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Abstract Heart disease remains the leading cause of death worldwide, making early and accurate diagnosis
crucial for reducing mortality and improving patient outcomes. Traditional diagnostic approaches often
suffer from subjectivity, delay, and high costs. Therefore, an effective and automated classification system
is necessary to assist medical professionals in making more accurate and timely decisions. This study
aims to develop a heart disease classification model using Random Forest, optimized through the FOX
algorithm for hyperparameter tuning, to improve predictive performance and reliability. The main
contribution of this research lies in the integration of the FOX metaheuristic optimization algorithm with
the RF classifier. FOX, inspired by fox hunting behavior, balances exploration and exploitation in searching
for the optimal hyperparameters. The proposed RF-FOX model is evaluated on the UCI Heart Disease
dataset consisting of 303 instances and 13 features. Several preprocessing steps were conducted,
including label encoding, outlier removal, missing value imputation, normalization, and class balancing
using SMOTE-NC. FOX was used to optimize six RF hyperparameters across a defined search space. The
experimental results demonstrate that the RF-FOX model achieved superior performance compared to
standard RF and other hybrid optimization methods. With a training accuracy of 100% and testing accuracy
of 97.83%, the model also attained precision (97.83%), recall (97.88%), and F1-score (97.89%). It
significantly outperformed RF-GS, RF-RS, RF-PSO, RF-BA, and RF-FA models in all evaluation metrics. In
conclusion, the RF-FOX model proves highly effective for heart disease classification, providing enhanced
accuracy, reduced misclassification, and clinical applicability. This approach not only optimizes classifier
performance but also supports medical decision-making with interpretable and reliable outcomes. Future
work may involve validating the model on more diverse datasets to further ensure its generalizability and
robustness.
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I. Introduction professionals in making timely and accurate diagnostic

Accurate detection and classification of heart disease
remains one of the most significant challenges in
healthcare systems around the world. Cardiovascular
disease (CVC) continues to be the leading cause of
death globally, with approximately 17.9 million deaths
each year, representing 31% of total deaths worldwide
[1], [2]. Early and accurate detection of heart disease is
essential for effective treatment and reduction of
mortality rates [2]. However, traditional diagnostic
methods often rely on a variety of clinical tests and
physician expertise, which can lead to delayed
diagnosis, increased healthcare costs, and variations
in subjective judgment [3]. Therefore, the development
of an automated and reliable heart disease
classification system is critical to assist healthcare

decisions.

In this study, one of the medical diagnostic efforts,
refers to the reliability of machine learning. Machine
Learning (ML) techniques have emerged as a powerful
tool for medical diagnosis, particularly in the
classification of heart diseases, due to their ability to
analyze complex medical data and identify patterns
that may not be immediately visible to human
observers [4], [5]. Among various ML algorithms,
ensemble methods such as Random Forest (RF) have
shown promising results in medical diagnostics due to
their resistance to overfitting and their ability to handle
high-dimensional data [6]. RF has been successfully
applied to a wide range of medical classification tasks,
achieving high accuracy in heart disease prediction [7],
[8]. However, the performance of RF is highly
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dependent on its hyperparameters, such as the number
of decision trees, the maximum depth, and the
minimum number of samples for node separation [9].
Conventional approaches to hyperparameter tuning
often involve grid search or random search methods,
which consume a lot of computing resources and may
not always find the optimal combination of
hyperparameters [10].

Several studies have attempted to optimize the
hyperparameter RF for the classification of heart
disease. Zhang et. al. [11] used Bayesian optimization
to tune the RF hyperparameter and reported an
accuracy of 88.7%. Similarly, Barry et al. [12] used
Particle Swarm Optimization (PSO) for hyperparameter
tuning and achieves an accuracy of 92.3%. Recently,
Genetic Algorithms (GA) have been used by Rahman
et al. [13] to optimize the RF parameters, resulting in
an accuracy of 93.5%. Although these metaheuristic
approaches have shown improvement compared to
manual tuning, they still experience slow convergence
rates and the potential to get stuck in local optima when
dealing with complex hyperparameter spaces of
ensemble classifiers [14], [15]. Therefore, there is a
significant research gap in the development of efficient
and effective hyperparameter optimization methods
that can overcome these limitations and further
improve the performance of RF for the classification of
heart diseases.

