 

Bungoma (13.40%), Baringo (11.87%), Kisumu (10.51%), 
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Vihiga (5.97%), Kilifi (5.78%), Kakamega (5.11%) and Tur- kana (1.51%). We then selected these counties for model de-

velopment and evaluation. 

Table 1. County-specific malaria prevalence in Kenya. 

Region Prevalence (%) Region Prevalence (%) Region Prevalence (%) 

Overall (national) 2.95 Kisii 0.00 Nandi 0.88 

Baringo 11.87 Kisumu 10.51 Narok 0.00 

Bomet 0.00 Kitui 0.00 Nyamira 3.11 

Bungoma 13.40 Kwale 0.78 Nyandarua 0.00 

Busia 21.83 Laikipia 0.00 Nyeri 0.00 

Elgeyo-Marakwet 0.00 Lamu 0.00 Samburu 0.00 

Embu 0.00 Machakos 0.00 Siaya 15.04 

Garissa 0.00 Makueni 0.00 Taita-Taveta 0.00 

Homa Bay 1.88 Mandera 0.00 Tana River 0.00 

Isiolo 0.00 Marsabit 0.75 Tharaka-Nithi 0.00 

Kajiado 0.00 Meru 0.00 Trans-Nzoia 0.00 

Kakamega 5.11 Migori 13.55 Turkana 1.51 

Kericho 0.00 Mombasa 1.22 Uasin Gishu 0.00 

Kiambu 0.00 Murang’a 0.00 Vihiga 5.97 

Kilifi 5.78 Nairobi 0.00 Wajir 0.00 

Kirinyaga 0.00 Nakuru 0.00 West Pokot 0.57 

 

3.2. Overall Model Performance 

Model performance was similar across the training, internal 

test, and leave-one-county-out (LOCO) validation datasets 

(Table 2; Figure 1). BIRGB achieved the best average F1 score 

on all three datasets. Its mean F1 score was 0.917 in training, 

0.884 in internal testing, and 0.905 in LOCO validation. The 

equivalent scores were 0.686, 0.685, and 0.683 for random 

forest and 0.566, 0.568, and 0.555 for XGBoost. 

Specifically, BIRGB yielded an absolute improvement of 

0.231, 0.199, and 0.222 in F1-score for training, internal test-

ing, and LOCO validation, respectively, compared to random 

forest. The comparable gains over XGBoost were 0.351, 0.316, 

and 0.350, respectively. The BIRGB mean F1 score declined 

by 0.033 from training to internal testing but remained high in 

geographical validation. Its LOCO performance was 0.021 

better than its internal-test performance, with low between-

county variability (SD 0.005). 

Table 2. Mean F1 scores and absolute BIRGB improvement across training, internal test, and leave-one-county-out validation datasets. 

Dataset 
RF 

Mean F1 (SD) 

XGB 

Mean F1 (SD) 

BIRGB 

Mean F1 (SD) 
Absolute BIRGB improvement 

    versus RF versus XGB 

Training 0.686 (0.005) 0.566 (0.003) 0.917 (0.006) +0.231 +0.351 

Internal test 0.685 (0.005) 0.568 (0.005) 0.884 (0.006) +0.199 +0.316 

LOCO 0.683 (0.019) 0.555 (0.023) 0.905 (0.005) +0.222 +0.350 
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Figure 1. Mean F1 scores and hybrid-model improvement across training, test, and leave-one-out datasets. 

3.3. County-specific Training, Internal Tests 

and Geographical Validation Performance 

BIRGB performed better than the other two methods with 

the best F1 score throughout the training, internal-test, and 

LOCO validation datasets in each county (Tables 3 and 4; Fig-

ures 2 and 3). Training F1 scores ranged from 0.904 in 

Bungoma to 0.924 in Vihiga, compared to 0.678–0.693 for 

random forest and 0.560–0.571 for XGBoost. BIRGB resulted 

in an absolute improvement of 0.224-0.246 compared to ran-

dom forest and 0.338-0.359 compared to XGBoost. 

Internal testing showed BIRGB outperformed alternatives 

with county-specific F1 scores ranging from 0.875 in 

Bungoma and Baringo to 0.895 in Vihiga. The respective 

ranges were 0.677–0.695 for the random forest and 0.559–

0.576 for XGBoost. The absolute improvement relative to ran-

dom forest ranged from 0.188 in Busia to 0.219 in Vihiga, 

while relative to XGBoost, it ranged from 0.305 in Baringo to 

0.330 in Turkana. 

