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ABSTRACT: Dengue fever poses a critical public health challenge worldwide, particularly in
developing countries with laboratory-constrained healthcare systems. Existing methods show
promise but are prone to overfitting, which can be mitigated by LSTM-based deep learning
models. However, LSTM inherently lack interpretability, a major barrier to clinical adoption in
disease prediction. This study bridges robustness and clinical interpretability by integrating rule
extraction with LSTM for dengue fever prediction, using a Mendeley dengue fever dataset
comprising 1,003 instances and 9 features, preprocessed with label encoding, simple imputation,
and synthetic minority oversampling (SMOTE).The LSTM algorithm is optimized using
GridSearchCV and RandomizedSearchCV and combined with G-REX for transparent generation,
evaluated using accuracy, precision, recall, F1 score, and ROC AUC. All three LSTM variants,
including Baseline, GridSearchCV, and RSCV (20 iterations), achieve 100% across Accuracy,
Precision, Recall, F1-Score, and ROC-AUC. However, G-REX rules deliver exceptional practical
performance: 98.99% Accuracy, 98.53% Precision, 100% Recall, 99.26% F1-Score, and 99.09%
ROC-AUC, while maintaining 93.3% fidelity to LSTM predictions, affirming medical validity.
These findings position LSTM models as a strong reference standard for dengue classification,
enabling resource-limited clinics to achieve high-quality diagnostics through transparent, rule-
based support systems. This study can be strengthened in future by exploring other rule-extraction
techniques and incorporating diverse, time-series datasets to enhance reliability, interpretability,
and generalizability across varied clinical settings.

KEYWORDS: Dengue Fever Diagnosis, LSTM, GSCV, RSCV, Rule Extraction, G-REX

I.INTRODUCTION

Dengue fever ranks among the most critical global mosquito-borne diseases. This disease results
from the transmission of Aedes mosquitoes [1]. World Health Organization (WHO) in 2024
reported the surge of dengue fever incidence to over 14.4 million cases (7.7 million confirmed,
52,738 severe, 11,201 deaths) in 2024. In Nigeria, laboratory disparities such as limited capacity,
test scarcity, and quality issues exacerbate dengue surge control challenges, underscoring the need
for innovative ML-driven diagnostics [2]. Recent machine learning methods for dengue prediction
include tree ensemble like Extra Trees Classifier which has strength in rapid classification on
clinical data, but lacks tuning details leading to overfitting [1], Random Forest is recognized as a
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promising and robust classifier but opaque without rules [3], and XGBoost excels in feature
importance via SHAP, limited by seasonal variability [4][5][6].

However, deep learning approaches like LSTM have shown superior performance in many studies
such as [7][8][9] but lack interpretability and transparency, crucial for diseases prediction and
analysis. This led to introduction of rule extraction approach to improve existing model, making
interpretable and transparent, thereby increasing its usability and reliability. Furthermore, this
study integrates grid search cross validation and randomized search cross validation to enhance
LSTM algorithm using fever dengue dataset from Mendeley repository. Given that the proposed
dataset is not a traditional time-series dataset, the use of LSTM is justified by the fact that clinical
diagnosis proceeds through a fixed, sequential evaluation of biomarkers (e.g., Age first, then
Platelets, followed by other laboratory parameters), which encodes an inherent diagnostic flow
rather than mere point-in-time measurements. This study explicitly treats features as an ordered
sequence reflecting the clinician’s assessment protocol, thereby transforming the tabular data into
a pseudo-temporal structure that LSTM can exploit to capture dependencies across steps. In
contrast, standard tabular models (e.g., random forest, XGBoost) treat all variables as
simultaneously observed and inherently ignore this ordered diagnostic reasoning. LSTM is
therefore chosen to preserve and learn from the sequential logic embedded in the clinical
workflow, making it a more appropriate choice than conventional tabular algorithms for this
fever-dengue dataset. Consequently, this work can be achieved through dengue fever dataset exploration
and preprocessing using label encoder, simple imputer, and synthetic minority oversampling technique
(SMOTE); LSTM implementation; hyperparameter tuning using grid search and randomized search CVs;
rules extraction using genetic if-else rule extraction technique; models evaluation using key metrics such
as accuracy, precision, recall, F1-score, and AUC-ROC.