To address this gap, the study proposed the
integration of the Fox Optimization Algorithm (FOX), a
metaheuristic algorithm inspired by Red Fox
Optimization (RFO) and the Fox Hunting Algorithm
(FHA) [16] newly developed, to set the RF
hyperparameter in the classification of heart diseases.
The FOX algorithm, inspired by the fox's hunting
behavior and social intelligence, has shown superior
performance in solving complex optimization problems
compared to traditional optimization methods [17]. The
algorithm leverages exploration and exploitation
strategies that mimic fox hunting tactics, allowing
efficient navigation on hyperparameter space to find
optimal or near-optimal solutions [18]. Unlike other
metaheuristic algorithms that may get caught up in
local optimization, FOX maintains a balance between
exploration and exploitation through dynamic
adjustment mechanisms, making it particularly suitable
for complex hyperparameter optimization tasks in RF
[19], [20].

This study aims to develop an efficient heart disease
classification system using RF optimized with the FOX
algorithm for hyperparameter tuning, thereby improving
classification accuracy, reducing computational costs,
and improving model interpretability for clinical
applications. The main contributions of this study are:
1) the development of a new approach that integrates
the FOX algorithm with Random Forest for

hyperparameter optimization in the classification of
heart diseases, improving accuracy and efficiency
compared to state of the art methods; 2) a
comprehensive comparative analysis of FOX-
optimized RF against other optimization algorithms,
including GridSearch (GS), RandomSearch(RS), PSO,
Bat Algorithm (BA), and Firefly Algorithm (FA); 3)
investigation of the impact of different hyperparameter
settings on model performance, providing insight into
the relationship between hyperparameters and
classification accuracy for heart disease prediction; and
4) the development of interpretable models that identify
the most significant features for the classification of
heart disease, increasing the reliability and clinical
applicability of the system.

The structure of this paper is as follows: Part I
describes the datasets used and methodologies,
including the RF algorithm and the FOX optimization
technique. Part Ill presents the results of the
experiment and comparisons with other methods. Part
IV discusses the findings, clinical implications, and
limitations of the study. Finally, Part V concludes the
paper and suggests directions for future research.

Input Heart Disease Dataset

Splitting Data

Testing 80%

Training 80%

i

Preprocessing data
(fit and fransform)

Preprocessing data (transform
from training values)

{ 3

Random Forest without Hyperparameter Tuning using
Hyperparameter Tuning Random Forest and FOX

Evaluation Metrix |

I

b

Comparison RF, RF-FOX and another
methods based on evaluation metrix

Result and Conclusion

Fig. 1. The research methods workflow of heart
disease classification and hyperparameter tuning
Random Forest using FOX algorithm.

II. Method

This study examined the classification of heart disease
using data obtained from the UCI Machine Learning
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repository accessible through
https://archive.ics.uci.edu/dataset/45/heart+disease.
The research process starts from data collection, pre-
processing of data that prepares data for training and
testing using RF Classifier. This study focuses on
hyperparameter optimization RF performed with the
FOX algorithm and evaluates the performance of the
classification model using specific metrics. The
research flow can be seen in Fig. 1. This research was
conducted using Python in Google Collaboration
Notebook. The dataset analysis was carried out using
the Sklearn, Matplotlib, Pandas, and Nuppy heritages.
In addition, model validation was carried out using
evaluation metrics from the sklearn package, including
classification_report.

A. Data Collection

This study used heart disease data consisting of 303
data with 13 features and 1 target. The target class in
this classification is a response variable consisting of a
negative class (0) and a positive class (1). The dataset
was analyzed descriptively and statistically before
being classified, to identify the necessary data
preprocessing steps. The variables of the research
heart disease dataset consist of description and data
type as shown in Table 1. Each of these variables
contributes to the formation of predictive models that
are able to accurately and efficiently identify individuals
at high risk of heart disease.

Table 1. Dataset variable of heart disease consist
of description and type of data.

