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Abstract

Household-level malaria risk profiling is a high-impact decision-support problem because
public health teams must allocate prevention, surveillance, and follow-up resources under
uncertainty. This paper develops and evaluates a human-centered artificial intelligence and
machine learning framework for classifying household malaria infection risk while preserv-
ing expert oversight. The study uses the supplied project outputs from a synthetic household
dataset designed to emulate variables commonly collected in demographic and malaria
indicator surveys, including housing materials, bed-net availability and use, proximity to
water, household size, education, income, eave openness, flooring, window screening, and
binary infection status. The pipeline imputes missing values, transforms skewed environ-
mental distance, encodes ordinal and nominal attributes, balances the training data with
synthetic minority over-sampling, trains interpretable and ensemble classifiers, evaluates
performance on a stratified hold-out set, and produces global and local explanations using
feature-attribution visualizations. Logistic regression achieved the strongest overall accu-
racy (0.805), area under the receiver operating characteristic curve (0.87), and calibration
score (Brier score 0.143), whereas the decision tree achieved the highest infected-household
recall (0.756), indicating its usefulness when missed infections are operationally costly.
Explainability outputs identified bed-net use, income level, proximity to water, flooring,
bed-net availability, window screening, mud walls, household size, and thatch roofs as
influential risk drivers. The paper contributes a reproducible AI/ML workflow, a human-in-
the-loop review mechanism based on calibrated risk tiers and disagreement triggers, and an
ethical governance framework for fairness, accountability, and deployment monitoring. The
findings support the thesis that artificial intelligence should augment public health expertise
rather than replace human judgment.

1. Introduction

MPUTATIONAL
'HODS

Malaria control requires decisions that are geographically and socially granular. Global and regional mapping studies have shown that
malaria transmission is heterogeneous across space and time, and that interventions become more effective when they are aligned with local
ecological, demographic, and behavioral risk patterns [1-4]. At the household level, the same logic becomes more operational: households
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differ in housing quality, bed-net access, net use, proximity to mosquito breeding habitats, household size, socioeconomic status, and
exposure-reducing features such as screened windows and closed eaves. These factors do not determine infection status mechanically,
yet they influence exposure and vulnerability in ways that can help public health teams prioritize outreach, education, environmental
management, and follow-up testing. Systematic reviews and multi-country analyses indicate that improved housing and structural barriers
can reduce malaria risk, while hotspot-oriented thinking highlights the importance of identifying concentrated transmission patterns rather
than distributing limited resources uniformly [5-7].

The operational significance of household malaria risk profiling is substantial. In malaria-endemic settings, field teams often make
decisions under constraints: diagnostic resources may be limited, vector-control teams cannot visit every household with equal frequency, and
surveillance officers must distinguish households needing urgent intervention from those requiring routine monitoring. Traditional approaches
use rule-based risk categories, expert judgment, household survey indicators, and sometimes coarse spatial maps. These approaches remain
indispensable, but they can struggle to combine many interacting predictors, quantify uncertainty, and update decision rules reproducibly
when data distributions change. At the same time, high-quality household survey systems such as Demographic and Health Surveys provide
a methodological foundation for standardized individual and household variables that can support micro-epidemiological modelling [8]. The
challenge is not simply to predict infection risk, but to transform prediction into transparent, auditable, and equitable decision support.

Artificial intelligence and machine learning offer tools for this challenge because they can learn nonlinear relationships, estimate
individual-level probabilities, rank features, and reveal cases where the model is uncertain or where model classes disagree. In health and
medicine more broadly, Al systems are increasingly framed as tools that can expand clinical and public health capacity, provided that
they are evaluated rigorously and embedded into human workflows [9—11]. The promise is particularly relevant for malaria programs: a
household risk model can support triage, guide resource allocation, and make tacit risk logic explicit. However, predictive performance alone
is insufficient. If a model cannot be interpreted, monitored, challenged, or contextualized by public health workers, it may produce brittle or
inequitable recommendations. Human-centered Al emphasizes reliability, safety, transparency, and meaningful human control, and these
principles are central to this study’s design [12].

