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Abstract

Dengue is a life-threatening disease that is transmitted by mosquitoes. Dengue fever has
no proper treatment. Early, proper diagnosis is essential to minimize complications and
enhance outcomes in patients. This research uses a clinical and hematological dataset
of dengue to assess the effectiveness of the Gradient Boosting (GB) classification model
with and without feature selection. It initially employs a standalone GB model, achieving
impeccable results for classification, at 100% accuracy, F1-score, precision, and recall. In
addition, the Bird Swarm Algorithm (BSA)-based metaheuristic technique is implemented
on the GB classifier to execute wrapper-based feature selection so that features are reduced
and achieve better results. The BSA-GB model yielded an accuracy of 99.49%, F1-score of
99.62%, recall of 99.24%, and precision of 100%, but it only selected five features in total.
An additional test with a five-fold cross-validation was employed for better performance
and model evaluation. Folds 1 and 2 showed especially good results. Although fold 2
selected only four features, it still showed high results, compared to fold 1, which selected
five features. In this context, fold 2 achieved an accuracy of 99.49%, F1-score of 99.65%,
recall of 99.30%, and precision of 100%. Means of hyperparameters were also calculated
across folds to make a generalized GB model, which maintained 99.49% of accuracy with
just three features, namely, Hemoglobin, WBC Count, and Platelet Count. To enhance
transparency, counterfactual explanations were performed to analyze the misclassified
cases, which indicated that minimum changes in input features modify the predictions.
Also, an evaluation of the SHAP value result designated WBC Count and Platelet Count as
the most important features.

Keywords: dengue; metaheuristic; bird swarm algorithm; gradient boosting; diverse
counterfactual explanations; SHAP

1. Introduction
Dengue fever (DF) is a mosquito-borne, viral disease. Basically, DF spreads from

mosquitoes to people. It can be life-threatening without proper treatment and care and
is among the leading international public health concerns of the past several decades.
DF disease is caused by the dengue virus (DENV) [1]. DENV has four nearly similar
but different serotypes, which are DENV-1, DENV-2, DENV-3, and DENV-4, and it is
spread primarily by the mosquito Aedes aegypti, with Aedes albopictus being a secondary
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vector [1]. DF predominantly occurs in tropical and subtropical regions of the world, with
the highest rate shown in urban and semi-urban environments. Even in rural areas, many
people are affected by DF. Many people infected with the dengue virus may not show
symptoms or only have a mild illness, but in some cases, it can cause serious and even life-
threatening problems. The World Health Organization (WHO) has collected information on
DF and has stated that the estimated number of dengue infections each year ranges around
100–400 million [2]. According to the WHO, the highest number of DF was recorded in
2023 across 80 nations [2]. Over 6.5 million infections and over 7300 dengue-related deaths
have been documented since the start of 2023 due to continuous transmission and an unan-
ticipated increase in dengue incidence [2]. In addition, according to the WHO, in the Amer-
icas, there were 2300 fatalities and 4.5 million cases of DF. In Asia, Bangladesh (321,000),
Malaysia (111,400), Thailand (150,000), and Vietnam (369,000) reported the highest number
of cases [2].

DF typically occurs as a mild or asymptomatic illness in most cases of individuals [2,3].
Recovery can take within one to two weeks. However, in a few cases, this disease can
quickly progress to severe dengue fever if not treated promptly and can even lead to death.
In the early stage, DF is usually detected within 4 to 10 days [2,3]. Classic symptoms of a
DF patient include high-grade fever (up to 40 °C or 104 °F) [2,3]. Other symptoms include
severe headache, pain behind the eyes, muscle and joint pain, nausea, vomiting, swollen
lymph nodes, and skin rash [2,3]. Most importantly, secondary infections with dengue
pose a much higher risk of severe disease due to antibody-dependent enhancement [4]. In
particular, dangerous and critical phases of DF can occur after the fever subsides. During
this stage, the symptoms of severe abdominal pain, vomiting, tachypnea, bleeding from
gums, fatigue, visible blood in vomit or stool, excessive thirst, pale skin, and profound
weakness are more prevalent [2,3]. If this symptom appears in any patient, immediate
medical treatment should be provided. If the treatment is not provided properly, organs
can fail in DF patients. Additionally, in some cases, DF-positive patients may experience
weakness and fatigue for up to a week following clinical recovery, requiring supportive
care.

There is currently no specific treatment for DF [2]. Thus, early detection of DF symp-
toms can increase the chances of quick recovery. The machine learning (ML) approach is
used all over the world to identify any kind of disease as it is better for quick outcomes. In
essence, by integrating historical cases with weather and population data, machine learning
and deep learning enable precise forecasting.