The geographical validation also preserved the performance 

advantage of BIRGB. County-specific LOCO F1 scores were 

0.898 in Baringo and 0.914 in Vihiga, compared to 0.654–

0.718 for random forest and 0.510–0.593 for XGBoost. 

BIRGB outperformed random forest by 0.185-0.247 and 

XGBoost by 0.310-0.398. The biggest improvement of LOCO 

over random forest was in Vihiga (+0.247), and the largest im-

provement of LOCO over XGBoost was in Migori (+0.398). 

The disparity between the classes was large but rather con-

sistent across the counties, with majority-to-minority ratios 

ranging from 18.44:1 in Busia to 18.92:1 in Turkana and Vi-

higa (Table 4). Optimised classification thresholds ranged 

from 0.593 in Busia to 0.630 in Bungoma. While thresholds 

and class distributions varied, BIRGB generally had higher 

county-specific F1 scores and relatively little geographic var-

iation in performance (Tables 6 and 7). 

Table 3. County-specific F1 scores for random forest, XGBoost and BIRGB across training, internal test and leave-one-county-out validation 

datasets. 

County 

Training F1 score Internal test F1 score LOCO F1 score 

RF XGB BIRGB RF XGB BIRGB RF XGB BIRGB 

Busia 0.693 0.567 0.923 0.695 0.570 0.883 0.681 0.578 0.904 

Kakamega 0.684 0.561 0.920 0.681 0.567 0.887 0.696 0.559 0.907 

Bungoma 0.679 0.566 0.904 0.680 0.569 0.875 0.654 0.535 0.899 

http://www.sciencepg.com/journal/bsi


Biomedical Statistics and Informatics http://www.sciencepg.com/journal/bsi 

 

105 

County 

Training F1 score Internal test F1 score LOCO F1 score 

RF XGB BIRGB RF XGB BIRGB RF XGB BIRGB 

Kilifi 0.687 0.566 0.921 0.687 0.569 0.887 0.718 0.593 0.903 

Kisumu 0.690 0.568 0.922 0.685 0.564 0.886 0.696 0.558 0.904 

Migori 0.688 0.571 0.916 0.687 0.572 0.882 0.668 0.510 0.908 

Baringo 0.684 0.567 0.912 0.683 0.570 0.875 0.679 0.547 0.898 

Turkana 0.686 0.560 0.915 0.688 0.559 0.888 0.697 0.570 0.905 

Siaya 0.689 0.565 0.915 0.691 0.576 0.882 0.674 0.545 0.906 

Vihiga 0.678 0.567 0.924 0.677 0.568 0.895 0.667 0.557 0.914 

Table 4. Classification thresholds, class imbalance, and absolute F1-score differences between BIRGB and the comparator models. 

County Threshold 
Imbalance 

ratio 

Training improvement Internal test improvement LOCO improvement 

versus RF versus XGB versus RF versus XGB versus RF versus XGB 

Busia 0.593 18.44:1 +0.230 +0.356 +0.188 +0.313 +0.223 +0.327 

Kakamega 0.622 18.87:1 +0.236 +0.359 +0.205 +0.320 +0.211 +0.348 

Bungoma 0.630 18.64:1 +0.224 +0.338 +0.194 +0.306 +0.245 +0.364 

Kilifi 0.627 18.85:1 +0.234 +0.355 +0.200 +0.318 +0.185 +0.310 

Kisumu 0.603 18.77:1 +0.232 +0.354 +0.202 +0.323 +0.208 +0.345 

Migori 0.627 18.64:1 +0.228 +0.346 +0.195 +0.309 +0.240 +0.398 

Baringo 0.601 18.87:1 +0.228 +0.345 +0.192 +0.305 +0.219 +0.351 

Turkana 0.609 18.92:1 +0.229 +0.354 +0.201 +0.330 +0.208 +0.335 

Siaya 0.617 18.56:1 +0.226 +0.350 +0.191 +0.306 +0.232 +0.361 

Vihiga 0.595 18.92:1 +0.246 +0.357 +0.219 +0.327 +0.247 +0.357 

 
Figure 2. County-specific F1 scores for random forest, XGBoost, and the hybrid model across training, testing, and leave-one-county-out 

validation. 
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Figure 3. County-specific absolute differences in F1 score between BIRGB and the standalone models (greener cells indicate greater improve-

ment in BIRGB performance, whereas darker red cells indicate poorer performance relative to the comparator model). 