This paper investigates how Al and machine learning can augment human decision-making within household malaria risk profiling. The
study uses the supplied project artifacts as primary empirical evidence: a synthetic dataset of 1,000 households, classification reports for
three models, normalized confusion matrices, receiver operating characteristic (ROC) and precision-recall curves, a calibration diagram, a
visualized decision tree, SHAP global importance plots, and local explanations for high-risk households. The research objective is to develop
an explainable AI/ML framework that classifies household malaria infection risk while strengthening, rather than replacing, expert judgment.
Three contributions follow: a reproducible modelling workflow, a human-in-the-loop governance mechanism based on calibrated risk tiers,
and an ethical risk-management framework for fairness, documentation, monitoring, and accountability.

2. Related Work and Conceptual Basis

The introduction established household malaria profiling as an augmentation problem: models must improve triage while remaining
interpretable, governable, and accountable. The literature therefore needs to explain both the epidemiological basis for household risk and
the Al design principles that keep prediction connected to human decision-making.

Malaria risk assessment has historically relied on epidemiological surveillance, geospatial modelling, household surveys, vector ecology,
and expert-defined intervention strategies. Global endemicity maps demonstrated that malaria risk is not spatially uniform and that mapping
can guide intervention planning and evaluation [1, 2]. Later spatial-temporal studies connected intervention coverage with changing parasite
prevalence and disease burden, strengthening the case for data-driven control programs [3, 4]. These studies operate at larger spatial scales
than household risk profiling, but they establish an important principle: risk stratification is central to malaria governance.

Household-level approaches complement broad mapping by representing local exposure and vulnerability. Housing quality, eave
structure, wall and roof material, floor type, and window screening affect mosquito entry and indoor exposure. A systematic review found
consistent evidence that improved housing is associated with lower malaria outcomes, and a multi-country analysis of survey data linked
improved housing to reduced malaria risk among children in sub-Saharan Africa [5, 6]. Hotspot research similarly argues that concentrated
transmission can justify targeted interventions, while also warning that hotspots are complex and require careful operational validation [7].
These findings motivate models that can synthesize multiple household indicators into actionable risk estimates.

Machine learning expands the analytical toolkit for risk prediction by estimating patterns that may be difficult to encode manually.
Logistic regression remains attractive because coefficients and odds ratios are comparatively transparent for binary outcomes [13]. Decision
trees provide rule-like structures that align with operational reasoning, and ensemble methods such as random forests reduce variance
by aggregating multiple randomized trees [14]. Gradient boosting represents a related ensemble family that builds predictive functions
sequentially and has influenced many contemporary tabular prediction pipelines [15]. In imbalanced health classification problems, methods
such as synthetic minority over-sampling can improve the representation of positive cases during model training [16].

Evaluation must match the decision problem. Accuracy can obscure failures when the positive class is less frequent or more costly
to miss. ROC analysis summarizes discrimination across thresholds, while precision—recall curves are especially informative when class
prevalence is uneven [17, 18]. Calibration is equally important because public health decisions often depend on probability thresholds
rather than labels alone; a model that discriminates well but produces unreliable probabilities can mislead triage [19]. These methodological
concerns explain why the supplied project outputs include classification reports, confusion matrices, ROC curves, precision—recall curves,
and calibration curves rather than a single metric.

Human-in-the-loop Al systems are designed so that automated predictions remain subject to human interpretation, contestation, and
contextualization. Public health teams know whether a household recently received nets, whether water proximity reflects seasonal or
permanent breeding habitat, whether local vector behavior has changed, and whether social constraints affect intervention feasibility.
Human-centered Al therefore requires interfaces that clarify model capabilities, communicate uncertainty, support correction, and preserve
user agency [12, 20]. The literature on automation warns that decision support can generate misuse, disuse, or over-reliance [21, 22].
These risks imply that malaria risk systems should avoid presenting predictions as commands; instead, predictions should be paired with
explanations, thresholds, confidence information, and escalation rules. Model explanations such as LIME and SHAP can help users inspect
why a prediction was made, although interpretability claims must be treated carefully [23-25]. For high-stakes domains, some scholars argue
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that interpretable models should be preferred where they can achieve adequate performance [26].

