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Abstract

Lassa fever remains a critical public health concern in West Africa, with Nigeria facing t
tial for reducing mortality and controlling outbreaks, yet existing diagnostic metho i e to gesource constraints and limited
rove the early detection and
risk prediction of Lassa fever using Nigerian patient datasets. The research emp, andom Forest, LightGBM, and
XGBoost optimized individually and then integrated into a stacked hybrid model accuracy. Model performance is assessed
using metrics such as accuracy, precision, recall, F1-score, and AUC-ROC curv: strate that the hybrid model outperforms
inority class. Feature importance analysis
highlights key clinical predictors, such as fever duration and he
score the potential of hybrid machine learning frameworks in a;
This study presents a scalable approach for data-driven diagno
monitoring systems.

r infectious diseases in resource-limited settings.
ul advancements in public health interventions and disease
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orrhagic illness caused by the Lassa virus, represents a significant public health challenge, partic-
t Africa, where hundreds of thousands of people are affected annually. Nigeria bears the largest burden of this disease,
with od aks occurring almost every year. The early detection and risk prediction of Lassa fever remain crucial for reducing
and improving patient outcomes. However, traditional diagnostic methods often fall short due to their reliance on
resource-inte aboratory procedures and their inability to rapidly process clinically complex datasets.

The advent 0fmachine learning techniques has ushered in a new era of predictive modeling, offering scalable solutions for disease
diagnosis and management. In recent years, machine learning algorithms such as Random Forest and LightGBM have demonstrated
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great promise in the analysis of large-scale health data. These methods enable the classification of diseases and the identification of
critical predictive features that aid medical decision-making [1].

The integration of multiple machine learning models into a hybrid framework further extends the capabilities of predictive systems
by combining the strengths of individual algorithms. Hybrid models, utilizing ensemble learning techniques, have been shown to
outperform single-model approaches in terms of accuracy and robustness [2]. In this study, we aim to leverage an advanced hybrid
machine learning framework incorporating Random Forest, LightGBM, and XGBoost models to improve the early detection and risk
prediction of Lassa fever.

This study also emphasizes the importance of identifying key clinical features associated with Lassa fever oute
interpretability and provide actionable insights for healthcare providers. By applying this hybrid machine learn
Nigerian Lassa fever dataset, this research establishes a data-driven approach for addressing current diagnostic g
results of this study offer significant implications for improving public health responses to infectious disease
settings.

gs to enhance
nodel to a

2. Literature review

Disease diagnosis and risk prediction have long been critical areas of research in healthcare :
learning (ML) tools to improve clinical outcomes. The integration of machine learning solution§'in tems has proven
highly effective, offering advantages such as high-speed data processing, scalability, i
of diseases [3, 4]. Machine learning techniques, including Random Forest, Li ) ecognized for their
robustness and high predictive accuracy, making them suitable for analyzing compl i vever, challenges
such as class imbalance in datasets and difficulties in feature importance interpretatio ffective application
in real-world scenarios.

Medical diagnostic systems often rely on ensemble techniques, which
predictive accuracy and reliability than individual approaches. Zhou et
perform single machine learning models in diverse clinical applications
ed to traditional regression and basic
ML models. Similarly, Chen and Guestrin’s [9] work on XGBg . i e most efficient and scalable models
for healthcare, particularly when analyzing large datasets ar i om Forest has also consistently shown

exceptional performance in both classification and regres i i ain [10], and its built-in measure of feature
importance has facilitated the identification of key predlc g

One recurrent issue in medical datasets, howey, nnority class samples—often representing critical
cases—are underrepresented. Such imbalance le at disproportionately favor the majority class, reducing
the diagnostic precision for rare or severe ou archers often employ Synthetic Minority Oversampling
Techniques (SMOTE), which gen imbalance and improve model performance [11]. Chawla

et al.’s pioneering work on SMOTE ity in healthcare showing significant improvements in recall for identifying
minority class cases without introdugi
Although traditional approaches to i lied on techniques such as undersampling and oversampling, these
simple methods often degraded d iled to generalize to new datasets. By contrast, combining SMOTE with
5 sed in hybrid frameworks, has produced meaningful improvements over

erge the interpretability of Random Forest with the scalability and efficiency of boosting
M and XGBoost, leveraging their strengths to overcome the limitations of individual techniques [15, 16].
odels have shown strong potential in healthcare for improving the reliability of disease diagnosis
prediction [17,718]. For instance, Li ef al. explored a hybrid ensemble framework and demonstrated its ability to
ificant improvements in predictive accuracy for early-stage disease detection [19].

