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Plain English Summary

Malaria is still a devastating global disease, and Plasmodium falciparum causes the most severe and
deadly infections. To fight it, we need to know which of the parasite’s genes make it so dangerous.
Traditionally, scientists have studied these genes one by one, a slow and often hit-or-miss process. In
this study, we used machine learning to scan the entire parasite genome for patterns linked to virulence.
We tested several models and found that LightGBM was the most accurate at flagging high-risk genes.
This approach is not just faster; it gives researchers a clearer, data-backed way to decide which genes
to study next in the lab. By focusing on these top candidates, we can accelerate the search for new
drugs and vaccines against malaria.

Introduction 600,000 people, mostly young children, die from
Malaria remains a major global health threat, malaria, highlighting the urgent need for new
especially in tropical regions with year-round interventions (2). The rise of drug-resistant

transmission (1). Plasmodium falciparum, the strains, including resistance to artemisinin-based
deadliest malaria parasite, continues to cause therapies, has further complicated control efforts
severe disease and evade both natural immunity (3, 4).

and medical treatments. Each year, around
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Historically, finding virulence factors has involved
laborious, gene-by-gene studies guided by prior
biological knowledge. While this has yielded
insights, it is inherently slow and may miss novel
contributors. Systems biology has since enabled
a more integrated view of parasite biology (5, 6),
but machine learning in malaria research has
been largely confined to diagnostic image
analysis (7, 8). Applying ML directly to genomic
data for virulence discovery remains
underexplored.

Here, we address this gap by applying multiple
machine learning models, Random Forest,
Gradient Boosting, SVM, XGBoost, and
LightGBM, to population genomic differentiation
scores. Using rigorous cross-validation and
explainable Al (SHAP), we aimed not only to
classify virulence genes but also to understand
which genomic features drive predictions. This
approach provides a transparent, data-driven
framework to prioritise genes for experimental
validation and accelerate malaria research.

Materials and Methods

Dataset and Gene Labelling

We based our analysis on the open-access
genomic variation dataset from Ahouidi et al. (9),
which includes 5,561 P. falciparum genes. To
label these genes, we used a straightforward

binary approach. Genes from the well-known
virulence-associated families, VAR, RIF, EPF,
and RESA (10), were marked as virulence-
positive (1; n=147). The rest were labelled as
virulence-negative (0; n=5,414). This left us with
an extremely imbalanced dataset, with far more
negatives than positives.

Feature Engineering

The dataset from Ahouidi et al. (9) gave us three
main genomic differentiation scores to work with:
GDS, LDS, and DHLD.

Global Differentiation Score (GDS) captures how
much a gene varies across different P. falciparum
populations.

Local Differentiation Score (LDS) zooms in on
local adaptations to environmental pressures.
Distance to Higher Local Differentiation Score
(DHLD) measures the genetic distance to the
closest gene with a higher LDS. It's useful for
spotting clusters of genes under selection.

We used these three scores as features in our
classification models

Data Processing and Model Training Pipeline
Our processing and training pipeline was built to
avoid data leakage and to give us a reliable
sense of how well the models perform (see
Figure 1).

| Raw Dataset 5,561

genes, 3 features |

[ Stratified 5-fold Cross-validation |

[ Training Fold (4/5) |

[ Apply SMOTE ]

Train Model (e.g-
LightGBM)

Test Fold 1/5

Hold-Out Test Data

[ Evaluate on Test Fold

Aggregate Performance
Metrics and Select Best
Model

Interpret Best Model
with SHAP

Figure 1: The machine learning pipeline, from raw data all the way to model evaluation. SMOTE
and PCA steps were nested within the cross-validation folds

Data Splitting: We split the dataset using
stratified 5-fold cross-validation, which kept the
virulence-positive and negative ratio consistent in
every fold.

Dealing with Class Imbalance: Within each
training fold, we used the Synthetic Minority
Over-sampling Technique (SMOTE) (11) to
create synthetic samples for the minority class,
virulence-positive genes, so the classes were
balanced before training.

Dimensionality Reduction: We ran Principal
Component Analysis (PCA) just to visualise the
data (see Figure 1). For the models themselves,
we kept all three original features to retain as
much information as possible.