Ethical deployment requires more than technical accuracy. Health algorithms can reproduce inequities when labels, proxies, missingness,
or access patterns encode historical disadvantage. Evidence from population health management shows that biased proxy outcomes can
systematically misallocate resources [27]. Fairness research further emphasizes that technical abstractions can fail when they ignore
sociotechnical context, including how predictions are used, who bears errors, and who can challenge decisions [28]. Documentation practices
such as model cards and dataset datasheets help address these risks by describing intended use, performance, limitations, and data provenance
[29, 30]. Reporting guidance for prediction models similarly encourages transparent description of data, preprocessing, validation, and
performance [31]. These requirements motivate the methodology that follows, where predictive modelling is deliberately coupled with
calibration, explanation, and review triggers.

3. Methodology

Consistent with the review, the empirical workflow treats prediction, interpretation, and oversight as linked design requirements rather than
separate tasks. The dataset contains 1,000 household observations and 12 columns, including 11 predictors and a binary target where 1
denotes infected and 0 denotes uninfected. The predictors are grouped into four categories: structural housing variables, prevention behavior,
environmental exposure, and socioeconomic or demographic context. Structural variables include wall type, roof type, floor type, eave
openness, and the number of screened windows. Prevention variables include bed-net availability and bed-net use on the previous night.
Environmental exposure is represented by proximity to a water body in meters. Demographic and socioeconomic variables include household
size, education of the household head, and income level. Table 1 summarizes the empirical data profile used by the pipeline.

Table 1: Dataset and modelling profile derived from the supplied project artifacts.

Element Observed value

Records and predictors 1,000 households; 11 predictors plus binary target

Target distribution 612 uninfected (61.2%); 388 infected (38.8%)

Missingness 238 missing cells in education of household head; no duplicate records
Numeric ranges Water 0.02-1995.64 m; size 1-15; screened windows 0-6

Validation design Stratified 80/20 split; hold-out test set of 200 households

Test support 122 uninfected and 78 infected households

Training balance SMOTE applied to training data after preprocessing

Table 1 shows that the problem is moderately imbalanced and contains household attributes that are both operationally meaningful and
ethically sensitive. Data preprocessing was designed to preserve the semantics of these variables while producing a numeric feature matrix.
Missing categorical, ordinal, and binary values were imputed using the mode, while missing numerical values would be imputed using
the median. In the supplied dataset, missingness occurred in the education variable and was handled through this procedure. Proximity to
water was transformed using log(1 + x) to reduce skewness while preserving monotonic interpretation. Education and income were encoded
ordinally, reflecting ordered categories. Nominal housing variables were one-hot encoded, producing explicit indicators such as mud wall,
concrete wall, thatch roof, earth floor, and cement floor.

Let x; denote the processed feature vector for household i, y; € {0, 1} denote infection status, and p; = f (x;) denote the model-estimated
infection probability. The final decision support output is not only a class label but also a probability and a review tier:

Low, pi < 0.30,
T; = { Medium, 0.30 < p; < 0.60, (1)
High,  p; > 0.60.

Equation 1 formalizes the human-in-the-loop pathway: high-risk cases, medium-risk cases with contextual concern, and cases with
model disagreement are routed to expert review before action.

The modelling stage trained three evaluated classifiers: logistic regression, a decision tree, and a random forest. Logistic regression was
configured with class balancing and maximum iterations sufficient for convergence, providing an interpretable linear baseline for binary
classification [13]. The decision tree used a maximum depth of five and balanced class weights, producing a visual rule set that can be
inspected by public health experts. The random forest used 100 trees and balanced class weights, providing an ensemble benchmark with
nonlinear feature interactions [14]. Class imbalance was addressed only within the training split using SMOTE [16]. This order avoids
contaminating the hold-out test set with synthetic examples while improving the model’s exposure to the infected class during learning.

Evaluation metrics were selected to reflect both statistical and operational goals. Accuracy summarizes overall correctness. Precision
for the infected class measures how often predicted high-risk households are truly infected. Recall for the infected class measures how
many infected households are found, a critical metric when missed infection risk is costly. F1-score balances precision and recall. ROC
AUC assesses threshold-independent ranking performance, and precision—recall curves emphasize positive-class behavior under imperfect
prevalence balance [17, 18]. Calibration curves and Brier scores assess whether predicted probabilities can be interpreted as risk estimates
[19]. Explainability was implemented at two levels: global SHAP summaries for population-level feature influence and local waterfall
explanations for high-risk households [24]. This design makes the model an input to decision-making rather than a replacement for
decision-makers.