Variable Description Data Type
Age Patient age Integer
Sex Patient gender Categorical
CP Type of chest pain Categorical
BP Resting blood pressure Integer
Chol Serum cholesterol Integer
Fbs Fasting blood sugar Categorical
Restecg Rest Electrocardiogram  Categorical
Thalach Max heart rate achieved  Integer
Exang Exercise induced angina  Categorical
Oldpeak ST depression Integer
Slope Slope Categorical
Ca Number of major vessels Integer
Thal Thalassemia Integer
Target 0 : Negative Categorical
1: Positive

The workflow represents a comparative evaluation-
not a parallel process. The baseline RF and optimized
RF-FOX models were evaluated using the same
preprocessed dataset. After separate evaluations, their
performances were compared to assess the impact of
FOX-based hyperparameter tuning.

B. Data Preprocessing

Data preprocessing in this study began with identifying
categorical features on the data and splitting them to
be training and testing data. After that, they were
converted into integer using label encoding to ensure
compatibility with ML algorithm [21]. This approach was
preferred over one-hot encoding to reduce
dimensionality, considering the dataset size. Next,
outlier detection was performed using the interquartile
range (IQR) method, which identified abnormal values
based on data spread around the median. IQR was
chosen for its robustness to non-normal distributions
and its ability to handle data variability effectively [22].
Missing values in the “ca” and “thal”’ features were
handled using mean imputation from training dataset
for fit, next transform at training and testing data, a
simple and widely used method that maintains dataset
consistency and is resistant to outlier influence [23]. To
standardize feature scales, min-max normalization was
applied to numerical variables, scaling them to a [0,1]
range. Max and min values using fit from training then
were transformed at training and testing, so
normalization of the testing data used min-max values
from training data. This prevents features with large
values from dominating others and improves model
training consistency [24],[25],[26]. The normalization
formula used is shown in Eq. (1) [27], [28]:

X _ Xi — Ximin
inorm — )

Ximax — Ximin (1)
with x;,.rm IS the new value of the data sample x, x;,;n
is the smallest value and x;,,,,, is the largest value in

the feature column.

Normalization is essential before resampling, as
class imbalance can bias model learning. In this
dataset, a slight imbalance is presented between
positive and negative classes. To address this,
SMOTE-NC was used, generating synthetic samples
for the minority class while handling both nominal and
continuous features appropriately [29],[30],[31]. For
continuous features, new samples were generated
using interpolation between neighbors, as shown in Eq.
(2) [32]:

Xmsyn = Xm,i + A(Xmi = Xm j), 2)

where x,,; is the value of the m continuous feature of
the sample x, x,,,;, x, ; represent the same features of

the sample x, and A is a number in the range [0,1].
while nominal values were assigned based on the most
frequent category among neighbors. Although
SMOTE-NC may produce less representative samples
if the original data distribution is suboptimal, this can be
addressed through data visualization and distribution
checks [33], [34]. Overall, these preprocessing steps
ensure clean, balanced, and well-scaled input for
model training.
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C. Random Forest

Random Forest (RF) is an ensemble method that
combines many decision trees to form a more robust
and stable model [35]. Each decision tree was
constructed from a random subset of training data, and
the final result was obtained by voting a majority of the
results of each tree. RF's advantage lies in its ability to
handle datasets with complex features, as well as
reducing the risk of overfitting that often occurs in single
decision tree models [15], [36]. The use of RF learning
ensembles, capable of producing models with low
variability and higher accuracy [37]. Eq. (3) represent
RF models,
N N

R@ =)V Y 6GiP)= Y > ¥e-0G: P

k=1 jeCy k=1 jeCy (3)
with R(a) is the final decision of the classifier, Y
average response value ke-k, Cp, P, is a divisive
parameter to divide the region of the decision and
0(j; P) is a function of the information limit based on
the P, and j-index. This equation shows the
aggregation of the response values in each region K,
taking into account the data subses and relevant divisor
parameters [38].

D. Hyperparameter Tuning

RF performance can be maximized with precise
hyperparameter tuning processes. Hyperparameter
tuning is the process of finding the best combination of
hyperparameters that can improve model performance
[11]. In RF, some hyperparameters that need to be
tuned include the number of trees (NEstimators), the
maximum tree depth (MaxDepth), the number of
features selected in each split (MaxFeatures), the
minimum number of samples (MinSamplesSplit), the
minimum number of leaves (MinSamplesLeaf) and the
criteria (Criterion).

Table 2. Parameter default of Random Forest and
range hyperparameter Random Forest.