Nirob et al. (2025) have worked on a larger multi-center dataset involving
1523 dengue-confirmed patients, incorporating detailed blood profiles [5]. They have ap-
plied a statistical test on their dataset, introducing dengue-positive patients presented with
lower WBC and RBC counts and higher hemoglobin levels and monocyte percentages [5].
Mayrose et al. (2023) performed a study using a dataset, which contains peripheral blood
smear (PBS) images acquired from 94 blood smear slides of different subjects (54 dengue-
infected subjects and 40 normal controls) [6]. The authors used a Support Vector Machine
(SVM), achieving an accuracy of 95.74% [6]. Dsilva et al. (2024) used a dataset that contains
314 digitized peripheral blood smear (PBS) images (163 dengue, 151 normal) [7]. The
authors applied five YOLOv8 scaled variants on their dataset, with the YOLOv8s and
YOLOv8l achieving the best mean accuracy of 99.3% across five independent experiments
[7]. In addition, the SVM achieved 98.7% accuracy using 10-fold cross-validation [7]. Ho
et al. (2020) employed a clinical dengue dataset (PubMed) in their study. They applied
Decision Tree (DT), Deep Neural Network (DNN), and Logistic Regression (LR) and at-
tained area-under-the-curve results of 84.6%, 85.87%, and 83.75%, respectively [8]. Iqbal et
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al. (2019) utilized a Dengue Outbreak (75 samples) dataset and employed the LogitBoost
model, achieving an accuracy of 92%, sensitivity of 90%, and specificity of 90% [9].

2. Materials and Methods
We performed a classification process to distinguish between patients with DF and

those without DF using a predictive clinical and hematological dataset for dengue fever.
This is a labeled dataset. This study applied supervised machine learning for classification.
Primarily, the data were preprocessed and initiated with data splitting using a valid
ratio, and then the classification results were analyzed. Then, the optimization algorithm
was performed with cross-validation to select features and hyper-tuning for the classifier
parameters. This research used the Gradient Boosting (GB) classifier and the Bird Swarm
Algorithm (BSA)-based metaheuristic algorithm to select the features and hyperparameters
for the classifier. Finally, SHAP was introduced to analyze the impact of each feature, and
Diverse Counterfactual Explanations (DiCE) were applied to explain misclassifications.
The overall approach of the working methodology is presented in Figure 1.
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Figure 1. Sequential representation of methodology.

2.1. Dataset

This DF dataset was obtained from the Mendeley Data website at https://doi.org/10
.17632/xrsbyjs24t.1 (accessed on 2 June 2025). The data for the DF dataset were collected
from Upazila Health Complex, Kalai, Joypurhat, Bangladesh [10]. This dataset contains
eight features and one target feature. Out of the eight features, one feature is categorical,
and the other seven are numerical. The categorical feature is Sex, which carries Male,
Female, and Child. The target feature is Final Output, which presents the DF (1)- and
Non-DF (0)-affected patients. In addition, this dataset holds information on 1003 patients.
Among these patients, 14 patients do not contain a class label that has been removed.
However, other numerical missing feature values have been imputed using mean impu-
tation across the entire dataset before any model training or validation. We considered
up to two decimal points for the imputed values. Some information about this dataset is
presented in Table 1. Furthermore, this dataset holds 320 non-DF- and 669 DF-affected
patients.

https://doi.org/10.17632/xrsbyjs24t.1
https://doi.org/10.17632/xrsbyjs24t.1
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Table 1. Dataset feature summary.

Feature Index Column Name ML Data Type Non-Null Count Feature Description

0 Age Numerical 1003 Patient’s age in years

1 Sex Categorical 1003 Sex consisting of Male, Female and
Child

2 Hemoglobin Numerical 1003 Hemoglobin level in blood (g/dL)
3 WBC Count Numerical 979 White Blood Cell count (cells/µL)

4 Differential Count Numerical 1003 Percentage of various types of white
blood cells

5 RBC PANEL Numerical 1003 Red blood cell panel metrics (may
include MCV, MCH, etc.)

6 Platelet Count Numerical 986 Platelet count (cells/µL)

7 PDW Numerical 984 Platelet Distribution Width (variation
in platelet size)

8 Final Output Binary 989 Target variable—may represent
dengue status

Figure 2 presents the distribution of features of the DF dataset. The age distribution
shows that most patients are younger than those in the DF dataset. The sex feature, which
has been encoded, shows that male (2) is more prevalent for this dataset. Hemoglobin levels
are normally distributed, with most values centered around the expected physiological
range. The white blood cell (WBC) count exhibits a right-skewed distribution, suggesting
that many patients have lower WBC counts, which aligns with typical dengue symptoms.
The differential count and RBC panel features look like binary or categorical types and
display distinct separations in values. The platelet count is a key factor for DF. Platelet
Distribution Width (PDW) is right-skewed, specifying significant variability in platelet size
among all patients. Lastly, the final output is the target feature, which contains a binary
output. The distribution of target features is relatively balanced.

Figure 2. Visual representation of distribution of features.

Figure 3 illustrates the correlation matrix heatmap explaining the relationship be-
tween two clinical features. Notably, platelet count and WBC count exhibit a strong
correlation with the target feature. This correlation suggests their importance in predicting
dengue cases. In addition, PDW also shows a moderate correlation with the target feature.
Hemoglobin and Age display a weak correlation. Overall, the heatmap focuses on platelet
count and WBC count as key predictive features in the DF dataset.
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Figure 3. Representation of correlation matrix.