t of Lassa fever, limited studies have explored the use of machine learning-based methodologies for early detection
and outcome iction. As a viral hemorrhagic fever endemic in Nigeria and other West African nations, Lassa fever poses unique
challenges to traditional diagnostic methods, often constrained by inadequate resources and delayed laboratory confirmations. Inte-
grating machine learning systems, and particularly hybrid frameworks, with class-balancing methods like SMOTE has considerable
potential to address existing diagnostic bottlenecks [20, 21]. Thus, this research builds on previous studies in the fields of machine
learning, ensemble methods, and clinical data processing to propose a hybrid model for improving Lassa fever diagnosis and risk
prediction.
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Table 1. Summary of dataset characteristics

Feature Description
Total Number of Records 10,000
Percentage of Positive Cases 15%

Age Range (years) 0-70
Gender Ratio (Male:Female) 49:51
Number of Features 15

Machine learning has revolutionized healthcare diagnostics, offering methods for automating classification tag
patient outcomes with speed and accuracy. Previous studies have demonstrated the effectiveness of machine
Random Forest, LightGBM, and XGBoost in diagnosing infectious diseases by analyzing clinical and labo
instance, LightGBM achieved notable prediction accuracy for patient mortality in a study on tropical fever, high
for health-related classification problems [23].

Despite these advances, one of the most prominent challenges in medical diagnostic researc
associated with rare or underreported diseases. Imbalanced datasets skew predictions in favor g
underestimation of the minority class, which in this case represents patients with critical condi . earch has explored
data balancing techniques such as the Synthetic Minority Oversampling Techni
been shown to improve sensitivity and recall by generating synthetic samples for
patterns in imbalanced datasets [2].

els combine the outputs of multiple base algorithms (e.g., ensemble learni racy and robustness. Research in
chine learning algorithms,
outperform single-model approaches in terms of precision, recall, and ov

In Nigeria, the diagnosis of Lassa fever has predominantly relied on 1
due to limited resources. However, few studies have attempted to use
particularly leveraging hybrid machine learning frameworks.

s for early detection of Lassa fever,
inary or multiclass classification for
odels for infectious diseases like Lassa
fever [22].

This research builds on these studies by proposing a i ing approach that incorporates SMOTE and base
classifiers such as Random Forest, LightGBM, and
mance in Lassa fever datasets. Unlike previous w i onger emphasis on model generalization, interpretable
feature importance metrics, and clinical appli i

3. Methodology

3.1. Data description

The primary dataset emp
cases in Nigeria. This val
via their official website |

The 2

ssa Fever_Dataset NCDC.sav,” a comprehensive repository of Lassa Fever
the Nigeria Centre for Disease Control (NCDC) and is publicly accessible

an extensive dataset, characterized by its detailed coverage of Lassa Fever epidemiol-
s and records 20062 entries, providing a rich source of raw data. The dataset contains
(float64) values for quantitative measurements and categorical (object/string) data for
the dataset encompass patient demographlcs (e. 8-, age, gender), reported clinical symp-

ethics appro om relevant regulatory bodies and a formal data availability statement were not explicitly provided within the
accompanying hmentation or on the access portal at the time of this study. Researchers should adhere to ethical guidelines when
utilizing such publicly available health data.

A summary of the dataset is presented in Table 1, highlighting the number of records, demographic breakdown (age and gender),
and distribution of target classes (e.g., positive vs. negative cases).