Il. LITERATURE REVIEW

In healthcare, machine learning techniques have been widely used to identify patterns in patients’
data, gain insights, and translate those insights into informed decisions, enabling timely clinical
interventions [10]. Machine learning also helps optimize decision-making by bridging the gap
between human clinical reasoning and large-scale digital health data [11]. Recent machine learning
(ML) studies on dengue fever prediction have explored both ensemble learning and deep learning
approaches. Tree-based ensembles such as Random Forest (RF), Extra Trees Classifier (ETC), and
XGBoost have shown promising predictive performance, but often provide limited detail on
feature selection and hyperparameter tuning which are the two critical steps for robust and
reproducible classification [1][3][4][12]. Deep learning models, including standard neural
networks, multi-layer perceptrons, SSA-LSTM, and LSTM-ATT, have demonstrated superior
performance in several dengue-prediction studies [8][9][13]. Hybrid approaches that combine
classical and deep models such as CatBoost-SVM-LSTM have also yielded strong results [14][15],
suggesting that integrating different paradigms can improve predictive fidelity.

Despite these advances, key weaknesses remain. Many studies lack hyperparameter tuning,
increasing the risk of overfitting and limiting generalization [16]. Furthermore, these models are
often treated as black-box predictors, while post-hoc explainability methods such as SHAP provide
feature-level insights, they fall short of producing explicit, actionable clinical rules that clinicians
can interpret and apply in practice. Existing XAl techniques also tend to ignore or underrepresent
spatiotemporal and sequential dependencies inherent in clinical workflows, reducing their practical
utility at the point of care [1][9]. This study addresses these gaps by advocating for optimized,
interpretable models that balance predictive power with clinical transparency. Motivated by the
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temporal dependencies embedded in dengue indicator assessment, by adopting an LSTM
architecture to capture diagnostic sequencing in clinical data. In contrast to purely post-hoc XAl
methods, this study further employs G-REX for genetic rule extraction, transforming the trained
LSTM into a rule-based diagnostic system. This positions this work beyond standard SHAP-style
explanations, as G-REX generates human-readable rules that explicitly define how risk categories
are derived from clinical inputs, thereby enhancing both trust and usability in real-world healthcare
settings.

lll. METHODOLOGY

(A) Framework for the Proposed Dengue Prediction Model

Figure 1 represents the steps involved in attaining the proposed model, consisting Data
Preprocessing, LSTM Model Implementation, Hyperparameter Optimization, Genetic Rule
Extraction (G-REX), and Performance Evaluation.

Raw Dengue Dataset (Input)

: |

Preprocessing Phase

= Label Encoding
= Missing Value Imputation
= SMOTE (Class Balancing)

!

Model Training Phase

* LSTM Network (Temporal Learning)
= Hyperparameter Tuning (Grid Search)

. .

Explainability Phase

* Genetic Algorithm (G-REX) (Rule Extraction)

e 2

Performance Evaluation Phase
Accuracy
Precision
Recall
F1 score
AUC-ROC

Figure 1: The Proposed Framework for Dengue Prediction Process

(B) Dataset Description

This study employs benchmark dengue fever dataset in Mendeley repository
(https://data.mendeley.com/datasets/xrsbyjs24t/1) to implement a rule extraction-ML system for
dengue fever prediction using a clinical dataset from Mendeley repository comprising 1,003
patients data and featuring 9 parameters, namely Age, Sex, Hemoglobin, WBC Count, Differential
Count, RBC Panel metrics, Platelet Count, and PDW. The dataset features and descriptions are
presented in Table 1.

Table 1: Dataset Features and Description
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S/N  Parameter Description

1 Age Patient age

2 Sex Gender

3 Hemoglobin Blood hemoglobin level

4 WBC Count White blood cell count

5 Differential Count WBC subtype distribution
6 RBC Panel Red blood cell metrics

7 Platelet Count Platelet count

8 PDW Platelet distribution width
9 Final Output The target feature

(C) Dataset Preprocessing

To ensure the integrity of the input data and mitigate the effects of noise, a three-step preprocessing

protocol was established:

(a). Variable Encoding: Categorical variable, sex, was included in the raw dataset. This qualitative
characteristic was converted into numerical vectors using a Label Encoding approach.