4. Results and Analysis

The preceding workflow generated quantitative and explanatory outputs that directly test the augmentation thesis. The hold-out results show
that no single model dominates every operational criterion. Table 2 reports the supplied classification metrics and figure-derived AUC and
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Brier scores.

Table 2: Hold-out test performance for evaluated household malaria risk classifiers. Positive-class metrics refer to infected households.

Model Acc. Prec. Recall F1 AUC  Brier
Logistic regression  0.805 0.791  0.679  0.731  0.87 0.143
Decision tree 0.765 0.678 0.756 0.715 0.82 0.176
Random forest 0.750 0.741 0.551 0.632 0.84 0.163

Table 2 indicates that logistic regression achieved the highest overall accuracy at 0.805, the strongest ROC AUC at 0.87, and the best
Brier score at 0.143. It also produced the highest infected-class precision at 0.791. These results indicate that the logistic model is the most
reliable general-purpose risk scorer among the evaluated models, particularly when calibrated probability estimates and stable performance
are important. The decision tree achieved lower accuracy but higher infected-household recall at 0.756, meaning that it identified a larger
share of infected households at the cost of more false positives. The random forest had a higher AUC than the decision tree but weaker
positive-class recall at the default threshold, illustrating why threshold selection and operational objectives are crucial.

The same trade-off is visible at the level of error counts, so Table 3 reports true negatives, false positives, false negatives, and true
positives for each classifier.

Table 3: Confusion-count analysis derived from the supplied classification reports. Rows indicate true class.

Model T FP FN TP
Logistic regression 108 14 25 53
Decision tree 94 28 19 59
Random forest 107 15 35 43

Table 3 clarifies the error trade-offs. Logistic regression missed 25 infected households and falsely flagged 14 uninfected households.
The decision tree reduced false negatives to 19 but doubled false positives to 28. The random forest preserved a low false-positive count of 15
but missed 35 infected households. For household malaria surveillance, these differences map directly onto policy choices. If interventions
are inexpensive and the priority is to avoid missed infection risk, the decision tree or a lower logistic-regression threshold may be preferred.
If intervention capacity is scarce and unnecessary visits must be minimized, logistic regression’s precision and calibration are attractive.

Figure 1 shows the supplied decision tree. Although less accurate overall than logistic regression, the tree is valuable because it exposes
conditional rules that can be reviewed by epidemiologists. Its structure helps identify whether the model is using plausible splits, such as
bed-net behavior, household conditions, and environmental exposure, or whether it is relying on fragile artifacts.

MAAR
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Figure 1: Visualized decision tree used as an interpretable classifier for household malaria infection risk. The tree provides rule-level evidence for expert
review and operational communication.
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The tree figure makes the model’s rule structure auditable: reviewers can see whether splits correspond to plausible exposure and
prevention variables before accepting its high-recall operating point. Figure 2 reports discrimination, precision—recall behavior, and
calibration for the three evaluated classifiers.
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Figure 2: Ranking and probability-quality diagnostics: ROC curve, precision—recall curve, and calibration curve. Logistic regression shows the best AUC and
Brier score, while precision—recall behavior highlights threshold-dependent trade-offs

Figure 2 confirms that logistic regression ranks infected and uninfected households best across thresholds, followed by random forest
and decision tree. The precision—recall curve reveals that precision declines as recall approaches complete case-finding, emphasizing the
operational cost of aggressive screening. The calibration plot shows that logistic regression is closest to reliable probability estimation
overall, while the random forest and decision tree show greater deviations in several probability bins. Because the proposed human-review
mechanism depends on probability tiers, calibration is not a secondary concern; it affects how often households are routed to low-, medium-,
or high-risk workflows.
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Figure 3 presents the supplied normalized confusion matrices. These plots make class-specific behavior visible without requiring readers
to infer it from scalar metrics.
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Figure 3: Normalized confusion matrices for logistic regression, decision tree, and random forest. The matrices show the central operating trade-off between
infected-household recall and false-positive burden