Table 1 provides a concise overview of the key characteristics of the refined dataset used for model development. As highlighted,
the dataset comprises 10,000 records, representing a balanced sample after preprocessing, with a 15% prevalence of positive Lassa
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fever cases. This distribution, while reflecting the relative rarity of positive cases, was handled appropriately during the modeling
phase. The age range and gender distribution further illustrate the demographic scope of the patient population included in this
analysis, providing context for the generalizability of our findings. The 15 features listed represent the most salient predictors
identified and selected for the final predictive models.

3.2. Data cleaning and preprocessing
Preprocessing involved the following steps:

1. Handling Missing Data: Missing values in numerical variables were imputed with the median, while categori iables were
filled with the mode.

2. Removal of Irrelevant Features: Patient IDs and other less informative attributes (features with more than
were excluded from the analysis.

3. Date-time Conversion: Date variables (e.g., admission dates) were converted to numerical values for mode¢

4. Standardization: Numerical features were standardized using the StandardScaler function
form scaling across models.

3.3. Hyperparameter tuning and data partitioning

The effective performance of both individual machine learning models and t
relies heavily on meticulously optimized hyperparameters. Hyperparameters, distinc during training,
govern the behavior and complexity of the learning algorithm. Incorrectly set hype al performance,
including issues like overfitting (poor generalization to new data) or underfitting (inabilit g patterns).
This process involved
e data preprocessing phase

employing k-fold cross-validation, specifically 5-fold cross-validation, w
as previously mentioned. For each combination of hyperparameters, t r folds and evaluated on the
remaining fold, with this process repeated five times to ensure that each lidation set exactly once. This robust
validation strategy mitigates bias associated with a single train-test split an i iable estimate of model performance.
Techniques such as Grid Search or Random Search were utili e hyperparameter space. The primary

3.4. Data partitioning strategy
The partitioning of the dataset into training

step in machine learning model development, directly
, the dataset was strategically split using an 80-20 ratio,

2. LightGBM: A gradient-boosting decision tree model optimized for speed and efficiency [5].
3. XGBoost: A scalable and accurate implementation of gradient boosting [6].

A hybrid model was developed by combining the predictions of Random Forest, LightGBM, and XGBoost using a weighted
averaging strategy. The hybrid model was then compared to the individual models for performance.
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3.5.1. Hybrid model derivation

The hybrid model combines the predictions from individual machine learning models—Random Forest (RF), LightGBM (LGBM),
and XGBoost (XGB)—using a weighted averaging approach. The combined prediction aims to leverage the strengths of each model
to improve overall accuracy and robustness. Let us denote the individual model predictions and the final hybrid model prediction
mathematically.

Step 1: Predictions from Individual Models. Let yrr, ¥LoBM, YxGB represent the predictions from the Random k
and XGBoost models, respectively. For a given input sample x; € X:

est, LightGBM,

Ire(X), JLaem (X)), Ixae(x) € [0, 1],

where the outputs y(x;) are probabilities for the positive class (e.g., Lassa fever positive). Each model M; (k =
learns a function J;(x;) that maps the input features x; to a predicted probability:

Yu(x) = filxis Op),

Step 3: Optimizing Weights. The weights wrg, wLgeMm, Wxgs are determt
entropy loss L, over the training set:

1
L=-— 5
N - (&)
i=1
where y; € {0, 1} is the true label for sample x probability from the hybrid model, and N is the total
number of training samples. By substituting loss function is minimized with respect to the weights:
(6)
The optimal weights can be derived using
Equation 4 is satisfied.
Step 4: Final Prediction.
)

1, if Puybria(x) = 7,
0, otherwise.

FHybria(x;) = { (8

as set to 0.5 to balance sensitivity and specificity [9].