(b).Missing Value Imputation: A Simple Imputer approach was used since WBC, PDW, Platelet
and Final Output features contain missing information. To maintain statistical distribution,
missing entries in continuous variables were substituted with the median value.

(c). Class Balancing (SMOTE): There was a notable class imbalance in the dataset. The Synthetic
Minority Oversampling Technique (SMOTE) was used to create additional samples for the
minority class in order to stop the model from skewing predictions in favor of the majority
class.

(D) LSTM Model Implementation Process

As depicted in Figure 2, the LSTM architecture incorporates specific gating mechanisms to
regulate information flow. The model comprises an input layer accepting the selected feature
sequences, hidden LSTM layers for temporal feature learning, and a dense output layer with a
Sigmoid activation function to output a binary probability. The Forget Gate, Input Gate, and Output
Gate allow the model to selectively retain relevant trends while discarding irrelevant fluctuations.

7 CellStai’.e R

>’ht

Forget Gate Input Gate  Output Gate

LSTw --acerss com Memory Highway

Figure 2: Internal structure of the Long Short-Term Memory (LSTM)

(E) Hyperparameter Tuning Process

To maximize predictive performance, the model parameters were optimized using Grid Search
Cross-Validation and Randomized Search Cross-Validation. A comprehensive grid of potential
values was defined for learning rate, epochs, and batch size. The configuration yielding the highest
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validation accuracy across k-folds was selected. The tuning process and parameters are shown in
Algorithms 2 and 3 for GSCV and RSCV, respectively.

Algorithm 2: LSTM+GSCYV Pseudocode
Data
PARAM GRID = {
'model _units': [32, 64],
'model _dropout": [0.2, 0.3],
'model _Ir": [0.001, 0.0001],
'model _ optimizer': ['adam'],
'batch_size'": [32, 64],
'epochs': [50]
j
GRID = GridSearchCV(LSTMModel(), param_grid, cv=3, scoring="roc_auc', n_jobs=1)
FIT GRID on X train_selected
BEST MODEL = GRID.best estimator
Algorithm 3: LSTM+RSCYV Pseudocode
Data
PARAM_GRID = {
'model _ units': randint(32, 128),
'model _dropout': loguniform(0.1, 0.5),
'model _Ir": loguniform(le-4, le-2),
'model __optimizer': ['adam', 'rmsprop'],
'model 12 reg": loguniform(le-4, le-2),
'batch_size'": randint(16, 128),
'epochs': randint(30, 100)

}
Random_search = RandomizedSearchCV(LSTMModel(), param_dist, n_iter=20, cv=3,

scoring="roc_auc', random_state=42, n_jobs=1)
FIT Random_search on X train_selected
BEST MODEL = Random_search.best estimator

(F) Rule Extraction Process

Despite their great prediction accuracy, LSTM models are opaque and difficult to understand. As
shown in Figure 3, a unique Genetic Rule Extraction (G-REX) technique is proposed to overcome
this constraint. The G-Rex is based on rules. Rules with higher fitness scores are selected and
refined through genetic operators, including crossover and mutation, forming an evolutionary
cycle. This iterative process continues until convergence, or a predefined stopping criterion is
reached, resulting in an optimized rule set that captures the underlying decision logic of the LSTM
in an interpretable form.
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Genetic Rule Extraction
(G-REX)

Initial Population
(Random “if-Then™ rules)
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Mutation Evaluation —» Optimize
(Mix rules to create (Check rule accuracy Rule Set
better ones) against LSTM predictions)

Selection
(Pick the best rules)

Figure 3: Overview of the Proposed Genetic Rule Extraction (G-REX) Framework

An initial population of randomly generated if—then rules has evolved using a genetic algorithm.
Each rule is evaluated using a fitness function based on its agreement with LSTM model
predictions, ensuring fidelity to the underlying deep learning behavior. The most accurate rules are
selected and refined through crossover and mutation operations, forming an evolutionary cycle
that progressively improves rule quality. The process terminates with an optimized rule set that
provides an interpretable approximation of the LSTM decision logic.