2.2. Classification Model

In this research, a GB classifier is used, which is an ML algorithm especially used for
classification tasks. GB is an ensemble method, which means it builds a strong model by
adding the predictions of many weak models—typically Decision Trees [11]. GB classifier
uses an iterative ensemble construction procedure whereby a further tree in the ensemble
is trained to minimize the error of the previous ensemble [11]. The algorithm optimizes
a loss function, usually logarithmic loss, using gradient descent, thus refining leaf node
predictions [11]. Largely in comparison to other methods of machine learning, the GB
classifier has been found to possess significant improvements with regard to the analysis of
complex data, its ability to take into account non-linear relationships, and its propensity to
reach high prediction accuracy.

For this research, the number of estimators, the learning rate, the maximum depth, and
the minimum sample split hyperparameters are used for the GB classifier. The boundary
condition is applied for the number of estimators: 100 to 300, learning rate: 0.001 to 0.2, etc.
All hyperparameters’ ranges and types are described in Table 2.

Table 2. Boundary conditions for GB classifier hyperparameters.

Hyperparameter Type Range

Number of Estimators (n_estimators) Integer 100 to 300
Learning Rate (learning_rate) Float 0.001 to 0.2
Max Depth (max_depth) Integer 3 to 7
Minimum Sample Split (min_child_weight) Float 0.1 to 0.2

2.3. Feature Selection Algorithm

Feature selection (FS) is the method of finding and extracting a pertinent subset of
features from an original dataset [12]. In most datasets, not all features contribute equally to
increase model performance. FS plays a crucial role in selecting the most important features.
FS algorithms are categorized into three main types: filter, wrapper, and embedded methods
[12]. Metaheuristic algorithms fall under the wrapper category [12]. Metaheuristic-based
BSA has been used in this research to find the most prominent features and hyperparameters
for the classifier.
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The BSA swarm intelligence-based metaheuristic optimization technique was moti-
vated by the natural foraging, vigilance, and flight behaviors seen in bird communities [13].
In the context of FS, BSA is a wrapper method. BSA identifies the most crucial feature sets
that correlate with the output. BSA was first proposed by Xian-Bing Meng, X.Z. Gao, Lihua
Lu, Yu Liu, and Hengzhen Zhang in 2016 [13].

The BSA emulates three core actions of birds: foraging, vigilance, and flight. Denote
by xt

i,j the location of the the i-th bird in the j-th dimension at iteration t.

(1) Foraging
behavior:

In each iteration, each bird updates its position with the best of its own pi,j and the
global best position gj of the swarm:

xt+1
i,j = xt

i,j + (pi,j − xt
i,j) · C · rand(0, 1) + (gj − xt

i,j) · S · rand(0, 1), (1)

where C and S are cognitive and social coefficients.

(2) Vigilance behavior:

If a bird does not forage, it moves towards the swarm center while considering
competition with others:

xt+1
i,j = xt

i,j + a1(x̄t
j − xt

i,j) · rand(0, 1) + a2(xt
k,j − xt

i,j) · rand(0, 1), (2)

where x̄t
j is the average swarm position in dimension j, xt

k,j is a randomly chosen bird
(k ̸= i), and a1, a2 are positive constants.

(3) Flight behavior:

Birds periodically fly to new sites. The swarm is divided into producers and scroungers:

xt+1
i,j = xt

i,j · (1 + randn(0, 1)), if bird i is a producer, (3)

xt+1
i,j = xt

i,j + FL · (xt
k,j − xt

i,j), if bird i is a scrounger, (4)

where randn(0, 1) is a Gaussian random number, FL ∈ [0, 2] is the following coefficient,
and xt

k,j denotes the position of a producer.
In our study, BSA was employed to optimize the hyperparameters of GB classifier and

feature selection purpose. To ensure reproducibility, the optimization seed is fixed at 1,
with 30 epochs and a population size of 30. The random state is set to 42. The optimization
search space includes four hyperparameters and a binary feature selection vector that
represents all candidate features in the dataset. The population is randomly initialized
within the defined limits. The goal of the optimization is to maximize the F1-score on the
training set. Convergence is defined as either completing 30 epochs or stabilizing the global
best fitness value.

2.4. Evaluation Techniques

This section outlines traditional evaluation standards for measuring the performance
of the model through standard classification metrics: Accuracy, F1-score, Precision, and
Recall, all obtained from the confusion matrix. Furthermore, the confusion matrix (CM)
acts as a key instrument in this context. It consists of four categories determined by the
predicted and actual classes. These four categories are as follows:

• True Positive (TP): Accurately identified as the positive class.
• False Positive (FP): Incorrectly identified as the positive class.
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• True Negative (TN): Accurately identified as the negative class.
• False Negative (FN): Incorrectly identified as the negative class.