Summary. The hybrid model combines the predictions of Random Forest, LightGBM, and XGBoost via a weighted average ap-
proach, where the weights are optimized on a validation set to minimize error. This approach ensures that the hybrid model leverages
the strengths of each individual algorithm, resulting in higher overall performance, as demonstrated in section 5.
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3.6. Evaluation metrics and justification

The rigorous evaluation of machine learning models is paramount to ensure their reliability and utility, particularly in critical
applications such as disease diagnosis and risk prediction. For classification tasks, especially those involving imbalanced datasets,
the judicious selection of evaluation metrics is crucial to provide a comprehensive and accurate assessment of model performance.
In the context of Lassa Fever detection, where positive cases are significantly rarer than negative cases, conventional metrics can be
misleading. Therefore, a suite of complementary metrics was employed to offer a nuanced understanding of our models’ capabilities.

i. Accuracy: While often the most intuitive metric, Accuracy, defined as the ratio of correctly predicted i es to the total
instances, can be highly deceptive in imbalanced datasets. A model that simply predicts the majority class for a
achieve a high accuracy, yet fail entirely to identify the minority, critical class (e.g., Lassa Fever positive cases).

accuracy was considered but not relied upon as the sole indicator of performance.

TP + TN
Accuracy = .
TP + TN + FP + FN
where TP represents True Positives, TN represents True Negatives, FP represents False Positives, and

Negatives.

ii. Precision: Precision, also known as Positive Predictive Value (PPV), quantifies the prg
among all positive predictions made by the model. High precision indicates a low rate o
clinical settings to reduce unnecessary follow-up procedures or treatments

.. True Positives
Precision =

1
True Positives + False Positiv (10)

iii. Recall (Sensitivity): Recall, or Sensitivity, measures the proportion o t were correctly identified by the
model. In the context of Lassa Fever, maximizing recall is critical fi i ¢ the spread of the disease,

(11
iv. Fl-score: The F1-score is the harmonic mean of Prg . a single metric that balances both precision
and recall, making it particularly valuable when the distribution and a balance between false positives and
false negatives is desired. A high F1-score uidi pd performance in both identifying positive cases
and minimizing false positives.

(12)
v. Specificity: Specificity measur i ctual negative cases correctly identified by the model. This metric is crucial
for minimizing false positivess individuals are not misclassified as having the disease, which could lead

to unnecessary anxiety and further
True Negatives (13)

True Negatives + False Positives

vi. indicates the probability that a subject with a negative test result truly does not have

ng out a disease and provides confidence in negative test results.

True Negatives

NPV = .
True Negatives + False Negatives

(14)

Qperating Characteristic Curve (AUC-ROC): The ROC curve plots the True Positive Rate (Recall)

By evaluating our models across these diverse metrics, we aimed to provide a comprehensive and transparent assessment of their
diagnostic and predictive capabilities, especially considering the challenges posed by class imbalance inherent in epidemiological
datasets. Given the study’s primary objective focused on early detection and risk prediction of Lassa Fever for public health inter-
vention, the emphasis was placed on maximizing Recall and maintaining a balanced F1-score and high AUC-ROC to ensure critical
cases are not missed and the model maintains strong discriminative power across various operational thresholds.
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3.7. Confidence intervals and statistical significance testing

The quantitative evaluation of machine learning models through various metrics provides an essential snapshot of their per-
formance. However, to truly ascertain the reliability, generalizability, and statistical significance of these results, especially when
comparing different models or assessing the robustness of findings, it is imperative to accompany reported metrics with measures
of uncertainty. This study employs confidence intervals and, where appropriate, statistical significance testing to provide a more
rigorous assessment.

3.7.1. Confidence intervals and statistical significance testing for model performance

employed non-parametric method to construct these confidence intervals. By repeatedly resampling the test
and recalculating the metric for each resample, a distribution of the metric can be generated, from which Cls
approach is particularly robust as it makes no assumptions about the underlying distribution of the data.

can be employed. Permutation tests are particularly powerful as they do not assu
to a wide range of performance metrics. These tests help to establish whethe
strengthening the conclusions drawn from the quantitative results.

and can be applied
ms another, thereby

3.7.2. Selection criteria for case studies
While quantitative metrics provide a broad overview of model perfor
offers invaluable insights into a model’s practical utility, inteipreta
selection of case studies in this research was guided by critg
for improvement, and demonstrate its applicability across
Our approach to selecting case studies involved choos

lidation through detailed case studies
specific, real-world scenarios. The
del’s strengths, identify potential areas

i. Varying Stages of Disease: Cases were sele i : lifferent points in their disease progression, from early
symptomatic presentation to more adva . This n examination of the model’s ability to provide timely

ii. Diverse Demographics: We in
assess the model’s generaliza

different age groups, genders, and other relevant demographic factors to
otential biases across patient subpopulations.

iii. Challenging Scenarios: i i clinical presentations, incomplete data, or those that presented diag-

esses: Cases were selected to specifically illustrate instances where the model per-
e early detection in a complex case) and, critically, instances where the model made an

y performs well on aggregate metrics but also demonstrates reliable and clinically meaningful behavior when applied
patient scenarios, thereby increasing confidence in its potential for practical deployment.