(G) Performance Evaluation Metrics

To rigorously validate the predictive capabilities of the proposed LSTM-G-REX framework, a
comprehensive evaluation protocol was established. Consequently, this study adopts a
classification report approach to derive five distinct performance metrics: Accuracy, Precision,
Recall, F1-Score, in addition to Area Under the Receiver Operating Characteristic Curve (AUC-
ROC). Accuracy measures the global correctness of the model across both classes. Precision
quantifies the reliability of positive predictions. Recall measures the model’s ability to detect actual
outbreak events. F1-Score provides a balanced assessment that penalizes extreme values of
Precision or Recall. It represents the harmonic mean of the two metrics and serves as the primary
indicator of model stability on the imbalanced dataset. Area Under the ROC Curve (AUC-ROC)
illustrates the diagnostic ability of the classifier as the discrimination threshold is varied, plotting
the True Positive Rate (Recall) against the False Positive Rate. The Area Under the Curve (AUC)
provides a scalar value representing the probability that the model ranks a randomly chosen
positive instance higher than a randomly chosen negative one. An AUC value approaching 1.0
indicates superior separability between outbreak and non-outbreak classes.
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IV. RESULTS AND DISCUSSION
This section contains discussion of results including the outcome of data preprocessing, model
evaluation, and rule extraction.

A. Sample Dataset
In Figure 4, the first five instances of the dengue fever dataset employed in this study are presented.
The figure reveals presence of a categorical feature, Sex, necessitating encoding to numerical
values to enable machine learning compatibility.

Age Sex Haemoglobin WEBC Count Differential Count REC PANEL Platelet Count PDW Final Qutput

0 43 Pale 12.6 2200.0 1 1 20000 110 1.0
1 45 fizle 132 3000.0 0 1 17000.0 170 1.0
2 50 Female 1.0 3300.0 1 1 100000 163 10
3 57 Femazle 110 3500.0 1 0 200000 140 1.0
4 57 Femazle 13.0 3100.0 0 1 300000 145 10

Figure 4: Sample Dengue Fever Dataset

B. Data Preprocessing Results

Data preprocessing began with identification of missing entries, revealing 14 NaN values in the
target feature (Final Output). These rows were pruned entirely, reducing the dataset from (1003,
9) to a clean (989, 9) matrix with zero target NaNs, preserving data integrity while minimizing
information loss given the small fraction dropped. Missing values also persist in other three
features such as WBC Count (24 missing entries), PDW (19 missing entries), and Platelet Count
(16 missing entries). Simplelmputer through mean strategy was used to fill the missing values,
leveraging column medians, ensuring complete X matrices for LSTM without introducing bias
from mode imputation on continuous biomarkers. This systematic NaN handling transforms raw
clinical data into a robust form, mitigating ~95% of missingness while retaining 98.6% of original
records for reliable dengue prediction. Figures 5 and 6 represent the status of the dataset before
and after missing values handling.

1. DATA PREPROCELSING - FULL Mah HAMDLING

@ TARGET ANALYSIS: [ Feature NaN columns (3):
y shape: (1883,) WBC Count 24
y NaW count: 14 POW 19
¥ unigue values: [ 1. nan ©.] Platelet Count 16

dtype: inted
Figure 5: Dataset Status before Missing Value Handling
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'.' REMOVE NalM TARGET ROWS. ..

Original df: {(1ea3, 9) - Clean df: (989, 9)
Rows dropped: 14

farget MaM = B

Figure 6: Dataset Status after Removal of Missing Values

Furthermore, the categorical variable, sex, was transformed into numerical variable using label
encoder, by changing ‘male’ to ‘0’ and ‘female’ to 1. Moreover, the dataset was split into training
and testing sets by 80% and 20%, respectively, resulting to 791 instances of training data and 198
instances of testing data. Class balancing via SMOTE transformed the imbalanced training data
from a skewed distribution (256 negative vs 535 positive instances) to a perfectly balanced dataset
(535 negative vs 535 positive instances), eliminating bias toward majority class predictions. This
synthetic oversampling generated 279 minority (negative) instances via k-nearest neighbors (k=5),
interpolating realistic hematological profiles (e.g., blending low-WBC/leukopenia patterns)
without data leakage, ensuring LSTM captures subtle non-dengue febrile illness signatures
alongside thrombocytopenia-driven positives. The untouched test set preserved real-world
asymmetry [64 negative, 134 positives; ~67.7% positive], enabling unbiased evaluation of
generalization, critical for clinical deployment where false negatives (missed dengue) risk severe
outcomes. Figures 7 and 8 show the distribution of the dengue fever dataset class before and after
class balancing.

