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ABSTRACT

Background: Cardiovascular disease remains a primary global health concern, highlighting the urgent need
for reliable and widely applicable diagnostic tools. This work aims to present an Advanced Heart Disease
Detection system that integrates clinical data from four major international datasets: the Cleveland,
Hungarian, Switzerland, Long Beach VA datasets, and Statlog Heart Diseases for CAD and No-CAD
diseases. The system utilizes 14 clinically-relevant standardized features and employs an automated

preprocessing pipeline that includes median imputation for numeric data, “most frequent” imputation for
categorical attributes, and standard scaling for data integrity.

Methods: The proposed methodology is implemented in two phases. The first phase is learned with Deep
Q-Network, which achieved high accuracy compared with others. The second phase is a Stacked Ensemble
voting algorithm, which is synthesized by a Logistic Regression, Support Vector Machine (SVM), XGBoost
(XGB), Multilayer Perceptron, and Random Forest (RF). The designed model has increased the
performance accuracy by using extensive hyperparameter tuning with GridSearchCV. The results show high
accuracy compared with other studies.

Results: The first model achieved 92.65%, while the second model achieved 92.52% % for DQN and
ensemble methods, respectively. The proposed model demonstrated high and reliable performance,
indicating its strong and reliable tool for early detection of heart diseases, partially for classification into
CAD and No CAD and its applicability in real-world clinical decision support systems.

Keywords: Coronary Artery Disease (CAD), Data Preprocessing, Deep Reinforcement Learning (DQN),
Machine Learning, Ensemble Learning, Clinical Decision Support
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1. INTRODUCTION

Cardiovascular diseases (CVDs) remain the leading cause of global death in many
countries. It represents a large percentage of total deaths and places a considerable economic and
social burden on healthcare systems. Early and accurate detection of patients with CVDs is
essential to improve patient outcomes and treatment options, enabling timely medical intervention
and reducing long-term healthcare costs, especially for patients with developed CVDs. However,
traditional methods for diagnosing CVDs rely heavily on the experience, manual interpretation
and expert systems for patients. These traditional testing procedures and subjective interpretations
of the patient’s signs and symptoms lead to delays in diagnosis, which can be time-consuming for
patient treatments[1,2,3].

In recent years, machine learning (ML) in computer science and engineering has become a
powerful paradigm, assisting clinical decision-making by automating and analyzing the medical
data. Machine learning plays an integral role in identifying patient patterns by learning from the
complex, nonlinear relationships between clinical characteristics and disease progression. It

supports clinicians in identifying complex patterns that are difficult to discover and prone to
diagnostic errors. Various classification algorithms, including Support Vector Machines (SVM),
Random Forest (RF), Logistic Regression (LR), Multilayer Perceptron (MLP) and Extreme
Gradient Boosting (XGBoost), have shown promising applications in predicting cardiac diseases
using structured clinical datasets [4,5,6].

Although substantial progress has been made in the machine learning field, developing predictive
models with good generalization and accuracy is still a difficult challenge for healthcare
applications and CAD disease due to several reasons, including 1) data heterogeneity, 2) class
imbalance, 3) missing data, and 4) variable information collected from different clinical sources.
Most earlier studies used only one dataset, which could limit the generalizability of developed
predictive models. In addition to this limitation, other factors such as inadequate preprocessing of
training data, insufficient hyperparameter tuning, or the possibility of data leakage when training
predictive models could lead to an overestimation of the model’s performance, which in turn will
decrease the performance of the predictive models when they are applied to patients in real-world
situations [7-11].

To address these problems, this study presents a rigorous and comprehensive machine learning
methodology for predicting heart disease that utilizes a variety of clinical datasets from multiple
hospitals worldwide. A comprehensive data preprocessing system, encompassing missing value
imputation, feature scaling, and categorical encoding, will be employed to establish a unified
pipeline, ensuring consistency and preventing leakage during model training. In addition to
establishing data completeness through pre-processing, the proposed methodology will also apply
extensive hyperparameter tuning with cross-validated grid search on several classification methods
to determine the optimal hyperparameter configurations of each classifier and produce the
maximum predictive performance.