The metrics for classification are computed using the following mathematical formulas:

Accuracy =
TP + TN

TP + TN + FP + FN
(5)

Precision =
TP

TP + FP
(6)

Recall =
TP

TP + FN
(7)

F1-Score =
2 · Precision · Recall
Precision + Recall

(8)

2.5. DiCE

DiCE is a counterfactual (CF)-type explanation method that generates “what-if” sce-
narios for machine learning models, explaining how input features would need to change
to alter the outcome [14]. DiCE focuses on producing multiple and diverse sets of CFs,
allowing users to explore different possibilities to achieve a desired outcome [14]. Ad-
ditionally, DiCE facilitates the creation of various CF explanations and offers adjustable
parameters that control the diversity and closeness of these explanations to the original
input [14]. The objective of optimization for DiCE is defined in Equation (9), wherein C(x)
denotes the set of k counterfactuals generated for a particular input x:

C(x) = arg min
c1,...,ck

1
k

k

∑
i=1

yloss( f (ci), y) + λ1
1
k

k

∑
i=1

dist(ci, x)− λ2 dpp_diversity(c1, . . . , ck) (9)

In this method, the term yloss( f (ci), y) indicates the classification loss, steering each
counterfactual ci toward the desired target class y. The proximity component dist(ci, x) re-
stricts the creation of counterfactuals that stray too far from the original instance x, thereby
maintaining realism. Finally, dpp_diversity(c1, . . . , ck) employs Determinantal Point Pro-
cesses (DPPs) to enhance the diversity among the generated counterfactuals, ensuring
the resulting set offers several unique and practical alternatives. The hyperparameters
λ1 and λ2 control the trade-off between proximity and diversity.

2.6. Shap Method

SHAP (SHapley Additive exPlanations) is a great game-theory-based approach to
explaining the prediction of machine learning models [15]. It assigns a contribution value
to each feature for a specific prediction based on Shapley values [16]. SHAP is coherent and
locally accurate, i.e., SHAP values sum up to the model prediction. It provides information
about global feature importance and contribution to individual predictions. SHAP is model-
agnostic and is being extensively utilized for explainable AI, particularly for complex
models such as Gradient Boosting, XGBoost, Random Forest, and Neural Networks [17].

3. Results
In this research, the result section has been segregated into five subsections: cross-

validation performance of multiple baseline classifier, cross-validation performance of
metaheuristic-based BSA technique feature selection and model tuning, performance with
mean optimized hyperparameters of GB, counterfactual analysis, and SHAP analysis. This
research focuses on these three subsections and properly analyzed the results. Furthermore,
using the GB classifier without selecting features, classification performance was evaluated.
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In addition, before using K-fold cross-validation, the metaheuristic-based BSA technique
was applied. Then, the classification metrics and selected features were observed.

The GB classifier was applied without feature selection techniques and was used on
the DF dataset. The model classified the dataset with perfect accuracy (Acc.) score, a perfect
precision (Pre.) score, a perfect recall (Rec.) score, and a perfect F1-score (all of which
were 100%). The results obtained in the following indicate that the classifier made no false
positives or false negatives when classifying the actual classes of the DF dataset. In addition,
the metaheuristic-based BSA technique was applied before using K-fold cross-validation. In
this case, the model achieved a near-perfect accuracy of 99.49%, F1-score of 99.62%, recall of
99.24%, and an outstanding precision score of 100%. These results demonstrate the model’s
performance, robustness, and reliability. Age, Hemoglobin, WBC Count, RBC PANEL, and
Platelet Count features were selected in this case. Table 3 presents the performance of the
models (with and without feature selection) without cross-validation.

Table 3. Performance comparison of GB classifier and without cross-validation.

Metric Without Feature Selection (%) With Feature Selection (%)

Acc. (%) 100 99.49
F1-Score (%) 100 99.62
Pre. (%) 100 100
Rec. (%) 100 99.24

Selected Features All (8) Age, Hemoglobin, WBC Count, RBC PANEL, Platelet Count

3.1. Cross-Validation Performance of Multiple Baseline Classifiers

Initially, we examined the multiple baseline classifiers with default settings through
5-fold cross-validation. Table 4 presents the average results of various baselines and well-
known classifiers, including GB classifier. Most classifiers, such as XGBoost, CatBoost,
AdaBoost, Extra Tree, Gradient Boosting, and LightGBM, reached a mean test accuracy
of 99.90% using all eight features. Random Forest and Decision Tree achieved mean test
accuracies of 99.80% and 99.70%, respectively. Logistic Regression and Support Vector
Machine showed comparatively lower mean test accuracy scores of 98.89% and 98.38%,
respectively.

Table 4. Mean results of multiple baseline (with default settings) classifier models through 5-fold
cross-validation.

Classifier Model
Train Test

Acc. (%) F1-Score (%) Pre. (%) Rec. (%) Acc. (%) F1-Score (%) Pre. (%) Rec. (%)

Gradient Boosting 100 100 100 100 99.80 99.85 99.84 99.85
XGBoost 100 100 100 100 99.90 99.93 99.86 100
CatBoost 100 100 100 100 99.90 99.93 99.86 100
AdaBoost 100 100 100 100 99.90 99.93 99.86 100
LightGBM 100 100 100 100 99.90 99.93 99.86 100

Random Forest 100 100 100 100 99.80 99.85 1.00 99.70
Decision Tree 100 100 100 100 99.70 99.77 99.84 99.70

Extra Tree 100 100 100 100 99.90 99.93 99.86 100
Logistic Regression 98.94 99.22 98.96 99.48 98.89 99.17 99.25 99.09

Support Vector Machine 98.38 98.80 99.10 98.50 98.38 98.79 99.09 98.49

3.2. Cross-Validation Performance of Optimized Model

This research applied a five-fold cross-validation strategy to evaluate the performance
of the GB classifier using the metaheuristic-based BSA technique. In this case, traditional
cross-validation is used, and 5-fold cross-validation techniques are attained in this research.
For each fold, the train and test are followed by the traditional cross-validation rule. Each
fold found the best hyperparameters for the GB classifier. All five folds successfully
achieved an F1-score value of 1 as the cost function, as illustrated in Figure 4. The figures
demonstrate the fitness evolution by F1-score over 30 epochs for each fold. In addition, each
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fold exhibited stable fitness without any variation in the F1-score for the feature selection
process.
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Figure 4. Graphical representation of cost function for each fold.