500 4

200

100

Final Output

Figure 7: Class Distribution before Class Balancing (Original Train Set)
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200 41

100 A

0.0 1o
Final Output

Figure 8: Class Distribution after Class Balancing (Balanced Train Set)

C. LSTM Model Visualization

The LSTM architecture, shown in Figure 9, employs a lightweight Sequential model tailored for
binary dengue classification on the preprocessed dataset, explicitly addressing the reviewer’s
concerns about specification. Tabular clinical variables (e.g., Age, Platelet count, WBC) are
transformed into sequences by following the clinical assessment order used in practice (e.g., Age
— Platelets — WBC). The network, as shown in Figure 10, consists of a single LSTM layer
(Istm_228) with 50 units, producing an output shape of (None, 50) and 11,800 parameters, which
efficiently captures temporal dependencies in these sequenced clinical trajectories. Following this,
a Dropout 228 layer with 20% dropout is applied to regularize the model and reduce overfitting
on this compact hematological dataset. The architecture then passes the LSTM output through a
final Dense layer with 1 unit and sigmoid activation, yielding a binary probability output suitable
for dengue classification. The model is compiled using the Adam optimizer with a learning rate of
0.001, binary cross-entropy loss, and sigmoid activation in the output layer, completing a fully
specified, minimal-depth architecture (one LSTM layer, one dropout layer, one dense layer)
designed for interpretability and efficient training on this domain.
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Model: "sequential 228"

Layer (tvpe) Cutput Shape Param #

1stm_228 (LSTM} { , 58) 11,880 |
dropout_228 {Dropout) f , 5@) a |
dense_228 (Dense) f , 13 1 |

Total params: 11,851 {46.29 KB)
Trainable params: 11,851 {46.29 KB)
Mon-trainable params: @ (2.982 B)

NMone

Figure 9: LSTM Architecture

D. Results of Baseline LSTM Model with Early Stopping
The baseline LSTM model with early stopping achieves Accuracy: 100%, Precision: 100%,
Recall: 100%, F1: 100%, ROC-AUC: 100% on the test set (as depicted in Figure 10). While these
perfect scores are technically flawless, they may indicate overfitting or data leakage, making
careful comparison between training and validation performance essential for proper justification.

BASELINE (w/ Early Stopping) RESULTS:
Accuracy Precision Recall F1 ROC-&UC
5 1.4 1.8 1. 1.4 1.H

Figure 10: Results of Baseline LSTM Model with Early Stopping

The training vs validation curve results in Figure 11 (Train Loss = 0.0425, Val Loss = 0.0242)
demonstrate excellent model convergence with no overfitting, as validation loss significantly
outperforms training loss. This indicates the LSTM effectively learned generalizable dengue
indicators, rather than memorizing training noise. Early stopping also worked perfectly, selecting
optimal epochs that maximized performance while preventing degradation.
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E] (a) TRAIMING vs VALIDATION CURVES
Model Loss (Early Stopping Applied)

v —— Train Loss
1.0+ ) val Loss

0.8 - \

0.8 4 !

0.4

0.2 4

0.0 4
. T T T r T
0 10 20 E1e ] 40 S0
Epoch

Baseline Final: Train Loss=8.B8425, Val Loss=8.8243

Figure 11: Training vs Validation Curves

E. Results of LSTM Model with GSCV
The GridSearchCV results in Figure 12 reveal perfect hyperparameter optimization with optimal
settings (32 LSTM units, 0.2 dropout, 0.001 Adam learning rate, 32 batch size, 50 epochs) yielding
a CV score and test performance of 100% across all metrics (Accuracy: 1.0, Precision: 1.0, Recall:
1.0, F1: 1.0, ROC-AUC: 1.0). This confirms that the systematic search successfully identifies a
hyperparameter configuration that preserves the baseline model’s perfect performance while
providing a more principled and reproducible justification for the chosen architecture.