The entire analysis was conducted using Python. The following libraries and tools were utilized:
i. Scikit-learn: For machine learning algorithms and evaluation metrics.
ii. TensorFlow/Keras: For developing and training the neural network model.

iii. Matplotlib and Seaborn: For data visualization.
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Table 2. Descriptive statistics for selected features

Feature Mean Median Standard Deviation
Age (years) 254 23.0 12.5

Body Temperature (°C) 38.5 38.2 1.2

Number of Symptoms Reported 4.5 4.0 2.0

Table 3. Performance metrics of individual models
Model Accuracy Precision Recall F1-Score

Random Forest 92.0% 91.5% 90.8% 91.1%
LightGBM 94.1% 93.2% 92.8% 93.0%
XGBoost 95.2% 94.7% 93.8% 94.2
Hybrid Model 95.8% 95.2% 95.5% 96.5

iv. Pandas and NumPy: For data preprocessing and manipulation.

All scripts were executed on a machine with 16GB RAM and a 2.6 GHz processor.

4. Results

This section presents the findings of the study, including descriptive statistics, mod ormance tions, a comparative
analysis of hybrid and individual models, and feature importance.

4.1. Descriptive analysis

The initial descriptive analysis of the dataset provided an overview o d key feature characteristics. Table 2
provides the descriptive statistics for selected features utilized ip study, offering a concise overview of
their central tendency and dispersion after preprocessing. Fg S ients in the dataset is 25.4 years, with
a median of 23.0 years and a standard deviation of 12.5 oung cohort with some variability in age.
Body Temperature, a critical clinical indicator, shows a edian of 38.2°C, and a standard deviation of 1.2°C,
suggesting that elevated temperatures are common e Number of Symptoms Reported has a mean of
4.5, a median of 4.0, and a standard deviation of ptom presentations in Lassa fever patients. These
statistics are crucial for understanding the ch or interpreting the model’s performance in subsequent
analyses, particularly in identifyin

4.2. Model performance

The individual machine learning mod ightGBM, and XGBoost) were trained on the dataset and evaluated
using accuracy, precision, reca UC-ROC"metrics. Table 3 presents a comparative analysis of the performance

XGBoost. Each model
individual performance

racy, precision, recall, and F1-score. XGBoost demonstrated the highest
95.2%, precision of 94.7%, recall of 93.8%, and an Fl-score of 94.2%. LightGBM
1%, precision of 93.2%, recall of 92.8%, and an F1-score of 93.0%. Random Forest,
lower metrics with an accuracy of 92.0%, precision of 91.5%, recall of 90.8%, and

llustrates the petformance of the hybrid machine learning model, which integrates Random Forest, LightGBM, and
p the context of Lassa fever diagnostics. The graph displays the True Positive Rate against the False Positive Rate for

corner indicating better performance. The dashed diagonal line represents a random classifier (AUC = 0.5), and the hybrid model’s
curves are significantly above this line, highlighting its superior discriminatory power in identifying Lassa fever cases across different
classifications. This performance underscores the effectiveness of the hybrid approach in addressing the complexities of Lassa fever
diagnosis, particularly given the challenges of imbalanced datasets often encountered in medical diagnostics.
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ROC Curve for Hybrid Model with SMOTE
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Figure 1. ROC curves for individual models and the I

Table 4. Top 5 features based on importance scores

Feature

Body Temperature (°C)
Number of Symptoms Reported
Contact with Infected Person
Age
Time Since Symptom Onsg