3.4. Variable Selection and Predictive 

Performance 

The SFFS identified a final subset of 30 predictors for the 

BIRGB model (Figure 4). The SHAP summary plot showed 

variation in the magnitude and direction of predictor contribu-

tions (Figure 5). Positive SHAP values shifted predictions to-

wards malaria positivity, while negative values shifted predic-

tions towards malaria negativity. Red and blue points indicate 

high and low predictor values, respectively, rather than malaria 

outcomes. 

Altitude had the greatest influence on model output. Higher 

altitude values shifted predictions towards malaria negativity, 

while lower values produced more heterogeneous contributions. 

Higher household member and child ages generally contributed 

to malaria positivity. In contrast, higher measured and altitude-

adjusted haemoglobin levels shifted predictions towards ma-

laria negativity, while lower levels contributed to malaria posi-

tivity. 

Higher wealth-index values and mobile-phone ownership 

shifted predictions towards malaria negativity. Larger numbers 

of daughters living elsewhere, children ever born, and house-

hold members generally contributed towards malaria positivity, 

although their contributions were smaller. Malaria-treatment 

knowledge, concern that childhood fever could represent ma-

laria, preceding birth interval, and day of birth produced com-

paratively modest or heterogeneous contributions. 

 
Figure 4. Sequential forward floating selection of important features. 
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Figure 5. SHAP summary plots for malaria status predictors. 

4. Discussion 

This study built and validated a bagging-initialised residual 

gradient-boosting (BIRGB) model to predict microscopy-con-

firmed malaria infections among children under 5 years of age 

in Kenya. Two major findings were identified. First, BIRGB 

consistently outperformed the standalone random forest and 

XGBoost models on both training and internal testing in all 10 

counties. Second, BIRGB demonstrated robustness in leave-

one-county-out geographical validation, achieving the highest 

F1 score in each excluded county and outperforming the com-

parator models. The average BIRGB F1 score was 0.917 in 

training, 0.884 in internal testing, and 0.905 in LOCO valida-

tion. This contrasted with 0.683 for random forest and 0.555 

for XGBoost in LOCO validation. These results indicate that 

sequentially initialising XGBoost with random-forest-derived 

risk estimates from a random forest improves both internal 

prediction performance and geographic transportability. 

4.1. Predictive Performance and Geographical 

Transportability 

BIRGB surpassed both individual models by a wide margin. 

In internal testing, it increased the mean F1 score by 0.199 in 

comparison to random forest and by 0.316 in comparison to 

XGBoost. The advantage was observed in every county, con-

firming the proposed sequential architecture, in which random 

forest estimates observation-specific malaria risk, followed by 

XGBoost learning a corrective residual structure. The findings 

are consistent with evidence that tree-based machine-learning 

algorithms may identify complicated non-linear correlations 

among environmental, demographic, socioeconomic, and 

household factors in population-based malaria data [25, 26]. 

Importantly, the predictive superiority of BIRGB was main-

tained across regional validation. The mean LOCO F1 score 

was 0.905 compared to 0.683 for random forest and 0.555 with 

XGBoost, with absolute improvements of 0.222 and 0.350, re-

spectively. BIRGB obtained the best LOCO F1 score among 

all the methods for each omitted county, ranging from 0.898 

to 0.914. Its average LOCO performance was likewise 0.021 

greater than its internal-test performance, showing no degra-

dation in performance when applied to counties not used in 

model development. 

This high regional heterogeneity of malaria transmission in 

Kenya is important to consider. Altitude, rainfall, land-surface 

temperature, proximity to permanent water bodies, night-time 

light intensity, and use of insecticide-treated nets have been 

identified in previous studies of the Kenya Malaria Indicator 

Surveys as geographically varying predictors of children's 

parasitaemia [27, 28]. Similarly, research on surveillance has 

revealed disparities in the link between rainfall and tempera-

ture and malaria incidence in western and coastal Kenya [29]. 

Such differences may lead to variances in the prevalence of 

outcomes, predictor distributions, and predictor–outcome 

connections and so reduce the effectiveness of models shared 

between counties. The present results indicate that the sequen-

tial BIRGB architecture captured predictive structure that was 

consistent throughout the geographic locations examined. 