No Parameter Default Range value
1 NEstimators 100 [1,500]

2 MaxFeatures - [1,13]

3  MinSamplesSplit 2 [1, 20]

4  MinSamplesLeaf 2 [1,10]

5 MaxDepth - [1, 50]

6 Criterion 0 [0, 1]

The advantage of hyperparameter tuning is its
ability to improve model performance by adjusting
important parameters to match the characteristics of
the dataset being used [39],[40]. Frequently used
tuning techniques include GS and RS, but these
methods can take significant computational time [41],
[42]. Hyperparameter tuning was done within a specific
range of values such as in Table 2.

E. FOX Algorithm

The FOX algorithm is a nature inspired optimization
method based on fox hunting behavior, which
combines exploration and exploitation to locate optimal
solutions [16]. During the exploration, it performs
random walks guided by simulated ultrasound
detection; once prey is detected, the algorithm enters
an exploitation phase by estimating the time required
to reach the target and executing a calculated jump
[17]. FOX requires two main components: an objective
function to evaluate fithess and boundary constraints to
define the search spacem [18], [43].

FOX implements a static compromise between
exploration and exploitation (50% each). In exploration,
the algorithm uses random walks to find red fox prey.
Meanwhile, in the exploitation phase, the algorithm
calculates the distance to the prey, jump height, and
new position as in Eqg. (4) and Eq. (5) [16].

Xiy1 = Xi(6) + (d; - DFP; - Jump; - ¢1), (4)

Xiy1 = X;(6) + (d; - DFP; - Jump; - c3), (5)
with DFP; is distance fox from prey, d; is unit direction
vector between fox and prey, c¢; and c, is a constant
that has been set at 0.18 and 0.82, respectively. This
constant value comes from the observation of the
jumping behavior of the red fox. It is known that the
jump of a red fox usually points to the northeast or the
opposite direction. FOX explores the surrounding
environment using Eq. (6) following to calculate his new

position (this is considered exploration) [16], [44].

X;41 = BestX -rand(1,dim) - Min(T) - a, (6)
with
Y (Timey,)
tt=———"—"-,
dimension

Min(T) = Min(tt),

2(i !

a=2(it 0 )

where tt is the average of time calculated from the sum
of the time variables divided by the dimension of the
problem, it is the current iteration, and is the maximum
number of iterations. Max(it) is the calculation of
variables and MinT a has an important impact in the
search phase to approach the best solution. Using a
random function rand (1, dimension), the fox can walk
stochastically to explore prey [16], [43], [45]. In the
context of RF hyperparameter tuning, the FOX
algorithm looks for the optimal combination of
hyperparameters by evaluating the performance of the
model in each iteration. Compared to GS or RS, the
FOX algorithm is able to balance the broad global
solution search with the use of the best solutions that
have already been found, thereby reducing the risk of
being stuck on local solutions and accelerating
convergence towards optimal solutions [43].
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This study applied the FOX algorithm for tuning
Random Forest hyperparameters, not a GS or
Bayesian Optimization because FOX wuses a
metaheuristic, nature inspired strategy that balances
exploration and exploitation through dynamic
movements modeled after fox hunting. This allows FOX
to search complex hyperparameter spaces efficiently
and avoid local optima. FOX's jump based update and
time based prey detection provide more adaptive and
flexible tuning than conventional methods, making it
highly effective for ensemble models like RF. This
theoretical advantage was confirmed by the significant
performance improvements shown in the experimental
results.

F. Metrics Evaluation

Evaluation of optimized model performance can use
several evaluation metrics based on confusion matrix,
including the following [46], [47]. Confusion matrix is
shown on Table 3. True Positive (TP) means the actual
value and the predicted value are both positive, False
Positive (FP) means the actual value is negative and
the predicted value is positive, False Negative (FN)
means the actual value is positive and the predicted
value is negative, and True Negative (TN) means the
actual value and the predicted value are both negative.

Table 3. Confusion matrix of classification heart
disease using Random Forest model.

Actual _ Prediction _
Negative Positive

Negative TN FP

Positive FN TP

Some of the metric values used are accuracy,

precision, recall and F1 score, with the formula as

follows.

a. Accuracy as in Eq. (7) is used to measure the
correct prediction percentage of the overall data
[48].

Accuracy =

TP +TN
TP+ FP+TN +FN’ (7)
b. Precision is used to measure the proportion of
correct positive predictions to all positive predictions
[49], like as Eq. (8).