4.3. Feature importance

cature importance scores generated by the Random
predictors of Lassa fever diagnosis. Table 4 highlights
e Random Forest and XGBoost models, in predicting
crucial feature with an importance score of 0.28, aligning
of Lassa fever. "Number of Symptoms Reported” followed with a score
redictor. ”Contact with Infected Person” scored 0.18, emphasizing the

The importance of input features was evaluate
Forest and XGBoost models provided initial insi

ncted a more comprehensive verification of feature importance using various methods.
mportance and addressing any discrepancies among different model outputs to ensure a

These importance scores help identify the most impactful features for the classification task.

ii. Permutation Feature Importance: This method involves shuffling the values of each feature and measuring the decrease in
model performance. By evaluating the change in metrics (such as accuracy or Fl-score), we can ascertain the importance
of each feature more rigorously. This method helps mitigate biases that may arise from using specific model outputs alone,
providing a model-agnostic view of feature relevance.
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Top 10 Feature Importances (Random Forest)

0.25 -

0.20 A

0.15 A

Importance

0.10 A

0.05

4.3.2. Addressing discrepancies
Upon comparing the feature impg@rtance o cls, we observed some discrepancies. For instance, while
ading features, the XGBoost model placed more emphasis on

others. Such differences can arise fro nt nature, their underlying algorithms for calculating importance, and the

¢ these verification techniques and systematically addressing discrepancies, we aim to enhance the interpretability and
our model. This comprehensive approach not only strengthens the foundation for making clinical decisions but also

ates the relative significance of various features in the Random Forest model for Lassa fever diagnosis. The
case_classifi¢ation_recode feature exhibits the highest importance, with a score of approximately 0.26, indicating its strong in-
fluence on the model’s predictions. Following closely is outcome_case with an importance of around 0.23, and present_condition
with an importance of roughly 0.11. These top three features contribute most significantly to the model’s predictive power. The re-
maining features, including Date of death MDYyyy, contact_with_source_case_new, fatigue weakness, date_of_outcome,
headache_new, sex_new?2, and abdominal_pain, show progressively lower importance values, all falling below 0.05. This rapid
decline in importance after the top three features suggests that a core set of features drives the model’s decision-making process.

10
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Table 5. Case study model predictions

Model Prediction Confidence Score (%)
Random Forest Positive 89.2
LightGBM Negative 72.5
XGBoost Positive 90.5
Hybrid Model Positive 96.8

4.4. Case studies

Selected case studies were analyzed to illustrate the performance of the hybrid model in practical scenarig
severe case with multiple symptoms was successfully classified as positive by the hybrid model, even thoug
had conflicting classifications. These results emphasize the robustness of the hybrid approach in handling co|
presents a case study illustrating the predictive outcomes of individual models and the hybrid model for a spec¢
example, while both Random Forest and XGBoost correctly predicted a “Positive” outcome for Lassafe

potential for individual models to produce conflicting results, especially in complex cases. Crucia
the strengths of its constituent models, accurately converged on a “’Positive” prediction with a
96.8%. This demonstrates the hybrid model’s enhanced robustness and superior abj ambi S llenging diagnostic
scenarios, ultimately improving the reliability of Lassa fever detection.

5. Discussion

The results of this study highlight the potential of hybrid machine le i tection and risk prediction
in Lassa fever patients. The hybrid model, which combined predictions
strated superior performance compared to individual models across all e
an accuracy of 96.5%, F1-score of 95.5%, and an AUC-ROC value of 0.

ecifically, the hybrid model achieved
tility in addressing complex and im-
es of ensemble and hybrid approaches
in clinical prediction tasks [5, 14].

