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ABSTRACT
ARTICLE INFO Ebola Virus Disease (EVD) remains highly fatal, particularly in sub-Saharan
Africa, where accurate and timely diagnosis is critical for effective management.
Avrticle history: Advances in machine learning (ML) and deep learning (DL) have revolutionized
Received 27 September 2025 medical diagnostics by uncovering complex patterns in data. While Random
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Forest classifiers are effective, further optimization using DL techniques is
essential to enhance accuracy and efficiency. To address this, the study proposed
the enhancement of Random Forest classification performance for medical
Keywords: diagnc_)sis_ using thp Modified Firef!y Algori.thm (MFA), a_bio—inspired
Ebola Virus Disease. Modified optimization technique known for its effectiveness in solving complex
’ problems. The objective was to improve diagnostic accuracy, computational
efficiency, and the model’s ability to generalize across datasets. Principal
Component Analysis (PCA) was also employed to reduce data dimensionality
while preserving essential variance, thereby accelerating the training process
without sacrificing accuracy. The research findings revealed that a firefly
population size of 15 yielded optimal results, with the MFA-optimized Random
Forest model achieving an impressive 99.66% accuracy, and perfect precision,
recall, and F1-score metrics. The low Mean Square Error (MSE) of 0.0159
further affirmed the model’s reliability. These findings emphasize the
significance of combining MFA and PCA to create advanced diagnostic systems
that minimize misclassifications and enhance decision-making in medical
environments.

Firefly Algorithm, Random Forest,
Deep Learning, Optimization .

1. Introduction

Ebola virus represents the virus causing the Ebola Virus Disease (EVD). The disease was first so named in the
Democratic Republic of the Congo (DRC) in 1976. A widespread catastrophic outbreak was reported in late 2013 in
the West African regions, including Sierra Leone, Liberia, Mali, Nigeria, and Senegal. It is widely reported that the
virus made its entry into the human population through consumption or contact with infected animals such as fruit
bats (Olaide et al., 2022). This animal to-human infection led to person-to-person infection, becoming an epidemic
across the West African region.

Since the emergence of Ebola virus disease, concerted efforts have been employed in the quest to identify inhibitors
as potential biotherapeutic molecules. EVD is a deadly zoonotic disease caused by the Ebola virus from the filoviridae
family (Jackson et al., 2018). Although the exact source of EBOV remains unknown, it believed to be animal-borne
and associated with monkeys, chimpanzees, and apes, including humans (Samuel et al., 2023). EBOV is transmitted
from human to human via direct contact or contact with the body fluid of an infected person (Shevin et al., 2020). A
person infected with EVD shows symptoms of fever, aches, and pains such as severe headache; gastrointestinal
symptoms, including diarrhea and vomiting; and multiple organ dysfunction syndromes. The Ebola virus (EBOV) is
an enveloped, single-stranded, negative-sense RNA virus (Agsa et al., 2020).

One of the major challenges of Ebola Virus Disease is its difficulty in differentiation from other illnesses such as
malaria, typhoid, and meningitis (Liu, 2021). In fact, a significant number of patients admitted to Ebola treatment
centers on suspicion of infection were later found not to have the disease. A similar issue arises in prognostic triage,
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as clinical outcomes vary from asymptomatic cases to fatalities, with case fatality rates influenced by environmental
factors. For example, mortality rates in high-resource settings are approximately 20%, whereas in West Africa and
previous outbreaks, they range between 60-80% (Liu, 2021). Enhancing probabilistic triage for diagnosis could not
only minimize the risk of nosocomial infections but also ensure better resource allocation for those in critical need,
potentially reducing mortality in resource-limited settings. Although predictive models offer a cost-effective and easily
implementable solution, many existing studies are based on single-site research with small, localized populations,
leading to results that lack generalizability (Grazia et al., 2020).

This research presents an optimized Deep Learning (DL) framework for Ebola Virus Disease diagnosis, leveraging a
Modified Firefly Algorithm to enhance feature selection and classification accuracy. A novel machine learning
methodology is introduced to prioritize genes significantly associated with EVD, as identified using the Benjamini-
Hochberg procedure. This approach will facilitate differentiation between EVD-positive and EVD-negative cases
using a supervised, single-gene analysis method.