Precision = TP/(TP + FP). (8)
c. Recall (Sensitivity) is used to measure the model's
ability to detect all true positive instances [47], like
as Eq. (9).

Recall =TP/(TP + FN). (9)
d. F1 Score is a harmonious average between
precision and recall, which gives an idea of the
balance between the two, especially if the dataset

has an unbalanced class [50], The formula is like
Eq. (10).

2(presision - recall)

Flscore = — .
presision + recall (10)

G. Proposed Research Method

The proposed method hybrid RF classification with the
FOX optimization algorithm aims to enhance
hyperparameter tuning for heart disease diagnosis.
The workflow began by inputting the dataset, followed
by splitting the data into training and testing subsets
with presentation of 80:20. Preprocessing steps were
then applied to prepare the data for analysis. The heart
disease classification is first conducted using the
baseline RF model without any tuning and
performance was evaluated. Subsequently, the FOX
algorithm was used to search for the best
hyperparameter combinations, given its ability to
efficiently explore the parameter search space. The
optimized RF model was then evaluated and compared
with the baseline model using the same metrics. This
comparison measures the level of improvement
achieved through the hyperparameter optimization
process. Result show a significant impact of using the
FOX algorithm in improving heart disease classification
performance. Furthermore, the depth analysis provides
valuable insights into the effectiveness of the proposed
approach and serves as foundation for further research
in machine learning based medical diagnosis.

lll. Result

This section contains the results of the preprocessing
of the applied data, the evaluation of the proposed
model, and its comparison with other models. In
addition, this section also highlights the features that
are most influential in classifying heart disease in
individuals. The result of the data analysis consists of
preprocessing data, hyperparameter RF-FOX and the
result, evaluation matrix of RF-FOX performance, and
comparison methods.

A. Data Analysis

The dataset contains 303 instances with 13 features
and a binary target. Before the preprocessing, the data
was split into training data and testing data with a ratio
of 80:20 (in percentage) using the function called
train_test_split of Sklearn, which was determined after
testing with several other ratio ratios such as 90:10,
85:15, 80:20, 75:25, and 70:30 on basic models [51],
[52], [53]. Each model, run 25 times to assess stability
based on the average and standard deviation ratio
80:20 ratio was chosen because it yields the best
performance. Ratio selection based on the base model
was used to ensure that the selected comparison is fair
and consistent.
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Categorical variables such as "sex", "cp", "fbs",
and others were encoded using label encoding to allow
processing by machine learning algorithms. Prior to
resampling, the class distribution was slightly
imbalanced, with 165 positive and 138 negative
samples. Descriptive analysis showed wide value
ranges in features like “chol” and “thalach”, justifying
the use of min-max normalization. Outlier detection
using the IQR method revealed no significant outliers.
Two features, “ca” and “thal”, contained missing values,
which were handled using mean imputation.
Furthermore, an examination was carried out on the
target data that shows that the data class was
unbalanced, so it was necessary to carry out data
balancing. Before that, feature scaling was carried out
by normalizing data using min-max scaling. After
normalization, SMOTE-NC was applied to balance the

classes. Correlation analysis among numerical
features revealed no strong multicollinearity.
Additionally, a Random Forest based feature

importance analysis indicated that “cp”, “thalach”, and
“oldpeak” were the most influential features, supporting
their clinical relevance in heart disease prediction. The
results of data balancing with SMOTE-NC are shown
by Table 4.

Table 4. The result of resampling class data heart
disease using SMOTE-NC.

Class Amount of data Persentase(%)
Original Resampling Original Resampling
0 138 165 45.54 50
1 165 165 54.46 50

After prepocessing the data, the data can be used
in the application of machine learning algorithms to
classify heart disease diagnoses and optimize
hyperparameters with optimization algorithms to obtain
optimal optimization in global searches.

B. Hyperparameter Random Forest using FOX

RF was optimized using FOX algorithm by defining the
accuracy as the objective function. The tuning process
was run with a maximum of 25 iterations. Several
population sizes were tested across 25 replications to
determine the most stable and effective configuration.
As shown in Table 5, increasing the number of fox
agents leads to higher accuracy and lower standard
deviation, indicating better convergence. The best
balance was achieved with a population size of 40,
which provided high accuracy (99.67%) and stable
results. However, the results also show that larger
populations increase computational time significantly
from 180 seconds (10 agents) to 2751 seconds (50
agents). Thus, a population size of 40 was chosen as
an optimal trade-off between accuracy and
computational efficiency.