In fold 1, the GB classifier achieved 123 estimators, a learning rate of 0.026290649684422046,
a maximum depth of 3, and a minimum sample leaf value of 0.11270886918815179, respec-
tively. The selected features were Age, Hemoglobin, WBC Count, RBC PANEL, and Platelet
Count. Fold 2 achieved 272 estimators, a learning rate of 0.10946381155170341, a maximum
depth of 7, and a minimum leaf sample value of 0.17277171739483901, respectively, for the
GB classifier. In fold 3, the following hyperparameters were selected by BSA for the GB
classifier: 273 estimators, a learning rate of 0.11098454855482953, a maximum depth of 7, and
a minimum sample leaf value of 0.17367334962437836. In fold 4, the following hyperparame-
ters were set for the GB classifier: the number of estimators was 276, the learning rate was
0.1115327873312052, the maximum depth was 7, and the minimum sample leaf value was
0.17389236160325644. Lastly, in fold 5, the number of estimators was 274, the learning rate
was 0.11083835916758633, the maximum depth was 7, and the minimum sample leaf value
was 0.17371313028572308. Each fold from folds 2 to 5 selected Age, WBC Count, RBC PANEL,
and Platelet Count as their features, and all the information is presented in Table 5.

Table 5. GB classifier hyperparameters and selected features per fold.

Fold No. GB Hyperparameters and Selected Features

1 n_estimators: 123
learning_rate: 0.026290649684422046
max_depth: 3
min_samples_split: 0.11270886918815179
Selected Features: Age, Hemoglobin, WBC Count, RBC PANEL, Platelet Count

2 n_estimators: 272
learning_rate: 0.10946381155170341
max_depth: 7
min_samples_split: 0.17277171739483901
Selected Features: Age, WBC Count, RBC PANEL, Platelet Count

3 n_estimators: 273
learning_rate: 0.11098454855482953
max_depth: 7
min_samples_split: 0.17367334962437836
Selected Features: Age, WBC Count, RBC PANEL, Platelet Count

4 n_estimators: 276
learning_rate: 0.1115327873312052
max_depth: 7
min_samples_split: 0.17389236160325644
Selected Features: Age, WBC Count, RBC PANEL, Platelet Count

5 n_estimators: 274
learning_rate: 0.11083835916758633
max_depth: 7
min_samples_split: 0.17371313028572308
Selected Features: Age, WBC Count, RBC PANEL, Platelet Count
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Additionally, this research was evaluated using classification metrics performance
(Accuracy, F1-score, Precision, and Recall) on both the training and test cases for each fold,
which are represented in Table 6. For each fold, the GB classifier achieved perfect training
scores for accuracy, F1, precision, and recall. These results strongly suggest that the training
data fit the GB classifier model perfectly without any classification errors. Further, the
evaluation of test data revealed the performance variability of the GB classifier, highlighting
the model’s effectiveness.

Folds 1, 2, and 4 achieved test accuracies of 99.49%, indicating that nearly all test
instances were correctly classified, whereas folds 3 and 5 performed well but slightly lower
than other folds, achieving accuracy scores of 98.99% and 99.48%, respectively. In addition,
the model achieved an F1-score of 99.62% and a perfect precision of 100%, indicating no
false positives, while fold 1 achieved a recall of 99.24%. In fold 2, the classification model
obtained an F1-score, precision, and recall of 99.23%. In fold 4, the model achieved an
F1-score of 99.61% and a precision of 99.22%. Notably, the recall score achieved 100%,
which indicates that the model identified all actual positive classes predicted correctly. In
fold 5, the F1-score reached a near-perfect score of 99.61%, as well as a precision of 98.55%
and a recall of 99.27%. These results highlight the GB model’s effectiveness and capability.
Finally, the mean cross-validation performance result is displayed in the last row, in which
a mean accuracy of 99.39%, mean F1-score of 99.40%, mean precision of 99.26%, and mean
recall of 99.55% were obtained.

Table 6. Model performance metrics per fold.