LOCO validation provides a more conservative measure of 

geographic transportability than a random train-test split be-

cause each model is validated in a county that contributed no 

observations to model construction. The results represent 

promising evidence of geographical robustness. Further as-

sessment using later malaria indicator surveys and independ-

ent routine surveillance data that maintain the natural occur-

rence of malaria and evaluate discrimination, calibration, pub-

lic health value, and performance in clinically and geograph-

ically relevant subgroups, comparable with current prediction-

model validation [30-32]. 
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4.2. Predictor Contributions 

SFFS identified 30 predictors for the final BIRGB model, 

with SHAP analysis demonstrating substantial heterogeneity 

in their contribution to malaria classification. Altitude was the 

most influential predictor, with higher elevations generally 

shifting predictions towards malaria negativity. This finding is 

consistent with recent Kenyan evidence identifying altitude, 

rainfall, temperature, and proximity to water bodies as im-

portant spatial determinants of malaria transmission [27-29]. 

Higher elevations typically have lower temperatures, which 

may constrain mosquito survival and parasite development. 

Higher measured and altitude-adjusted haemoglobin levels, 

as well as higher household member and child ages, generally 

shifted predictions towards malaria positivity. Age-related in-

creases in childhood malaria risk have also been reported in 

recent analyses of malaria indicator surveys [26, 33]. This pat-

tern may reflect increased mobility and exposure to mosquito 

bites as children grow older, although the association varies 

with transmission intensity and the acquisition of immunity. 

The household-member age variable may additionally capture 

household composition and should therefore not be inter-

preted solely as the biological effect of the child’s age. 

Higher measured and altitude-adjusted haemoglobin levels 

shifted predictions towards malaria negativity, while lower 

values contributed to malaria positivity. This agrees with a re-

cent systematic review reporting significantly lower haemo-

globin concentrations among children with malaria [34]. 

However, because haemoglobin and parasitaemia were meas-

ured concurrently, reduced haemoglobin may represent a con-

sequence or contemporaneous marker of infection rather than 

an antecedent risk factor. 

Higher wealth-index values and mobile-phone ownership 

generally contributed to malaria-negative predictions. These 

variables may reflect improved housing, access to preventive 

interventions, health information and healthcare services. 

Similar associations between socioeconomic disadvantage 

and childhood malaria have been reported in population-based 

studies [26, 33]. 

Larger numbers of daughters living elsewhere, children 

ever born, and household members generally shifted predic-

tions towards malaria positivity, although their contributions 

were smaller. These variables may capture household crowd-

ing, fertility, migration, caregiving arrangements, or unmeas-

ured socioeconomic conditions. Their effects should therefore 

be regarded as context-specific predictive signals rather than 

independent malaria determinants. Likewise, malaria-treat-

ment knowledge, concern that childhood fever could indicate 

malaria, preceding birth interval, and day of birth showed 

modest or heterogeneous contributions, indicating limited and 

potentially interaction-dependent predictive value. 

Generally, the model combined environmental, demo-

graphic, haematological, socioeconomic, household-composi-

tion, and malaria-knowledge information. However, SHAP 

values explain how the fitted BIRGB model generated predic-

tions; they do not establish causality [34]. 

4.3. Strengths and Limitations 

This study contributes a sequential ensemble architecture in 

which leakage-safe, out-of-fold random-forest probabilities 

initialise the margins of XGBoost. It also compares internal 

performance with county-based geographical validation, uses 

a microscopy-confirmed outcome from a population-based 

survey and evaluates competing models on identical partitions. 

Applying SMOTE only within the training data reduced infor-

mation leakage, while combining feature selection with SHAP 

provided complementary evidence for predictor inclusion and 

model behaviour. 

Limitations in this study exist that warrant consideration. 

The cross-sectional design precludes establishing temporal or 

causal relationships. Low county-specific malaria prevalence 

produced few positive observations, making F1 scores, thresh-

olds and feature rankings potentially unstable. SMOTE can 

facilitate minority-class learning but cannot compensate for 

limited epidemiological information. In addition, only ten 

counties from one survey were modelled, and LOCO valida-

tion did not assess temporal transportability. Finally, several 

predictors were self-reported, while important environmental 

variables were incompletely represented. 

5. Conclusion 

Sequential initialisation of XGBoost using risk estimates 

from the random forest significantly improved malaria classi-

fication compared to random forest and XGBoost alone. 

BIRGB yielded the greatest F1 scores during training, internal 

testing, and LOCO validation and maintained its predictive 

edge across all geographically excluded counties. Altitude, 

household-member age, and haemoglobin were among the 

most influential predictors; however, their contributions ex-

plain model predictions and should not be interpreted as cau-

sality. These results enhance support for the possibility of 

BIRGB for regionally varied predictions of malaria risk. 