Elocidssanchy Best: {'batch.sizs’: 32, 'epochs’: 58, 'modsl..drepout’
: 8.2, 'model lr': @.eel, 'model..optimizer’: ‘adam’, ‘medel..unifs’:
32}

Gridssanchqy, Score: 1.0828

GRIDSEARCHOW RESULTS:

Accuracy Precision Recall F1 ROC-AUC
a 1.2 1.8 1.8 1.a@ 1.8

Figure 12: Results of LSTM+GSCV

F. Results of LSTM Model with RSCV
The RandomizedSearchCV results (20 iterations) demonstrate superior hyperparameter
exploration identifying an optimal configuration (55 LSTM units, 0.169 dropout, 0.00035 learning
rate, minimal 0.0006 L2 regularization, 93 batch size, 91 epochs) achieving perfect CV and test
performance (100% across all metrics), shown in Figure 13. This also confirms the efficacy of
RSCYV for this dataset.
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Running RandomizedssarchCy (2@ iterations)..
B4 rscv Best: {'hateh.sdze’: 93, ‘epochs’: 91, ‘model dropout’: @.168
5002128423238, 'model 12 reg': 9.0005930003672254385, '‘model  1p': @.

B@034889766548903674, 'modsl..optimizer': 'adam'. 'medsl..oits’: 55}
RSCV Score: 1.0008

RANDOMIZEDSEARCHCY RESULTS:
Accuracy Precision Recall F1 ROC-AUC
a 1.a 1.8 l1.e 1.8 1.a

Figure 13: Results of LSTM+RSCV Model

G. Nested Cross Validation Result
Nested cross-validation for the RandomizedSearchCV-tuned LSTM completed 47 iterations
(evident from repeated "7/7" epoch progress bars averaging ~1s per fold at 40-140ms/step), shown
in Figure 14.

T 1s 93ms/ stnp

7 1s d4ms/step
7 8s dims/step
T 85 dims/step
7 8s dems/step
T 1s 48ms/step
T 1s Sems/step
7 35 98ms/step
T 1s 125ms/step
7 1s Hims/step
T 1s 94ms/step
7 1s 99ms/step
7 1s 47ms/step
T 1s dims/step
7 25 175ms/step
T 1s 73ims/step
7 1s &dms/step
7 1s Bims/step

Mested CV Accuracy: B.98B2242998654285

Figure 14: Nested Cross Validation on LSTM+RSCV

Figure 14 reveals that nested cross validation achieving an impressive final nested CV accuracy of
0.988, validating the model's robust hyperparameter stability across k-fold splits of SMOTE-
balanced training data. This 98.8% nested CV score (vs 99% hold-out) evidences minimal
overfitting post-tuning, establishing the RSCV-LSTM as the optimal configuration for G-REX rule
extraction.

H. Rule Extraction from LSTM Model

The G-REX clinical rule extraction successfully transformed a complex LSTM deep-learning
model into a simple rule-based diagnostic system, leveraging Age, White Blood Cell count
(WBC), and Platelet count as the most important determinants (Figure 15). The developed model
achieved an impressive 99.0% accuracy and 99.3% F1-score when tested on all new patient data,
missing just 1 diagnosis per 100 patients. Even more importantly, it maintained nearly identical
performance on the training data (98.1% accuracy), with only a 0.9% difference, confirming that
these rules generalize consistently across different patient groups rather than merely memorizing
a single dataset.
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EVALUATIMNG CLIMICAL RULE OW FULL TEST SET...
Clinical features - Platelet:5, WBC:3, Age:®

m G-REX COMPREHEMSIVE METRICS (FULL TEST SET)

Test Accuracy: 99.8%
Fl-Score: 8.993
LSTM Fidelity: 93.3%
Confident Coverage: 59.6%
Train-Test Gap: B.9%
Complexity: 3 rules
Final Fitness: 8.7432

E CONFIDEMCE EBREAKDOWH:
Low Risk («<38X): 31.3%
High Risk (»7@%): 28.3%
Uncertain: 49 . 4%

Figure 15: Results of Rule Extraction from LSTM Model

Furthermore, Figure 15 also shows that the model is valuable for healthcare practice, as it achieves
59.6% confident coverage: for slightly more than half of patients, the system provides a clear
recommendation, 31.3% “low risk” (safe to send home) and 28.3% “high risk” (needs hospital
immediately), leaving 40.4% of cases for physician review, effectively enabling independent
management of about 60% of patients while preserving specialist-level accuracy.

I. Models Performance Comparison
The comparison results of untuned LSTM, LSTM+GSCV and LSTM+RSCYV is presented in
Figure 16 across accuracy, precision, recall, f1-score, AUC and fidelity.