Figure 3 shows that logistic regression correctly classifies 0.89 of uninfected households and 0.68 of infected households. The decision
tree sacrifices uninfected specificity, correctly classifying 0.77 of uninfected households, but improves infected-household detection to 0.76.
Random forest correctly classifies 0.88 of uninfected households but only 0.55 of infected households. These matrices translate scalar metrics
into operational consequences, making the false-negative burden and false-positive workload visible before explanation is considered.
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Explainability results identify plausible risk drivers. Figure 4 shows that the largest average random-forest SHAP contributions are
associated with bed-net use on the previous night, income level, proximity to a water body, earth flooring, bed-net availability, cement
flooring, screened windows, mud walls, household size, and thatch roofs.
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Figure 4: Global explainability outputs: random-forest mean absolute SHAP ranking, random-forest SHAP beeswarm, and logistic-regression SHAP
beeswarm. The compact composite keeps the explanatory evidence adjacent while preserving readable feature labels

The global explanations connect model performance to substantive risk patterns: the strongest features are not abstract proxies alone,
but variables that a reviewer can inspect and, in many cases, address through prevention or follow-up. The direction and dispersion of the
beeswarm plot indicate that features do not merely matter in isolation; their values push risk upward or downward depending on household
context. The logistic-regression SHAP summary provides an interpretable baseline for comparison.

Figure 5 gives local explanations for three high-risk households. These plots are especially relevant to the augmentation thesis because
they convert an opaque score into a reviewable case narrative.

The local explanations complete the evidence chain by turning a ranked case into an auditable case narrative, which is exactly the form
needed for human-in-the-loop review. A field officer can inspect whether a high-risk prediction is driven by non-use of a bed net, short
distance to water, earth flooring, open eaves, large household size, or other variables. The reviewer can then decide whether the appropriate
action is household education, net replacement, environmental inspection, diagnostic follow-up, or no immediate intervention because
local information contradicts the model. Taken together, the results support a decision-support interpretation rather than an automation
interpretation. Logistic regression is the strongest default scorer, the decision tree is useful when high recall is prioritized, the random
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forest supplies nonlinear explanations but requires threshold adjustment for screening, and SHAP explanations expose the feature structure

underlying risk estimates.
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can compare with field knowledge before action

5. Discussions
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The empirical pattern just reported moves the paper from model comparison to deployment interpretation: the question is not which
classifier should act alone, but how each output can strengthen accountable public health judgement. The findings show that Al can improve
household malaria decision-making by organizing evidence, quantifying risk, and revealing patterns that are difficult to maintain in manual

rules. The strongest model, logistic regression, achieved

a useful balance of discrimination, calibration, and interpretability. This matters

because public health teams need probabilities that can support prioritization, not just binary labels. At the same time, the decision tree’s
higher infected-class recall demonstrates that model choice depends on intervention policy. A program facing an outbreak may prefer a

sensitive screening configuration; a program with limited

visit capacity may prefer calibrated precision. Al therefore expands the decision
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space, but human leaders must still choose the operating point.

Practical implications follow directly. A household malaria risk system could be deployed as a dashboard or scoring tool that ranks
households for review, flags high-risk profiles, and identifies the features most responsible for each score. Such a tool could reduce
administrative burden and support consistent triage across teams. However, implementation should begin with prospective local validation
rather than direct operational substitution. The supplied dataset is synthetic and useful for pipeline development, but real-world deployment
would require representative survey data, temporal validation, geospatial linkage, and evaluation across demographic and ecological
subgroups. Reporting standards for prediction models encourage this transparency because model utility depends on data provenance,
inclusion criteria, missingness, and validation design [31].

Policy implications center on equitable allocation. Variables such as income, education, and housing quality can identify vulnerability,
but they also encode structural inequality. If a model uses these variables to direct supportive interventions, it may improve equity by finding
underserved households. If it is used to restrict services, penalize households, or stigmatize communities, it can deepen inequity. The
fairness literature warns that algorithmic systems must be evaluated as sociotechnical systems, not merely as mathematical predictors [28].
Evidence of bias in health algorithms further demonstrates that even high-performing systems can misallocate resources when proxy labels
or design choices encode inequitable assumptions [27]. Therefore, the governance framework should require subgroup performance audits,
fairness-sensitive review of proxy-driven predictions, and community accountability.