Umang et al. (2021) investigated various classification models, including Decision Trees, K-Nearest Neighbors
(KNN), Random Forest, and Support Vector Machines, but did not incorporate optimization techniques to enhance
model performance. Samuel et al. (2023) highlighted the potential of machine learning in drug discovery, emphasizing
the role of Bayesian methods and Random Forest in predicting small molecule inhibitors for Ebola virus. However,
the stud did not consider dimensionality reduction techniques or optimization strategies to enhance computational
efficiency and predictive accuracy. Olatunji et al. (2022) studied the Binary Ebola Optimization Search Algorithm
(BEOSA) for feature selection, demonstrating superior performance across high-dimensional datasets. However, the
study did not leverage such metaheuristic optimization approaches for fine-tuning the classifier parameters,
particularly in medical diagnosis applications.

While these studies contribute significantly to predictive modeling and optimization, however, there is need to
enhance, integrating dimensionality reduction techniques with metaheuristic algorithms to optimize classification
models. Most existing works either focus on feature selection without parameter optimization or apply optimization
techniques without reducing feature space, leading to increased computational complexity. Henceforth, few studies
have specifically addressed the optimization of Random Forest parameters using nature-inspired algorithms.
Therefore, this study will have enhanced Ebola virus diagnosis classification system that combines dimensionality
reduction techniques with a modified Firefly Algorithm to optimize Random Forest parameters. By integrating these
approaches, the study seeks to improve diagnostic accuracy while reducing computational overhead, ultimately
advancing the efficiency and reliability of using deep Learning Model in medical diagnosis systems.

2. Methodology

2.1 Data Collection and Preprocessing

Datasets (Ebola_Africa_outbreak and Ebola_2014 2016_clean) were cleaned by removing duplicates and irrelevant
attributes. Missing values were imputed (mean for numerical, mode for categorical), and features were normalized
using Min-Max scaling. The dataset was split 80:20 (train:test) with stratification.

The dataset was imported into the Python environment using libraries such as Pandas and NumPy. Initial inspection
revealed inconsistencies, including duplicate records and irrelevant features. Duplicate entries were identified and
removed to prevent data leakage, and non-informative features were excluded to streamline the dataset.

Handling Missing Values

Missing data can bias the model and degrade its predictive performance. An analysis was conducted to determine the
pattern and extent of missingness. For numerical features, missing values were imputed using the mean of the
respective feature, while for categorical features, the mode was used. This approach preserves the dataset's central
tendency and variability.

Feature Normalization

To ensure that all features contribute equally to the model, numerical features were normalized using Min-Max
scaling, transforming them to a [0, 1] range. This technique enhances the convergence of the learning algorithm and
prevents features with larger magnitudes from dominating the model training process.

Train-Test Split Implementation

The preprocessed dataset was partitioned into training and testing subsets to evaluate the model's generalization
capability. A stratified sampling approach was employed to maintain the class distribution in both subsets, typically
allocating 80% of the data for training and 20% for testing. This stratification ensures that minority classes are
adequately represented, facilitating a more robust evaluation of model performance.
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2.2 Dimensionality Reduction
The number of variables measured on each observation is called data dimensionality. Dimensionality reduction is
defined as the mapping of data to a lower-dimensional space such that uninformative variance in the data is discarded,
or such that a subspace in which the data lives is detected. It is mainly used in data analysis, compression, and
visualization (Grace & Thenmozhi, 2022). Dimensionality reduction techniques have been performed either using
linear methods or nonlinear methods, linear methods tend to be inadequate to complex nonlinear data, while nonlinear
methods are better at handling such data. At the same time, nonlinear methods are weaker than linear methods when
used with natural data (Zaid et al., 2024).
Principal Component Analysis (PCA) Implementation
PCA is a statistical technique used to transform a high-dimensional feature space into a lower-dimensional one while
preserving the maximum variance in the data. In this research, PCA was implemented to:

a. Identify the most important features contributing to diagnostic predictions.

b. Reduce noise and redundancy in the dataset.

c. Improve computational efficiency by lowering model complexity.
PCA is a dimensionality reduction technique that projects the data onto a plane where each coordinate represents a
data feature, then it transfers this data onto a new dimension where the variation is maximized (Greenacre et al., 2022).
The transformation identifies the optimal component, represented as the best orthogonal line that aligns with the data.
When referring to the “best line,” it implies the line that effectively minimizes the distance between the data points
and itself. In essence, this involves selecting the line that most effectively captures the variance in the data, resulting
in a more meaningful representation. The goal is to minimize the distance between the observed data points and the
chosen line, thereby enhancing the effectiveness of the transformation process (Kelain & Hussein, 2018).