6. Recommendations 

Independent temporal and geographical validation is neces-

sary before BIRGB can be used for malaria screening or re-

source allocation. Future studies should consider multiple 

rounds of survey, maintain natural malaria prevalence, and in-

clude temporally coordinated meteorological and geospatial 

factors. Validation should include measures of discrimination, 

calibration, public-health utility, subgroup performance, and 

fairness. PROBAST+AI should be used to assess risk of bias 

and applicability [31, 32]. 
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AUC-PR Area Under the Precision–Recall Curve 

AUC-ROC Area Under the Receiver Operating Characteristic Curve 
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CI Confidence Interval 

DHS Demographic and Health Surveys 

ITN Insecticide-Treated Net 

KMIS Kenya Malaria Indicator Survey 

KNBS Kenya National Bureau of Statistics 

LOCO Leave-One-County-Out 

ML Machine Learning 

NMCP National Malaria Control Programme 

OOF Out-of-Fold 

PROBAST+AI Prediction Model Risk of Bias Assessment Tool Plus Artificial Intelligence 

RDT Rapid Diagnostic Test 

RF Random Forest 

SD Standard Deviation 

SFFS Sequential Forward Floating Selection 

SHAP SHapley Additive exPlanations 

SMOTE Synthetic Minority Over-sampling Technique 

TRIPOD+AI Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis Plus 
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XGB Extreme Gradient Boosting 

XGBoost Extreme Gradient Boosting 
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Appendix 

Table 5. Variables excluded during preprocessing. 

Preprocessing step Number of variables 

Total available variables 2,557 

Exact duplicate columns removed 1,144 

Constant or additional duplicate columns removed 230 

Net reduction following manual exclusion and feature engineering 126 

More than 30% missing 729 

Constant or duplicate columns removed after missingness filtering 7 
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Preprocessing step Number of variables 

County variables added through one-hot encoding +46 

Non-informative variables removed (variance < 0.01) 62 

Highly correlated or redundant variables removed 82 

Additional variable with more than 30% missing 1 

Total variables excluded, net of encoded variables added 2,335 

Final variables retained 222 

Table 6. County-specific Random-forest optimised hyperparameters for the BIRGB model. 

County Trees 
Maximum 

 depth 

Minimum 

samples 

 to split 

Minimum 

samples 

 per leaf 

Maximum 

 features 

Class 

 weight 

Split 

 criterion 

Busia 200 15 10 1 sqrt None Entropy 

Kakamega 200 15 10 1 sqrt None Entropy 

Bungoma 200 15 10 1 sqrt None Entropy 

Kilifi 200 15 10 1 sqrt None Entropy 

Kisumu 200 15 10 1 sqrt None Entropy 

Migori 200 15 10 1 sqrt None Entropy 

Baringo 200 15 10 1 sqrt None Entropy 

Turkana 200 15 10 1 sqrt None Entropy 

Siaya 200 15 10 1 sqrt None Entropy 

Vihiga 200 15 10 1 sqrt None Entropy 

Table 7. County-specific XGBoost optimised hyperparameters for the BIRGB model. 

County 

Learn-

ing rate 

 (eta) 

Maxi-

mum 

 depth 

Minimum 

child 

 weight 

Row 

sampling 

 ratio 

Column 

sampling 

 ratio 

Gamma 
L2  

(lambda) 

L1  

(alpha) 

Boosting 

 rounds 

Optimal 

 thresh-

old 

Busia 0.01 6 1 0.7 0.9 0 1 0.1 50 0.593 

Kakamega 0.01 6 1 0.7 0.9 0 1 0.1 50 0.622 

Bungoma 0.01 4 3 0.8 0.8 0.5 2 0 80 0.630 

Kilifi 0.01 6 1 0.7 0.9 0 1 0.1 50 0.627 

Kisumu 0.01 3 3 0.8 0.7 0.1 2 0.1 50 0.603 

Migori 0.01 6 1 0.7 0.9 0 1 0.1 50 0.627 

Baringo 0.01 6 1 0.7 0.9 0 1 0.1 50 0.601 

Turkana 0.01 5 5 0.8 0.9 0.5 1 0.1 50 0.609 

Siaya 0.01 5 5 0.8 0.9 0.5 1 0.1 50 0.617 

Vihiga 0.01 6 1 0.7 0.9 0 1 0.1 50 0.595 
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