Human-Al collaboration is the central design principle. The model should make public health expertise more effective by surfacing risk
signals quickly, but it should not override local knowledge. Reviewers may know that a household recently received nets, that nearby water is
treated or seasonal, that a recorded income value is outdated, or that a case cluster requires immediate response despite a medium predicted
score. Interface guidelines for human-Al interaction recommend communicating system capabilities, uncertainty, and recoverability when
errors occur [20]. Automation-bias research reinforces the need for training and workflow design that encourage users to question predictions
rather than accept them passively [21, 22].

Explainability strengthens trust when used appropriately. SHAP summaries showed that bed-net behavior, income, proximity to water,
flooring, window screening, wall type, household size, and roof type were influential. These features are plausible, but plausibility is not
proof of causality. Explanations should be used to inspect model behavior, detect unexpected patterns, support communication, and guide
audit questions. They should not be used to claim that changing a single feature will necessarily change infection status. This distinction is
particularly important for socioeconomic variables: the model may identify poverty-related risk, but ethical intervention requires addressing
vulnerability rather than blaming households.

The study has limitations. The dataset is synthetic, so performance estimates should be interpreted as evidence for pipeline feasibility
rather than field effectiveness. The hold-out test set contains 200 households, which is adequate for demonstration but insufficient for
definitive subgroup fairness evaluation. The evaluated random forest used the default threshold, so its lower infected recall may be improved
through threshold tuning or cost-sensitive optimization. The project artifacts do not include temporal validation, external validation, or
intervention outcome data. Future work should evaluate the framework on real DHS/MIS-linked data where permissible, include spatial and
seasonal variables, compare threshold policies under realistic resource constraints, measure subgroup calibration, and test how public health
workers use explanations in simulated or prospective workflows.

Despite these limitations, the results support the augmentation thesis. Al provides speed, consistency, ranking, calibration, and
explanation. Humans provide contextual reasoning, ethical judgment, governance, and accountability. The best system is therefore not an
autonomous classifier but a structured partnership in which machine learning narrows attention, explains risk patterns, and prompts review
while public health experts retain authority over action. The conclusion synthesizes this partnership into the paper’s final claim about Al as
an augmentation layer.

6. Conclusions

This paper developed a complete human-centered AI/ML research framework for household malaria risk profiling using the supplied project
outputs as empirical evidence. The methodology combined survey-like household predictors, mode and median imputation, logarithmic
transformation of environmental proximity, ordinal and one-hot encoding, SMOTE-based class balancing, stratified hold-out validation,
comparative model evaluation, calibration assessment, and SHAP-based global and local explanations. The results show that logistic
regression provided the strongest overall performance, with accuracy of 0.805, ROC AUC of 0.87, and Brier score of 0.143, while the decision
tree offered higher infected-household recall and the random forest supplied nonlinear feature-attribution evidence. The explainability
analysis identified bed-net use, income, water proximity, flooring, bed-net availability, window screening, wall material, household size, and
roof type as major contributors to predicted infection risk. The study’s three contributions are a reproducible machine learning workflow for
household risk classification, a human-in-the-loop governance mechanism based on calibrated risk tiers and review triggers, and an ethical
risk-management framework for fairness, documentation, monitoring, and accountability. More broadly, the paper shows that predictive
models are most useful when they make public health decisions more transparent and better prioritized without pretending to settle the social,
epidemiological, and ethical questions that surround intervention. Because the dataset is synthetic and externally unvalidated, deployment
would require local data, subgroup audits, calibration monitoring, and prospective evaluation with public health teams. Nevertheless,
the evidence demonstrates that well-governed Al can help decision-makers detect household risk patterns, allocate attention efficiently,
and communicate the basis for intervention choices. Artificial Intelligence can fundamentally improve the efficiency, intelligence, and
effectiveness of decision-making within household malaria risk profiling, but only as an augmentation layer rather than a replacement for
human expertise, governance, accountability, and ethical oversight.
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