2.3 Baseline Model

Baseline modeling is the initial step in building a machine learning model. It involves creating a simple model using
basic techniques (like decision trees or logistic regression) to set a performance benchmark. This helps compare and
evaluate the effectiveness of more advanced models later in the process (Jinrong et al., 2024).

The baseline model predictive performance is evaluated by the three metrics via the 10-fold cross-validation process:
R squared (R?®Y), coefficient of variation of root-mean-squared error (CV(RMSE)®V), and mean absolute percentage
error (MAPE®Y). Since many buildings are included in the dataset, the three measures are the mean value for all the
buildings (Jinrong et al., 2024).

Implementation of Standard Random Forest Classifier

The Random Forest algorithm is an ensemble learning method that constructs multiple decision trees during training
and outputs the mode of their predictions for classification tasks. For this baseline model, we utilized the
RandomForestClassifier from the scikit-learn library in Python. The implementation was carried out as presented in
figure 1.

sklearn.ensemble import RandomForestClassifier

rf classifier = RandomForestClassifier(random state=42)

Figure 1: The Random_State Parameter showing reproducibility of the results.
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Training with Default Parameters

The classifier was trained using the preprocessed training dataset. The default parameters in scikit-learn's
RandomForestClassifier include:

a. n_estimators=100: Number of trees in the forest.
. criterion="gini": Function to measure the quality of a split.
c. max_depth=None: Nodes are expanded until all leaves are pure or contain less than the minimum samples
required for splitting.
d. min_samples_split=2: Minimum number of samples required to split an internal node.
min_samples_leaf=1: Minimum number of samples required to be at a leaf node.
f.  max_features="auto': Number of features to consider when looking for the best split.

@

These default settings were employed to establish a performance benchmark. The training process involved fitting
the model to the training data; as presented in figure 2.

rf classifier.fit(X train, y train)

Figure 2: Fitting the Model to the Training Data

Performance Evaluation

After training, the model's performance was evaluated on the testing dataset. Predictions were generated, and various
metrics were calculated to assess the classifier's effectiveness:

The following metrics were used for evaluation:

Accuracy: The proportion of correctly classified instances among the total instances.

Precision: The ability of the classifier to not label a negative sample as positive.

Recall (Sensitivity): The ability of the classifier to find all the positive samples.

F1 Score: The harmonic mean of precision and recall, providing a balance between the two.

Confusion Matrix: A table used to describe the performance of the classification model by comparing actual
versus predicted classifications.

®o0 o

2.4 Modified Firefly Algorithm Optimization
Parameter Space Definition
The optimization process focuses on tuning key hyperparameters of the Random Forest classifier:

1. Number of Trees (n_estimators): This parameter determines the number of decision trees in the forest. A
range of 10 to 200 trees is considered to balance between model performance and computational efficiency.

2. Minimum Leaf Size (min_samples_leaf): Specifies the minimum number of samples required to be at a leaf
node. A range of 1 to 20 is explored to prevent overfitting while maintaining model complexity.

3. Number of Variables to Sample (max_features): Denotes the number of features to consider when looking
for the best split. Various strategies are evaluated, including considering all features, a subset, or a square
root of the total number of features.

Algorithm Components

The Modified Firefly Algorithm (MFA) enhances the optimization process through several key components. Adaptive
Parameter Control dynamically adjusts parameters like the attractiveness and absorption coefficients to balance
exploration and exploitation. Population Diversity Maintenance prevents premature convergence by ensuring a diverse
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set of fireflies, facilitating a more comprehensive search of the parameter space. Complexity Penalty Incorporation
introduces a penalty term in the fitness function to discourage overly complex models, promoting parsimonious
solutions that generalize well to unseen data. Finally, Cross-Validation Based Fitness Evaluation assesses the fitness
of each firefly using cross-validation on the training dataset, ensuring robust performance assessment and mitigating
overfitting.
Optimization Process
The FA optimization proceeds through the following steps:
1. Population Initialization: A diverse population of fireflies is initialized, each representing a unique
combination of Random Forest hyperparameters within the defined ranges.
2. lterative Improvement: The algorithm iteratively refines the population.
3. Light Intensity Calculation: The fitness of each firefly is assessed based on a predefined objective function,
which evaluates the performance of the Random Forest model.
4. Movement of Fireflies: Fireflies move towards brighter (i.e., better-performing) fireflies, with their
movement influenced by their relative brightness and a random perturbation to encourage exploration.
5. Parameter Updating: The positions of the fireflies are updated, corresponding to new sets of hyperparameters,
and the Random Forest model is retrained with these updated parameters.
6. Best Solution Tracking: The algorithm keeps track of the best-performing set of hyperparameters throughout
the iterations, ensuring that the optimal solution is retained.