Fold No.
Train Test

Acc. (%) F1-Score (%) Pre. (%) Rec. (%) Acc. (%) F1-Score (%) Pre. (%) Rec. (%)

1 100 100 100 100 99.49 99.62 100 99.24
2 100 100 100 100 99.49 99.65 99.30 100
3 100 100 100 100 98.99 99.23 99.23 99.23
4 100 100 100 100 99.49 99.61 99.22 100
5 100 100 100 100 99.48 98.91 98.55 99.27

Mean Performance 100 100 100 100 99.39 99.40 99.26 99.55

Figure 5 presents the confusion matrix for each fold. Fold 1 demonstrates that only
one instance gave the wrong result. In this case, the actual class of this instance is DF, but
the model incorrectly predicted it as Non-Dengue. In folds 2 and 4, each fold has one
instance that was incorrectly predicted, whose actual class is Non-Dengue, but the model
predicted it as Dengue. The GB model incorrectly predicted two instances in fold 3. In this
case, one instance was actually class DF but shows Non-DF. In addition, another instance
was actually class Non-DF, but the model predicted it as DF. Finally, in fold 5, the model
incorrectly predicted three instances; two instances’ actual classes are DF, but the model
wrongly predicted them as Non-DF, and the other instance was actually class Non-DF, but
the model incorrectly defined it as DF.
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Figure 5. Visual presentation of each fold confusion matrix.

Figure 6 visually represents the Receiver Operating Characteristic (ROC) curve for each
fold. The ROC has provided a graphical evaluation of a model’s classification performance
by plotting the true positive rate (sensitivity) against the false positive rate. In this study,
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the ROC curves of fold 1 and fold 3 achieved an area-under-the-curve (AUC) score of
0.9999, indicating an almost perfect separability between the positive and negative classes.
Meanwhile, folds 2 and 4 obtained an AUC of 1.0000, representing perfect separability. Fold
5 achieved the lowest AUC among all folds, with a value of 0.9996, which also indicates
almost perfect separability between the positive and negative classes. The general results
indicate the robustness and reliability of the GB classifier model.
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Figure 6. Fold-wise ROC curve visualization.

3.3. Performance with Mean Optimized Hyperparameters of GB

In this subsection, the average values of the hyperparameters n_estimators, learn-
ing_rate, max_depth, and min_samples_split are obtained from all five folds. The average
hyperparameter values are demonstrated in Table 7. In this research, the average hyperpa-
rameter values are used in a metaheuristic-based BSA technique to select the best features
and evaluate classification metrics.

Table 7. Average hyperparameter values.

Hyperparameter Average Value

n_estimators 243.6 (Take 244)
learning_rate 0.0938220312579493
max_depth 6.2 (Take 6)
min_samples_split 0.16135188561927974

The metaheuristic-based BSA technique involved selecting three features, which are
Hemoglobin, WBC Count, and Platelet Count. We have already observed that in each fold,
these WBC Count and Platelet Count features are common. In this context, this technique
also found that these two features are the most important and achieved a promising result.
In this case, the model achieved training accuracy, F1-score, precision, and recall scores of
100%. Furthermore, the model attained a test accuracy of 99.49%, F1-score of 99.62%, recall
of 99.24%, and a precision of 100%, representing no false positives. The overall results are
recorded in Table 8.

Table 8. Model performance using average optimized hyperparameters.

Metric Train Test

Acc. (%) 100 99.49
F1 Score (%) 100 99.62
Pre. (%) 100 100.00
Rec. (%) 100 99.24

Selected Features: Hemoglobin, WBC Count, Platelet Count
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In addition, Figure 7 presents the confusion matrix and ROC curve. In this case,
the confusion matrix shows only one incorrectly predicted instance. The actual class of
this instance is DF, but the model predicted it as Non-DF. In addition, the ROC achieved
an AUC of 0.9999, which means close-to-perfect separability between the positive and
negative classes.

0 1
Predicted Label

0

1

Tr
ue

 L
ab

el
66 0

1 131

(a) Confusion Matrix

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

0.0

0.2

0.4

0.6

0.8

1.0

Tr
ue

 P
os

iti
ve

 R
at

e

(b) Receiver Operating Characteristic (ROC) Curve

ROC curve (area = 0.9999)

Figure 7. Visual illustration of confusion matrix and ROC curve for mean optimized hyperparameters
of GB.

3.4. Counterfactual Analysis

Table 9 shows misclassified instances across five cross-validation folds. In this context,
the index 397 of the DF dataset is misclassified in fold 1. Fold 2 has a misclassified index of
926; the indices of 71 and 440 are misclassified in fold 3. In fold 4, only one misclassification
is observed at index 312. Lastly, fold 5 exhibits comparatively higher misclassification with
indexes 790, 861, and 960.

Table 9. Misclassification results per fold.

Fold Index Age Hemoglobin WBC Count RBC PANEL Platelet Count Final Output

1 397 37 16.0 2200.00 1 190,340 1

2 926 44 16.0 8600.00 1 89,450 0

3 71 4 13.2 4338.03 1 113,000 1

3 440 23 15.4 7300.00 1 17,800 0

4 312 10 15.0 4338.03 1 150,000 0

5 790 47 12.8 3400.00 1 165,650 1

5 861 32 14.9 3600.00 1 190,000 0

5 960 29 15.0 4338.03 1 233,000 0

Table 10 presents the DiCE analysis on the misclassified index. For index 397, this
instance shows a meaningful increase in WBC Count from 2200 to 10,743.3, changing the
actual class DF (1) to Non-DF (0).

Table 10. DiCE analysis on misclassification instances.