Moreover, this study evaluates and compares deep reinforcement learning using Q-Network
algorithms and advanced machine learning classification models [12], [13]. Thus, providing a
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systematic and fair comparison for performance evaluation. The experimental framework will
allow for reproducibility, robustness, and applicability to real-world clinical settings; training and
tagging will be clearly separated, as will be the use of cross-validation for model tuning. The main
contributions of this work can be summarized as follows:
1. Handling leakage-free preprocessing and training pipelines for CAD and No-CAD
patients.
2. Integration of multiple clinical datasets from different medical institutions to improve
model generalization.
3. Using cross-validated grid search for hyperparameter optimization of multiple machine
learning models.
4. Using Deep Q-learning algorithms for multiple datasets to generate a knowledge
experience for further classification.
5. Comparative evaluation of several state-of-the-art machine learning algorithms and
identification of the most effective model for heart disease for patients with CAD and No-
CAD binary classification.
The study provides evidence that well-tuned machine learning models can produce predictions
with high accuracy and support decision making for diagnosing heart disease. This work
demonstrates the importance of systematic preprocessing of data as well as optimization of model
parameters for creating clinically relevant and robust predictive systems through the use of
multiple datasets.

2. LITERATURE REVIEW

The study in machine Learning has been comprehensively researched as a powerful

prediction tool for cardiovascular diseases, with many studies examining a variety of classification
algorithms, preprocessing methods, and optimization approaches. This section presents a critical
review of the most significant recent studies that are closely related to this research framework.
The work presented by [14] using machine-learning algorithms, including XGBoost, bags
of trees or random forest machine-learning algorithms, achieved results for random forest with the
highest accuracy of detection risk of heart disease with approximately 93%, while bagged trees
had approximately 93% and lastly random forests had approximately 91%. Ensemble methods also
ranked highest for ROC-AUC performance, with ensemble methods demonstrating better ability
to capture the complex/non-linear relationship in medical data than all others tested (PMC). The
study confirms that ensemble learning methods, such as XGBoost, are highly effective for solving
medical classification problems. However, the authors do not show the preprocessing techniques
or the train/test separation that will impact how well these results apply in real-world situations.

The study implemented by [15]. They used the Cleveland dataset to compare Logistic
Regression and Random Forest. The obtained results show that the random forest was able to
obtain approximately 91% accuracy, a much higher value than the 83% of Logistic Regression.
Furthermore, Random Forest excelled in terms of delivery in Precision, Recall and ROC-AUC
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scores. The classification performance improved due to the Random Forest's effectiveness, which
is based on a tree-based ensemble method in handling nonlinear feature interactions.

A comprehensive comparative study by [16]. They evaluated using multiple machine
learning models SVM, Naive bases, logistic regression, neural network, decision tree, and KNN.
The study found that the SVM achieved the highest predictive accuracy with 85% superior other
classifiers in precision and reliability. These results highlight the effectiveness SVM model as a
baseline model and validates its effectiveness for heart disease classification tasks.

An optimized machine-learning method using the XGBoost developed by [17]. They
presented a solution for heart disease using both traditional heart disease datasets with
hyperparameter optimization and private datasets. The study used Naive Bayes, SVM, voting,
XGBoost, AdaBoost, bagging, DT, KNN, RF, and LR for training and testing these models. The
performance of this optimized classifier using dataset integration is 97.57% accurate. This study
confirms that hyperparameter tuning and dataset combination significantly improve predictive
performance, supporting the methodology used in the proposed system.

The study presented in [18] evaluated machine learning models using combined datasets
from Cleveland, Hungary, Switzerland, and VA Medical Center. It is demonstrating that
integrating multiple datasets improves predictive accuracy and model robustness. The results show
improved generalization and reduced dataset bias. The dynamic kernel explored weighted linear
and nonlinear terms, where the polynomial degree of 3 achieved the highest accuracy with 93.3%.