Table 5. The value of Random Forest-FOX average
accuracy with various fox population.

Avg.
Avg. Std. :

Fox Accura%y(%) Accuracy Tm;es/
10 0.9577 0.0061 180 s
20 0.9585 0.0067 425 s
30 0.9653 0.0017 1278 s
40 0.9667 0.0023 1818 s
50 0.9783 0.0006 2751 s

C. The Result of Random Forest-FOX Optimization

Each best fithess score of the FOX algorithm yields a
different combination of hyperparameters for RF. The
best and optimal hyperparameter RF using FOX
algorithm performance was obtained from the
hyperparameter configuration shown in the Table 6.
From these combinations, Table 7 shows the
performance of RF-FOX performance based on several
evaluation metrics.

Table 6. The result of hyperparameter tuning
Random Forest using FOX algorithm.
Hyperparameter Value
Nestimators 200
MaxFeatures
MinSamplesSplit
MinSamplesLeaf
MaxDepth
Criterion

= (O1|=|N |00

Based on Table 7, The performance results of the
RF-FOX model in the training phase resulted in a score
of 100%, this shows that the optimization of RF
hyperparameters using the FOX algorithm not only
improves the prediction accuracy (test phase) but also
improves the reliabilty and consistency of
classification. The RF-FOX model also achieves
superior performance with a lower risk of overfitting,
which means that the difference in training and testing
phases is not too significant. Although the RF-FOX
model achieved 100% training accuracy, we employed
stratified 5-fold cross validation during tuning to prevent
overfitting and assess robustness. The small gap
between training and testing accuracy suggests
minimal overfitting.

Table 7. Random Forest-FOX performance model of
classification heart disease based on evaluation
metrics.

Split Data Accuracy Precision Recall F1-Score
Training  1.0000  1.0000 1.0000 1.0000
Testing  0.9783 0.9783 0.9788 0.9780

D. Comparison Methods
Analysis of model performance compared the
proposed RF-FOX model and several other superior
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models that have been performed in previous studies
after 25 experiments with the same treatment. This
comparison was based on the results of the model's
performance according to the calculation of evaluation
metrics. The results of the comparison are shown in
Table 8.

This study compared standard RF and several other
hybrid methods based on the advantages of previous
research. Among them are RF-GS, RF-RS, RF-PSO,
RF-BA, and RF-FA. These models have been trained
on datasets that have undergone the same
prepocessing phase and optimized with other swarm
intelligence algorithms that are considered superior
and optimal. Hyperparameter optimization using PSO,
BA, and FA algorithms is used as a benchmark in terms
of accuracy and stability. PSO depends on speed
updates [54], BA mimics echolocation [55], and FA
resilient against local optimum [56]. Meanwhile, FOX
has a balanced advantage between exploitation and
exploration [57].

Table 8. Comparison RF-FOX with another hybrid
methods of heart disease classification.

Method Avg. Avg. Avg.  Avg. F1-
S Accuracy Precision Recall Score
RF 0.8753 0.8516  0.8771  0.8777
RF-GS 0.9034 0.8919 0.9112  0.9006
RF-RS 0.9155 0.9167 0.9212  0.9159
RF-PSO  0.9545 0.9551 0.9549 0.9544
RF-BA 0.9310 0.9319 0.9320 0.9318
RF-FA 0.9636 0.9838 0.9839  0.9833
RF-FOX  0.9783 0.9783 0.9788 0.9780

Based on Table 8, it can be seen that RF-FOX
improves the performance of the standard RF applied
with the default parameters on the Table 2. RF-FOX
compared to standard RF has achieved an increase of
0.1030 at accuracy values, 0.1267 at precision values,
0.1017 at recalls, and 0.1003 at F1-scores. The
proposed RF-FOX model also outperformed other
hybrid models in all four evaluation metrics. Higher
accuracy indicates that many samples were correctly
classified. The increase in precision values proves the
model's ability to prioritize true positive classes and
reduce false positives. The relatively superior recall
value indicates better sensitivity in detecting all
samples from each class and minimizing missed cases.
Likewise, the high F1-score value on the proposed
method, confirms that the model has a balanced
performance between precision and recall in all
classes. Table 8 overall shows that the RF-FOX model
performs better than standard RF and other hybrid
methods.