Fold Index Changed Feature Value Changed Output (Actual → CF)

1 397 WBC Count 2200.0 → 10,743.3 1 → 0
2 926 WBC Count 8600.0 → 2864.9 0 → 1
3 71 WBC Count 4338.03 → 10,743.3 1 → 0
3 440 WBC Count 7300.0 → 2864.9 0 → 1

4 312 WBC Count + Platelet Count 4338.03 → 3737.7,
150,000 → 105,669.1 0 → 1

5 790 WBC Count 3400.0 → 10,765.2 1 → 0
5 861 Platelet Count 190,000 → 35,224.6 0 → 1

5 960 WBC Count + Platelet Count 4338.03 → 4338.03,
233,000 → 78,641.2 0 → 1
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For index 926, the WBC Count level significantly decreased from 8600 to 2864.9, and
the actual output was switched from Non-DF (0) to DF (1).

For index 71, WBC Count has an actual value of 4338.03 and the class is DF (1),
but after CF, the value of WBC Count is 10,743.3 and the new class is Non-DF (0). In
addition, the value of WBC count decreased from 7300 to 2864.9, changing the actual class
Non-DF (0) to the new class DF (1).

For index 312, WBC Count and Platelet Count changed. In this context, the WBC
Count value significantly changed from 4338.03 to 3737.7, while the Platelet Count value
changed from 150,000 to 105,669.1, altering the output class Non-DF (0) to DF (1).

The WBC Count value notably increased from 3400 to 10,765.2 in index 2, switching
the actual class DF (1) to the new class Non-DF (0). In addition, the index of 861 changed the
Platelet Count value from 190,000 to 35,224.6, producing a new output class from Non-DF
(0) to DF (1). Finally, for index 960, WBC Count and Platelet Count changed their value
and generated a new outcome. In this context, the value of WBC Count slightly changed,
while the Plate Count value remarkably decreased from 233,000 to 78,641.2, creating a new
class DF (1) from the actual class Non-DF (0).

Table 11 provides the DiCE interpretation on correctly classified instances. In this case,
we have analyzed two correctly classified instances (1 and 1000). For index 1, WBC Count
value increased from 3000.0 to 10,743.3, altering the actual class DF (1) to the new class
Non-DF (0). In addition, for index 1000, WBC Count and Platelet Count values changed,
switching the actual class Non-DF (0) to the predicted new class DF (0).

Table 11. DiCE analysis on correctly classified instances.

Fold Index Changed Feature Value Changed Output ( Actual → CF)

1 1 WBC Count 3000.0 → 10,743.3 1 → 0

2 1000 WBC Count + Platelet Count 7500.0 → 3660.5,
345,000.0 → 101,417.9 0 → 1

3.5. SHAP Analysis

In our study, we used SHAP version 0.48.0. SHAP values were computed using
SHAP’s TreeExplainer. SHAP values were calculated only on the held-out test dataset. This
approach prevents any information from leaking in from the training data and also ensures
an unbiased estimate of feature contributions.

Figure 8 illustrates the impact of the features according to the mean SHAP value. This
value was obtained using only the GB classifier. In this case, WBC Count has the highest
SHAP value of 7.49, while the Platelet Count holds second position, at 2.07. Therefore,
WBC Count and Platelet Count are the most important features among all features, whereas
other features indicate that the SHAP values are not visible, which means they are less
important features.
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Figure 8. Presentation of features’ mean SHAP value using only GB classifier model. The x-axis
shows the average SHAP value, which indicates how much each feature influences the outcome. The
y-axis lists the features in order of their importance.

4. Discussion
Table 12 shows the comparison of various dengue-related results with our research

outcomes on the DF dataset. In this study, we have compared our work with the image-
based dataset, which is not directly comparable with our tabular dataset. The dataset used
in this study is relatively underexplored in previous studies. For this reason, we could not
find enough related work concerning this dataset to compare our work. We have observed
that Nirob et al. (2025) worked on a dengue dataset and performed a T-test and Z-test,
with the tests conveying an important result, that is, WBC and RBC counts are influential
for dengue-positive patients [5]. Mayrose et al. (2023) performed on a PBS-image dataset,
achieving an accuracy of 95.74% using SVM [6]. In addition, Dsilva et al. (2024) used
an SVM (10-fold cross-validation) and YOLOv8 on the PBS-image dataset, achieving an
accuracy of 98.7% and 99.3%, respectively [7]. Ho et al. (2020) used a clinical dengue
dataset, to which DT, DNN, and LR models were applied, achieving an AUC of 84.6%,
85.87%, and 83.75%, respectively [8]. Iqbal et al. (2019) performed a study on a dataset of
75 outbreak samples and used the LogitBoost model, achieving a model an accuracy of
92%, sensitivity of 90%, and specificity of 90%, respectively [9]. Nonetheless, none of the
earlier studies are directly comparable to our research due to differences in the datasets. In
this study, we utilized the Dengue Fever dataset, which was recently published.

Table 12. Comparison with various dengue-based works and our work results on a dengue dataset.

Reference Type Method Used Results

Nirob et al. (2025) [5]
Dengue Dataset
(19 hematological and
clinical features)

T -test, Z-test
WBC and RBC counts are
influential for
dengue-positive patients

Mayrose et al. (2023) [6] PBS-image features (n = 94) SVM Accuracy: 95.74%
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Table 12. Cont.