The study presented by [19] evaluated several machine learning algorithms using heart
disease datasets. The results show the random forest 89% , SVM 82%, and XGBoost 79 %. The
study finds the ensemble models outperformed single classifies and highlights the importance of
ensemble and optimized models in improving classification accuracy.

The study by [20] presented a machine learning-based framework for heart disease
prediction using the heart-disease dataset with hyperparameter tuning. Random Forest achieved
approximately 91% accuracy and a high Fl-score performance. The study finds that the
hyperparameter optimization in improving classification play a critical role for model reliability
and accuracy.

The accuracy of previous research on using machine learning for heart disease
prediction has been shown; however, there are still several gaps that need to be addressed within
this area of study:

1. Most studies were limited to only one data source; therefore, the results could not be
generalized to other settings.

2. Many of'the reviewed studies did not have any safeguards against potential data leakage during
their respective preprocessing steps.

3. Moreover, a majority of the studies did not properly optimize their models' hyperparameters.

4. Extremely few studies use multiple data sources from many different clinical settings when
evaluating model performance.
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The proposed framework resolves these limitations through:
The integration of four clinical datasets (Cleveland, Hungary, Switzerland, V.A.)
Implementing a preprocessing pipeline that does not require any leaks
The implementation of extensive hyperparameter tuning with GridSearchCV

Evaluating multiple optimized machine learning models and Deep Q-network under identical

oCowy»

E.

conditions
Ensuring reproduci

bility and generalizability

3. THE PROPOSED SYSTEM AND METHODOLOGY
The proposed system consists of two phases. The first phase proposes Deep Q-Network-based
intelligent diagnostic system (DQIDS-CAD) for the five CAD datasets. The second phase uses the
machine learning algorithms Logistic Regression (LR), Support Vector Machine (SVM), Random
Forest (RF), Multi-Layer Perceptron (MLP), and XGBoost (XGB). The datasets are loading using
the Cleveland, Hungarian, Switzerland, Long Beach VA datasets, and Statlog Heart Diseases from
UCI [21]. The datasets are preprocessed using missing value imputation, binary transformation,

feature normalization, and 10-fold cross-validation. The deep Q-Network model includes many
internal states and the final step for model evaluation is shown in Figure (1) to describe the
architecture of the proposed Deep Q-Network for heart disease diagnosis.
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Heart Disease
Dataset
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~
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Figure 1: Architecture of the Proposed Deep Q-Network-based intelligent diagnostic system for
coronary artery disease (DQIDS-CAD)
The second phase proposes the machine learning and ensemble voting algorithms to combine
probabilistic outputs of all phases and find the final result. Preprocessing steps and model
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construction are shown in figure (2), which shows the architecture of the machine learning uses
many machine classifiers and ensemble voting algorithms.
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Figure 2: Architecture of the Proposed Heart Disease Ensemble System for coronary artery
disease (DQIDS-CAD)
The following subsection describes the main mathematical model for the proposed Deep Q-
Je Network-based intelligent diagnostic systems for coronary artery disease (DQIDS-CAD) and

1y D T

T

machine learning classifiers.
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3.1. Data Acquisition and Preprocessing

The system uses the Cleveland heart disease dataset from the UCI repository. The feature vector

consists of corresponding patient described instances in equation (1)
X; = [Xi1) Xi2, Xi3) o Xig] € RYL.. (1)
Where,
e dis the number of the patient attributes
e =1,2,....,N indexed for each patient row
e N is the total number of samples.

The target values include five values {0,1,2,3,4), indicating severity levels of CAD disease, where

the 0 value indicates NOCAD.