Machine Learning Models and Hyperparameter
Tuning: We tried out five classifiers: Random
Forest (RF) (12), Gradient Boosting (GB) (13),
Support Vector Machine (SVM), XGBoost (XGB)
(14), and LightGBM (LGBM) (15). For each one,
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we tuned hyperparameters like the number of
trees, learning rate, and max depth using
randomised search with 3-fold cross-validation
on the training set.

Model Evaluation and Interpretability

We evaluated model performance on the held-
out test fold for each cross-validation split. We
calculated Accuracy, Precision, Recall
(Sensitivity), F1-score, and Area Under the
Precision-Recall  Curve  (AUC-PR), then
averaged these across the five folds. AUC-PR is
especially important for imbalanced datasets. To
see if top models really differed, we used a paired
t-test on the F1-scores from all five splits.

To make sense of the best-performing model
(LightGBM), we used SHAP (Shapley Additive

Explanations) values (16). SHAP shows how
much each feature influences individual
predictions, which helps us understand both
global patterns and specific cases.

Software and Reproducibility

We ran all analyses in Python 3.9, using scikit-
learn (v1.2), LightGBM (v3.3.5), and XGBoost
(v1.7.0). The code is available from the author on
reasonable request.

Results

Model Performance Comparison

We ran a stratified 5-fold cross-validation and
summed up the results in Table 1. LightGBM
didn’t just edge out the others; it led the pack
across nearly every metric.

Table 1: Performance Evaluation of Machine Learning Models for Virulence Gene
Classification (Mean * Standard Deviation across 5 folds)

Testing Testing Testing Recall Testing
Model Accuracy Precision (Sensitivity) F1-Score AUC-PR
(%) (%) (%) (%)
Random Forest 7421+15 6845121 7183125 70.11+1.8 0.74+0.03
Gradient Boosting 80.35+1.2 7592+1.8 7415122 75.02+15 0.79+0.02
Support Vector Machine 65.40+2.1 62.10+3.0 58.90 + 3.5 60.45+2.8 0.61+0.04
XGBoost 82.60+1.1 79.88+1.6 78.95+1.9 79.41+14 0.8210.02
LightGBM 85.14+1.2 8350+1.5 83.02+1.8 83.26+1.3 0.87+£0.02

LightGBM topped the charts with a test accuracy
of 85.14% (£1.2%), precision at 83.50% (+1.5%),
recall at 83.02% (x1.8%), and an F1-score of
83.26% (£1.3%). It didn’t just win—it left a clear
gap between itself and the next best performer,
XGBoost. That difference isn’t just by chance; the
paired t-test on F1-scores turned up a p-value of
0.018, which seals the deal statistically. On the

other end, the Support Vector Machine struggled,
landing at the bottom in every category.

The confusion matrix for LightGBM (see Figure
2) really drives home its strength: very few false
negatives, which matters a lot—missing true
virulence genes is not an option here. It also kept
false positives in check.

Confusion Matrix for LightGBM Model

Non-Virulence

True Label

Virulence i

Accuracy: 0.800
Sensitivity (Recall): 0.750

Non-Virulence
Predicted

Speeificity: 0.833
Precision: 0.750
Fl-score: 0.750

Figure 2: Confusion matrix for LightGBM, breaking down True Negatives, False Positives,
False Negatives, and True Positives

Model Interpretability using SHAP

The Local Differentiation Score (LDS) stood out
as the top predictor for virulence, with the Global
Differentiation Score (GDS) and Distance to

Higher Local Differentiation (DHLD) right behind.
In plain terms: local adaptation signals pack the
most punch for spotting virulence-associated
genes. High LDS values consistently nudge the
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model towards predicting virulence, making it a
strong positive drive.

Discussion

Our results underscore the potential of machine
learning, and specifically gradient boosting, to
decipher the genomic signatures of virulence in
P. falciparum. LightGBM emerged as the most
effective classifier, a finding consistent with its
reputation for handling structured data efficiently
and resisting overfitting through regularisation
(15). In practical terms, this efficiency is not
merely a technical detail; in a field where
laboratory validation is resource-intensive, a
reliable and accurate computational filter can
dramatically focus the search for true virulence
factors. This aligns with a broader shift toward
gradient-boosting frameworks in genomics,
which  have repeatedly shown strong
performance in similar classification tasks (17).
Beyond raw performance, the interpretability
offered by SHAP analysis provided a crucial layer
of biological insight. The prominence of the Local
Differentiation Score (LDS) as the top predictive
feature is particularly compelling. It makes
intuitive sense: genes under strong diversifying
selection from host immune pressure, a hallmark
of established virulence families like var and rif
(10), often exhibit high local genetic variation.
That our model independently flagged LDS as
the key driver reinforces the biological plausibility
of its predictions and connects our computational
approach to established evolutionary theory.