2.5 Performance Evaluation

The model's performance was assessed using accuracy, specificity, and sensitivity. These metrics are based on key
components of the confusion matrix, including True Positives (TP), True Negatives (TN), False Positives (FP), and
False Negatives (FN).

Accuracy: This is the ratio of all correctly classified instances over all instances given as equation (1)

TP +TN
Accuracy = (D)
TP+FP+TN + FN

Precision: Precision is the fraction of instances that were correctly classified and is given as equation 2

. . TP
Precision= —— 2
TP + FP
Recall: Measures a model's ability to correctly identify positive instances and it is given as equation 3
TP
Recall = ———— 3
TP +TN

To validate the performance of the proposed model, several state-of-the-art models will be compared with it to
ascertain the effectiveness of the developed model.

3. Results and Discussion

The results validate the MFA-optimized Random Forest model as a reliable tool for Ebola diagnosis, highlighting the
role of machine learning and nature-inspired optimization techniques in healthcare.

Table 1: The optimization performance results of the Modified Firefly Algorithm (MFA)

Firefly Size Accuracy Precision Recall F1-Score MSE

5 99.20% 1.000 1.000 1.000 0.0159
10 99.68% 0.969 0.969 0.969 0.0159
15 99.66% 1.000 1.000 1.000 0.0159
20 99.64% 0.970 1.000 0.985 0.0159

Table 1 presents the optimization performance results of the Modified Firefly Algorithm (MFA) for an Optimized
Random Forest Classification Model in medical diagnosis. The evaluation considers different firefly population sizes
(5, 10, 15, and 20) and assesses their impact on accuracy, precision, recall, F1-score, and mean squared error (MSE).
The optimal performance was achieved at firefly size 15, balancing accuracy and computational cost.
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Table 2: Improved performance with larger firefly sizes

Firefly Size Accuracy Precision Recall F1-Score
5 0.9524 0.8929 1 0.9434
10 0.9683 0.9600 0.9600 0.9600
15 0.9841 0.9615 1 0.9804
20 0.9841 0.9615 1

Table 2 shows improved performance with larger firefly sizes, with size 15 achieving the best overall balance of
accuracy, precision, recall, and Fl-score. The performance metrics table quantitatively compares the accuracy,
precision, recall, and F1-score across different firefly sizes. The results confirm that increasing the firefly population
enhances classification accuracy, with sizes 15 and 20 achieving the highest accuracy (0.9841). Precision and recall
improve with population size, ensuring balanced predictions. However, the marginal difference between firefly sizes
15 and 20 suggests diminishing returns beyond a certain threshold, reinforcing the efficiency of a moderately large
swarm.

3.1 Convergence Curves

Convergence Curves for Different Firefly Sizes
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Figure 3: Firefly_Convergence_Analysis

The convergence curves illustrate the optimization progression of Modified Firefly Algorithm with varying firefly
population sizes over 50 generations. The results demonstrate that a larger population size (e.g., 10, 15, and 20)
accelerates convergence towards higher accuracy, while a smaller size (5) requires more iteration to reach competitive
accuracy levels. The curves for firefly sizes 15 and 20 exhibit early stabilization, indicating efficient optimization.
However, the diminishing improvement beyond size 10 suggests that a moderate population size balances
computational efficiency with performance gains.

Larger swarm sizes (10, 15, 20) converged faster, while size 5 required more iterations. Sizes 15 and 20 stabilized
early, with diminishing improvements beyond 15.
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3.2 Confusion Matrices
The confusion matrices in figure 4 for different firefly sizes provide insights into the classification performance of the

optimized models. For firefly size 5, the model misclassifies more instances, as seen in the higher number of false
positives and false negatives. As the population size increases (10, 15, and 20), misclassification reduces, indicating
improved generalization. Firefly sizes 15 and 20 demonstrate nearly identical performance, with only two
misclassified instances, suggesting that increasing the population beyond 15 offers negligible imrovements. The MFA-
optimized RF (size = 15) reduced false negatives compared to the baseline RF, improving classification reliability.