Table 9. validates the observed performance
improvements, we conducted statistical analysis based
on 25 experimental runs for each model. Table X
summarizes the Wilcoxon signed-rank test comparing

RF-FOX against other methods. RF-FOX consistently
outperformed all compared models with p-values <
0.01, indicating that the improvements are statistically
significant. In addition, RF-FOX achieved the highest
mean accuracy (0.9989) with the lowest standard
deviation (0.0006). A 95% confidence interval for the
RF-FOX testing accuracy was [0.9783, 0.9989],
suggesting both high precision and robustness. These
results confirm that the superior performance of the RF-
FOX model is not due to random variation but reflects
a meaningful and reproducible improvement.

Table 9. Wilcoxon Signed-Rank test results
comparing between RF-FOX and other models.
Method

W-statistic Z-value p-value significance

RF 0 -4.6152 0.0000 p <0.01
RF-GS 2 -4.3710 0.0001 p <0.01
RF-RS 3 -4.1620 0.0002  p <0.01

RF-PSO 4 -4.0143 0.0003  p <0.01
RF-BA 1 -4.5210 0.0000 p <0.01
RF-FA 3 -4.0821 0.0002  p <0.01

IV. Discussion

The study aims to develop an early diagnosis model for
a person's heart condition, with the hope of reducing
the high mortality rate caused by heart disease. This
model was built using one of the Machine Learning
algorithms, Random Forest, with a focus on optimizing
the algorithm to improve the accuracy and efficiency of
classification. Optimization was carried out in the
hyperparameter tuning process using the FOX
algorithm. This study used a heart disease dataset,
obtained from the UCI repository. This dataset consists
of 303 observations, 13 features and one target class.
Before the classification process, the dataset was
obtained through several steps, including coding labels
for categorical features. Data normalization was then
applied to maintain its distribution, followed by
resampling with SMOTE-NC to handle unbalanced
data.

Based on the results presented on Table 8, [58],
[59], this study provides a comparison with previous
studies with similar datasets using various different
models. The comparison is shown in Table 10. Santh
et. al. [53] using a hybrid RF method with a standard
tuning hyperparameter i.e. GridSearch which shows
significantly improved results from standard RF.
Valarmathi et. al. [60] proposed standard
hyperparameter tuning methods, namely GS, RS and
the Tree-Based Pipeline Optimization Tool (TPOT)-
genetic programming algorithm. Valarmati's research
yields more promising results of 4.52% of the best
performance of RF-TPOT compared to research [53].
Moreover, Torthi et al., [61] has also proposed a hybrid
RF method with two swarm intelligence algorithms,

Manuscript received 18 May 2025; Revised 10 July 2025; Accepted 30 July 2025; Available online 2 August 2025

Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v7i4.932

Copyright © 2025 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0

International License (CC BY-SA 4.0).

970


https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v7i4.932
https://creativecommons.org/licenses/by-sa/4.0/

Journal of Electronics, Electromedical Engineering, and Medical Informatics

Homepage: jeeemi.org; Vol. 7, No. 4, October 2025, pp: 964-976

e-ISSN: 2656-8632

namely BA and PSO. The RF-BA-PSO method has
outperformed other hybrid methods compared by Torthi
such as GAPSO-RF and GA-RBF. Another previous
research project by Parikh et al. [62] also conducted
research on heart disease using several methods, such
as Tree-based models like Random Forest, XGBoost,
and Decision Trees and various hyper-parameter
optimization methods including Grid Search, Random
Search, Swarm and Evolutionary Algorithms which
excel in accuracy and robustness. However, they are
computationally inefficient and less effective in dynamic
settings. A novel Hybrid Swarm Evolution Optimization
(HySEOpt) was introduced, adjusting mutation rates
based on performance curves and utilizes parallel
processing for faster optimization achieving 98.01%
accuracy. Parikh's research was able to outperform
previous studies

As shown in Table 10, the proposed model in this
study, RF-FOX achieved the highest accuracy of
99.89%, surpassing previous studies in this dataset. An
increase of 1.88%-6.89% indicates that FOX effectively
optimizes hyperparameters to improve model
generalization and minimize misclassification. Overall,
RF-FOX proved to be one of the superior solutions for
improving the performance of heart disease
classification with the dataset used. From a clinical
perspective, this intervention is of great importance
because its higher accuracy ensures a more precise
classification of liver disease stages, allows timely

intervention for severe <cases and reduces
complications up to death.
Table 10. Some previous studies on

hyperparameter tuning Random Forest of heart
disease dataset.