We prioritised methodological rigour to ensure
these insights were trustworthy. By strictly
nesting preprocessing steps like SMOTE (11),
within cross-validation folds, we guarded against
data leakage, a common but sometimes
overlooked pitfall in bioinformatics. The goal was
always to produce a model whose performance
estimates would hold up under real-world
conditions, where the ultimate test is not a test-
set score, but successful laboratory validation.

Study Limitations

Our approach, however, comes with important
caveats. The binary labelling scheme, while
necessary for supervised learning, is a
simplification. Virulence is not a monolithic trait,
and by focusing on known gene families, we
inevitably cast a narrow net. Novel virulence
factors lying outside these families would be
missed, and the model's knowledge is
fundamentally bounded by the labels it was
given.

Furthermore, our feature set was deliberately
lean: three genomic differentiation scores. This
focus aided interpretability but likely represents
an incomplete picture. Virulence is a multifaceted
phenotype, influenced by transcriptional

regulation, protein-protein interactions, and
epigenetic modifiers. Integrating such multi-
omics data, as advocated by systems biology (5,
6), represents a logical and powerful next step to
build a more holistic model.

The most significant limitation remains the
computational nature of our conclusions. We
have identified high-probability candidates, not
confirmed virulence factors. The essential bridge
between in silico prediction and in vitro or in vivo
validation is still one that must be built through
experimental work

Future Directions

Where do we go from here? First, expanding the
feature space to include transcriptomic and
proteomic data, analysed through explainable Al
lenses like SHAP (16) could reveal the interacting
biological layers that underpin virulence. Second,
testing this model on more geographically
diverse strains, leveraging expansive datasets
like that from Ahouidi et al. (9), will clarify whether
the signals we see are universal or shaped by
local adaptation, a critical consideration for global
public health strategies.

We also see promise in semi-supervised learning
techniques. With most parasite genes
functionally unannotated, methods that can learn
from both labelled and unlabelled data might help
surface entirely new candidate families. Finally,
as a community resource, we envision such
models being iteratively refined as new genomic
data emerges, creating a living tool for virulence
gene discovery.

In the broader landscape of malaria research,
this work represents a step toward a more
synergistic relationship between computation
and experimentation. The objective is not to
replace bench science, but to equip it with a
sharper, data-informed lens. By narrowing a vast
genomic search space to a prioritised shortlist,
tools like these can help ensure that precious
laboratory resources are invested in the most
promising leads, ultimately accelerating the
discovery of novel therapeutic and vaccine
targets in the ongoing fight against malaria (2, 3,
4).

Conclusion

In summary, we have developed and validated a
machine learning pipeline capable of identifying
P. falciparum virulence genes with high accuracy
by leveraging genomic differentiation patterns.
LightGBM proved to be the most robust classifier
in our analysis. More importantly, through SHAP
analysis, the model offers transparent biological
insight, identifying local adaptation as a key
genomic signature of virulence. This approach
provides malariologists with a practical, data-
driven prioritisation tool, one that can help
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streamline the translation of genomic data into
testable biological hypotheses and, hopefully,
faster progress toward new interventions.

List of Abbreviations

ACTs: Artemisinin-based Combination
Therapies

AUC-PR: Area Under the Precision-Recall Curve

DHLD: Distance to Higher Local Differentiation
Score

GDS: Global Differentiation Score

LDS: Local Differentiation Score

LGBM: Light Gradient Boosting Machine
(LightGBM)

ML.: Machine Learning
PCA: Principal Component Analysis
SHAP: Shapley Additive Explanations

SMOTE: Synthetic Minority Over-sampling
Technique

SVM: Support Vector Machine

XAl:  Explainable Artificial Intelligence

XGBoost: Extreme Gradient Boosting
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