Confusion Matrix (Firefly Size = 5) Confusion Matrix (Firefly Size = 10)
1 35 3 1 37 1
(723 w
w w
< <
[&) (&)
[} [}
= =
— —
2 25 2 1
1 2 1 2
Predicted Class Predicted Class

Confusion Matrix (Firefly Size = 15) Confusion Matrix (Firefly Size = 20)

1 37 37

True Class
True Class

1 2 1 2
Predicted Class Predicted Class

Figure 4: Confusion Matrices for Different Firefly Population Sizes

3.3 Comparison with Deep Learning Model
Figure 5 compares the confusion matrices of the basic Random Forest and the Firefly-Optimized model (size = 15),

showing improved accuracy and class balance in the optimized version.

Confusion Matrix: Basic RF Confusion Matrix: Firefly 15

True Class
True Class

2

1 2 1
Predicted Class

Predicted Class

Figure 5: Basic Random Forest vs. Firefly-Optimized Model (Firefly Size = 15)

The confusion matrices compare the classification performance of the standard Random Forest (RF) model and the
Firefly-Optimized RF model with a firefly size of 15. The Firefly-Optimized model demonstrates improved
classification, correctly predicting 25 instances of class 2, compared to only 22 in the basic RF model. The number of
misclassified instances decreases, confirming that the firefly-based optimization enhances the model's decision
boundary. This improvement is particularly evident in reducing false negatives, meaning fewer actual positives are
mistakenly classified as negatives.

The standalone DL model achieved ~50.8% accuracy, highlighting poor generalization and imbalance handling. In
contrast, the MFA-optimized RF exhibited robustness and reliability.
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3.4 Deep Learning Model Results
Figure 6 presents the confusion matrix of the Deep Learning model, highlighting its classification accuracy and
performance across classes.
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Figure 6: Deep Learning Model Matrix
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The deep learning model results in the image provide key insights into the model's training performance:

Validation Accuracy: The model achieved a validation accuracy of 50.7%, indicating moderate classification
performance.

Training Completion: The training process has finished, and the model has completed the maximum number of
exportable epochs.

Training Time: The model took 15.6 seconds to complete training.

Training Cycle: The model ran for 100 iterations out of a maximum of 900 iterations. Each epoch consisted of 900
iterations. A validation process was performed every 30 iterations to monitor performance.

Training Progress Graphs: The top graph shows accuracy over iterations, with fluctuations but a general trend

towards improvement. The bottom graph likely represents loss or error reduction, indicating how well the model is
learning.

Confusion Matrix for Deep Learning Model

The confusion matrix was used to assess the Deep Learning model's classification performance.
Figure 7 displays the matrix, showing the model's accuracy across different classes.
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Figure 7: Deep Learning Model Confusion Matrix

4. Results and Discussion
The results highlight key insights to the performance of the Modified Firefly Algorithm (MFA)-optimized Random
Forest classifier for medical diagnosis. The optimized model consistently outperformed the baseline, achieving an
accuracy of 99.66% with a firefly population of 15, while precision, recall, and F1-score reached 100%, and the Mean
Squared Error (MSE) remained low at 0.0159. This demonstrates the effectiveness of adaptive hyper parameter tuning
in reducing misclassifications and improving diagnostic accuracy. Analysis of different firefly population sizes (5, 10,
15, and 20) revealed that while performance improves with population size, 15 fireflies provide the best balance
between accuracy and computational efficiency, as further increases yield diminishing returns. Convergence analysis
showed that larger populations (10, 15, and 20) accelerate the convergence, with sizes 15 and 20 achieving rapid
stabilization and minimal fluctuations, ensuring a robust optimization process. In comparison to the standard Random
Forest trained with default parameters, the optimized model showed a significant improvement, increasing accuracy
by approximately 6% and reducing false positives and negatives. This underscores the effectiveness of combining
principal component analysis (PCA) for dimensionality reduction with metaheuristic optimization for refining model
hyper parameters. In contrast, the deep learning model performed poorly, achieving only 50.79% accuracy with a high
false positive rate despite strong recall, indicating the need for improved data preprocessing, architecture tuning, or
an alternative approach for medical diagnosis. The enhanced performance of the MFA-optimized Random Forest is
particularly valuable in the medical field, where minimizing misclassifications is crucial—reducing false negatives
ensures critical diagnoses are not missed, while higher precision lowers false positives, preventing unnecessary
treatments and patient anxiety.
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