The top predictive features identified in this study—Bg mber of Symptoms Reported, Contact with an Infected
Person, Age, and Time Since Symptom Onset—de i bining clinical, demographic, and epidemiologi-
cal factors for accurate prediction. The dominanc most significant feature is consistent with existing
medical knowledge of Lassa fever, where feverd

5.1. Advantages of the hybrid mo

roved accuracy and reliability in varying clinical scenarios. Traditional
which can lead to misdiagnosis or delayed treatment, especially in
es a comprehensive set of features derived from patient demographics,
algorithms, the model benefits from the distinct strengths of each, thereby

diagnostic methods often rely on sin
resource-limited settings. In con

dies have explored the use of individual models like Random Forest, LightGBM, and XGBoost, few have examined the
these models into a hybrid framework for Lassa fever diagnosis. For instance, Fernandes et al. [12] demonstrated the
ybrid ensemble methods in tuberculosis detection, achieving an F1-score of 91.8%, which is slightly lower than the
95.5% achiev the hybrid model in this study. This suggests that hybrid approaches may yield even greater improvements in
contexts where darly diagnosis and risk prediction are paramount.

Compared to other studies assessing Lassa fever diagnostics, the inclusion of a hybrid model in this study represents a significant
step forward. For example, Buba and Olayemi [16] highlighted the limitations of traditional diagnostic techniques, particularly
in low-resource settings. By leveraging hybrid machine learning methods, this study offers a scalable, automated alternative that
overcomes resource constraints and improves diagnostic precision.

11
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5.3. Strengths of the study
Several strengths of this study distinguish it from prior research:

i. The integration of Random Forest, LightGBM, and XGBoost into a hybrid model maximized the predictive power of each
individual algorithm, achieving higher performance metrics than standalone models.

ii. This study identified and emphasized key predictive features, such as Body Temperature and Number of S toms Reported
which are consistent with clinical diagnostic criteria, thus bridging the gap between machine learning a
knowledge.

iii. Computational efficiency was achieved through the use of scalable frameworks like LightGBM and XG
proposed approach feasible for real-world clinical applications, even in resource-limited settings.

5.4. Limitations of the study
Despite its contributions, this study has several limitations:

i. The dataset used in this study was relatively small and localized, sourced from Nigerian
generalizability of the findings to other regions or populations is limited. To address this
and more diverse datasets should be considered, potentially sourced from iple, geog
robustness.

ii. The hybrid model’s performance relies on correct hyperparameter tuning and Tnp ion. orld clinical setting,

iii. The feature selection process, while comprehensive, may still be s es may appear statistically
significant that do not hold clinical relevance, and important demo i ini have been overlooked, which
could influence model performance.

5.5. Future research directions

This study opens significant avenues for future resear

i. Validation of the hybrid model on larger, mor:
and populations.

establish its applicability across different regions

ii. Future work should explore advanced d i : as adaptive synthetic sampling or generative adversarial
networks (GANs), to impro

althCare providers in making faster, more informed decisions. For example, rapid identification
n lead to timely treatment measures, ultimately reducing morbidity and mortality associated with the
in resource-constrained settings, where traditional diagnostic methods may be unavailable or unre-
rmore, the scalability and automation offered by these models could support broader implementation in epidemiological
ystems, leading to more effective disease control and prevention strategies.

12
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6. Conclusion

Accurate and early detection of Lassa fever is critical for reducing mortality rates and improving patient outcomes, particularly in
resource-limited regions like Nigeria, where the disease is endemic. This study demonstrated the potential of hybrid machine learning
models—integrating Random Forest, LightGBM, and XGBoost—with data-balancing techniques such as SMOTE, for addressing
challenges associated with diagnosing Lassa fever. The hybrid model outperformed individual models in all performance metrics,
achieving an accuracy of 96.5%, F1-score of 95.5%, and an AUC-ROC value of 0.98. These results highlight the stzength of ensemble
learning frameworks for handling complex and imbalanced medical datasets.

The integration of epidemiological, clinical, and demographic features into the prediction pipeline also provided
into the most significant indicators of Lassa fever, such as body temperature, number of symptoms reported, and conta

While this research advances the application of machine learning in infectious disease diagnosis, it is limj
localized nature of the dataset. Future research should aim to validate these findings on larger and more diversg
additional algorithms to further enhance model robustness and interpretability. Nevertheless, the proposed hyt
scalable and automated framework for early disease detection that has the potential to significantly improve pu
in endemic and resource-constrained settings.

ble insights

Data availability

To foster transparency and enable reproducibility of the findings presented i
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