Reference Type Method Used Results

Dsilva et al. (2024) [7] Blood smear images
(n = 314)

SVM (10 fold
cross-validation)
YOLOv8

Accuracy: 98.7%

Accuracy: 99.3%

Ho et al. (2020) [8] Clinical Dengue Dataset
(PubMed)

DT
DNN
LR

AUC: 84.6%
AUC: 85.87%
AUC: 83.75%

Iqbal et al. (2019) [9] Dengue Outbreak
(75 samples) LogitBoost

Accuracy: 92%
Sensitivity: 90%
Specificity: 90%

Our work method-1 Clinical and hematological
dengue dataset Only GB

Accuracy: 100%
F1-Score: 100%
Precision: 100%
Recall: 100%

Our work method-2 Clinical and hematological
dengue dataset BSA-GB

Accuracy: 99.49%
F1-Score: 99.62%
Precision: 99.24%
Recall: 100%

Our work method-3 Clinical and hematological
dengue dataset 5-Fold CV BSA-GB

Fold-2 result:
Accuracy: 99.49%
F1-Score: 99.65%
Precision: 99.30%
Recall: 100%

Our work method-4 Clinical and hematological
dengue dataset

BSA-GB with mean value of
Hyperparameters

Accuracy: 99.49%
F1-Score: 99.62%
Precision: 99.24%
Recall: 100%

In this study, we used a clinical and hematological dengue dataset. Firstly, we applied
only the GB classifier, obtaining the best accuracy, F1-score, precision, and recall results,
and all these results are 100%. For better analysis and to reduce the number of features, we
applied the GB classifier with a metaheuristic-based BSA algorithm, achieving an accuracy
of 99.49%, F1-score of 99.62%, recall of 99.24%, and an outstanding precision score of 100%.
In this case, the BSA model selected five among the eight features. For better evaluation
and to reduce the features, we performed a five-fold cross-validation strategy, in which
both folds 1 and 2 gave better results, with fold 1 selecting five features, and fold 2 selecting
4 features. From the feature selection perspective, we found that fold 2 achieved a better
result, obtaining an accuracy of 99.49%, indicating the model’s superior performance and
accuracy. The F1-score result was 99.65%, which shows the balance between performance
and reliability. The precision score was 99.30%, which indicates how reliable the model is
when it predicts positive cases. Finally, recall was 100%, which indicates how good the GB
model is at finding all actual cases.

In addition, the mean values of the hyperparameters n_estimators, learning_rate,
max_depth, and min_samples_split were used in the GB classifier and were obtained
from all five folds. In this case, the model employed an accuracy of 99.49%, F1-score of
99.62%, recall of 99.24%, and precision of 100%. In this context, BSA selected three features,
Hemoglobin, WBC Count, and Platelet Count, which suggests that a minimal feature subset
can yield optimal outcomes.

We analyzed the misclassified results using counterfactual explanations, which mainly
describe the small changes in input features of switching the previous class. In addition,
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we analyzed SHAP values, which indicate that the WBC Count and Platelet Count are
important features among all features. Riffat et al. reported that dengue-infected patients
mostly had low platelet counts [18]. Another study found a significant association between
the WBC count and the risk of developing a severe form of dengue [19]. We can conclude
that our findings support these observations because WBC Count and Platelet Count are
associated with dengue fever.

Our proposed models demonstrate improved performance while achieving substan-
tial feature reduction. However, one limitation of this study is the size of the dataset.
Additionally, there is no publicly available dataset with a similar set of features, which
has prevented us from validating our model on external data. In the future, if a compa-
rable dataset becomes available, we intend to evaluate our model on it to further assess
its generalizability.

5. Conclusions
Dengue fever (DF), also known as breakbone fever, is one of the most common dis-

eases transmitted by the Aedes mosquito. In reality, this fever has no specific treatment,
but early detection and supportive care can save lives. This study used a clinical and
hematological dengue dataset to check how the Gradient Boosting (GB) classifier works
with and without using feature selection. First, the standalone GB model achieved perfect
classification performance—reaching 100% in accuracy, F1-score, precision, and recall. A
Bird Swarm Algorithm (BSA)-based metaheuristic was used to select features to improve
interpretability and reduce the computational complexity of a model. The BSA-GB frame-
work returned very competitive results with an accuracy of 99.49%, F1-score of 99.62%,
recall of 99.24%, and precision of 100%, and reduced the number of features to five out of
the total eight features.

Our method was later tested using five-fold cross-validation, the results of which
proved the reliability of the model, with the best results being achieved in fold 1 and fold 2.
Importantly, fold 2 chose only four features, but its performance was rather high, demon-
strating its effectiveness. In addition, the performance values remained high despite the
reduced number of features, and this indicated that the GB model was robust enough
even with average hyperparameter values that used all the folds. Specifically, three major
characteristics, namely, Hemoglobin, WBC Count, and Platelet Count, were enough to keep
the classification performance virtually perfect.

Counterfactual explanations were used to offer a deeper insight into how the model
makes decisions by indicating small inputs that would alter the prediction. Moreover, SHAP
analysis noted that WBC Count and Platelet Count played a major role, and therefore,
they are crucial in clinical diagnostics. As a whole, the suggested BSA-GB model is a
dependable, comprehensible, and effective method of classifying dengue on fewer but
significant features.
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