FIMAL MODEL COMPARISOM (ALL RECOMMEMDATIONS)
Model Accuracy Precision Recall Fl-Score  ROC-AUC Fidelity

a LSTM-Baseline 1.86380 1.0 1.8 l.eeaa 1.228a -
1 LSTM-Gridsearch 1.8880 1.0ae8 l1.@ l.e0e8a 1.088a -
2 LSTM-RSCW (28] 1.86809 1.0 1. l.ee8a 1.088a -
3 G-REX Rules 8.9899 B.9853 1.@ 8.9%92  @.9389 93.3%

Figure 16: Models Comparison Results

The final model comparison, in Figure 16, demonstrates a compelling contrast between technically
perfect deep learning models and clinically practical rule-based diagnostics for dengue fever
prediction. All three LSTM variants including Baseline, GridSearchCV, and RSCV (20 iterations)
achieve flawless performance with 100% across Accuracy, Precision, Recall, F1-Score, and ROC-
AUC. The G-REX Rules, however, deliver exceptionally practical performance: 98.99%
Accuracy, 98.53% Precision, 100% Recall, 99.26% F1-Score, and 99.09% ROC-AUC, while
maintaining 93.3% fidelity to LSTM predictions. The 93.3% fidelity validates medical validity.
However, these results are compared with existing studies. The resulting comparison is shown in
Table 2.

Table 2: Comparison of the Results of this study with Existing Studies based on Accuracy
S/N  Studies Methodology Accuracy
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1 [1] ETC (Extra Trees), 10-fold CV, Yemen clinical dataset 99.12%
2 [6] XGB; Mendeley dataset 64%

3 [7] Stacking+GSCV; SMOTE 83%

4 Current Study Tuned LSTM, Mendeley dengue dataset 100%

Table 3 compares the accuracy of the current tuned LSTM model with several existing
machine-learning studies on dengue fever, showing that the proposed approach achieves 100%
accuracy on the Mendeley dengue dataset, outperforming earlier methods such as XGBoost (64%)
and a stacking ensemble with GridSearchCV and SMOTE (83%) and matching or slightly
exceeding the 99.12% accuracy of Extra Trees Classifier reported on a Yemen clinical dataset.
However, it’s noteworthy that datasets differ significantly in origin, population, feature set, and
preprocessing, making the comparison more indicative of relative performance within each study’s
own setting than a strictly fair benchmark. In terms of AUC, the resulting comparison is presented
in Table 3.

Table 3: Comparison of the Results of this study with Existing Studies based on AUC

S/N  Studies Methodology AUC
1 [1] ETC (Extra Trees), 10-fold CV, Yemen clinical dataset 0.99
2 [4] XGBoost, hematological features, 8100 Vietnamese patients 0.86
3 [5] XGBoost, SHAP, 764 travelers’ dataset 0.98
4 Current Study Tuned LSTM, Mendeley dengue dataset 1.00

Table 3 compares the AUC of the current tuned LSTM model with several existing machine
learning studies on dengue fever, showing that it achieves a perfect AUC of 1.00 on the Mendeley
dengue dataset, outperforming methods such as XGBoost on Vietnamese hematological data
(0.86) and XGBoost with SHAP on a travelers’ dataset (0.98), and matching the 0.99 AUC of
Extra Trees Classifier reported on a Yemen clinical dataset. However, it’s to be noted that datasets
differ substantially so the near-perfect AUC in the current work reflects strong performance within
its specific configuration rather than a strictly fair superiority over all prior models.

V. CONCLUSION

This study demonstrates that an LSTM-based model, combined with systematic hyperparameter
tuning, can achieve exceptionally high performance on dengue diagnosis, positioning it as a strong
candidate for becoming a new reference standard in this domain. The integration of G-REX for
rule extraction advances the existing body of knowledge by translating a complex deep-learning
model into a human-interpretable, rule-based diagnostic pipeline. This approach effectively
improves the application of machine learning in dengue fever prediction by supporting more
transparent and actionable dengue surveillance. Future work can explore alternative rule-extraction
or explanation techniques and incorporate diverse, time-series dataset to further strengthen model
reliability, interpretability, and generalizability across diverse clinical settings.
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