Author Year Methods Accuracy
Santh et. al. [53] 2020 RF-GS 93.00%
Valarmathi et. al. 2021 RF-RS 95.04%
[60] RF- 97.52%
TPOT
Torthi et. al. [61] 2023 RF-BA- 95.57%
PSO
Parikh et. al. [62] 2024 RF- 96.01%
HySEOpt
Purposed Method - RF-FOX  97.83%

In addition to its strong predictive performance, the
RF-FOX model provides clinical interpretability through
feature importance analysis. The top features chest
pain type (cp), maximum heart rate (thalach), and ST
depression (oldpeak) are all established indicators of
heart disease. Their alignment with clinical knowledge
enhances confidence in the model’s decisions, making

it not only accurate but also medically meaningful for
supporting diagnosis and treatment planning. The
proposed model shows the potential for more reliable
early diagnosis, leading to better and patient-ready
treatment planning and outcomes. In a longitudinal
context, regular retraining with the latest trends in data
can undermine the model's accuracy and adaptability.
Monitoring model performance metrics can help
optimize retraining for long-term effectiveness.

Despite achieving high performance, the
proposed RF-FOX model has limitations that may
impact its generalizability in real-world clinical settings.
The dataset used in this study, while widely adopted, is
relatively small and lacks demographic diversity, which
may limit the model's applicability to broader
populations. Overfitting is also a concern, especially
given the near-perfect performance observed; while
cross-validation was applied, further external validation
is necessary to confirm the model’s robustness. In real-
world environments, patient data often contain more
noise, imbalance, and missing values than benchmark
datasets. Therefore, future work should include testing
on larger, multi-center datasets with varied patient
profiles. Additionally, implementing model calibration,
regularization techniques, and domain adaptation
strategies could help improve generalization and
reduce the risk of overfitting when deployed in diverse
clinical environments.

Algorithm-based models can more quickly analyze
larger data sets, reduce subjectivity, and detect
complex patterns that humans may miss, thereby
improving the efficiency of clinical assessment.
However, external validation and clinical testing are
essential for widespread adoption. This is necessary
because the model's interpretation capabilities must be
improved for clinical use. This proposed model can
potentially assist healthcare workers in decision-
making, improve diagnosis, and support the Clinical
Decision Support System (CDS). To enhance clinical
relevance, the RF-FOX model should be integrated into
existing workflows, such as electronic health records
and decision support systems. Deployment may face
challenges including clinician trust, data privacy, and
model transparency. Ethical concerns such as bias,
informed consent, and over-reliance must also be
addressed. Future efforts should focus on
interpretability, collaborative validation, and ethical
safeguards to ensure safe integration into healthcare
environments.

V. Conclusion

This study aimed to enhance heart disease
classification by integrating the FOX optimization
algorithm with the Random Forest (RF) classifier for
effective hyperparameter tuning. The proposed RF-
FOX model achieved superior performance on the UCI
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Heart Disease dataset, with a testing accuracy of
97.83, precision of 97.83%, recall of 97.88%, and F1-
score of 97.89%. These results were statistically
validated using the Wilcoxon signed-rank test (p <
0.01), confirming that the improvements were
significant and reliable. Beyond its strong predictive
performance, the FOX algorithm demonstrated efficient
convergence and better generalization compared to
other methods such as PSO, BA, FA, GS, and RS. The
feature importance analysis identified ‘cp’, ‘thalach’,
and ‘oldpeak’ as the most influential variables,
reinforcing the model’'s clinical relevance. For future
work, the model should be validated on larger and more
diverse  datasets. Enhancements  such as
interpretability tools, regularization strategies, and
integration into clinical decision support systems
(CDSS) are also recommended to ensure practical
deployment in healthcare settings.
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