The missing value M; handling using the median in equation (2) for the numerical value.
x;j = median(x.j),Vi € M; ... (2)
3.2. Data Binary Transformation
The target value consists of severity levels {0,1,2,3,4}, then, we used the following threshold to
transform it into binary values in equation (3).
0 if original taget value =0 (NO CAD)
Yi= {1 if original taget value € {1,2,3,4} (CAD) ™ (3)
The equation in (3) converts the target value y; = {0,1}, each numerical value is normalized
using equation (4)
x;j — min(x;;)

%ij = max(x_j) —min(x.j) )

Where,
max(x ;) represents the maximum value of column feature j across all samples used in
this column.
min(x.j) represents the minimum value of column feature j across all samples used in
this column.
The training/ testing using 10-fold validation partitions the dataset into 10 disjoint subsets in
equation (5)

10
D= U D, foreach foldk ...(5)
k=1

Then, training/ testing and final metrics is defined as below:

Dorain = — ®)
train Dk
Dtest = Dk (7)

Metric final is averaged for all folds in equation (7)

10
1
Metricsing = EZ Metric,  ...(8)
k=1
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3.3. Reinforcement learning Algorithm

The DQIDS-CAD reinforcement learning is modeled in algorithm (1). Algorithm (1) shows the

main steps for the proposed Deep Q-Network for the coronary artery disease diagnostic system.
Algorithm (1): Deep Learning Pseudo-code

Input | SAPR,y

S: state Space

A: Action Space

P: Transition Probability

R: Reward function

Y € [0,1]: which represent discount factor

Output | A ={0,1}, where a=0: No CAD; a=1: CAD

1. Define the reward function as :

+2 Correct CAD
+1 Correct NO CAD
—2 False Negative

—1 False Positive

R(s,a) «

2. | The optimal action value function is calculated using :

(0]

k _ _
YTisk | St =s,ar =a

Q*(S’a) = max E « [
" k=0

3. | The input-hidden-output layers are calculated by:-
Input layer

Hidden layer h; «<RelU(W;s + b,)

Hidden layer h, <RelU(W,,s + b,)

output layer
output layer Q(s,a,0) « Wsh, + b3), then producing [Q(s,0),Q(s,1)]

4. | Q-Target Computation
y¢= 1 With a specific loss function

3.4. Machine Learning Algorithms

The proposed system uses many machine learning algorithms including Support Vector Machine
(SVM) developed by Vapnik and his colleagues in 1995 [22]. The description of this algorithm can
be found in [23]. Figure (3) shows the hyperplane that separates the training samples.
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Figure 3: Hyperplane that separate training samples [23]

3.4.1. Random Forest

The random forest was first proposed by [24]. It is used for classification by using of many
independent decision trees (base classifiers). Then, the vote from each of the classifications gives
the classification for that example. The complete random forest classification method is shown in
figure (4) below.

Decision Tree-1 Decision Tree-2 Decision Tree-N
Result-1 Result-2 Result-N

Majority Voting / Averaging

Final Result

Figure 4: The Random Forest and Majority Voting / Averaging [24]
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3.4.2. Decision Tree

The main scheme o decision tree is hierarchical within an object (decision tree nodes). Each path
relate to possible outcomes for each attribute. It consists of three levels: root node, decision node,
and leaf node. Decision Tree learning methods are extensively used within the fields of statistics,
data mining and machine learning, and healthcare as their predictive abilities provide excellent
accuracy results. Figure (5) shows an example of the structure of a decision tree (DT).

Root Node |

|

; Decision Node
l : |

|

|

o Y y 3

Leaf Node Leaf Node i Decision Node Leaf Node
Leaf Node Leaf Node

Figure 5: The scheme of Decision Trees [25]

Multilayer perceptron (MLP) is a type of artificial neural network made of an input layer, one or
more hidden layers, and output layer. In addition, logistic regression used in this work is a linear
classification used mainly in binary classification such as CAD/ NCAD diseases. These stacked
classifiers can be programmed using the python programming language for many healthcare
applications [26].

3.4.3. Data Set Description

The proposed work in this study uses five datasets. Class distribution for each dataset is shown in
table (1). The preprocessing removed records with missing target labels and the dataset remains

modernly balanced.
Table (1): Datasets Class distributions for five heart diseases
Dataset Class 0 (Non-disease) | Class 1 (Disease) | Total Samples
Cleveland 164 139 303
Hungarian 188 106 294
Statlog 150 120 270
Switzerland 8 115 123
VA Long Beach 51 149 200
Overall Class Distributions
Class 0 (Non-disease) 561
Class 1 (Disease) 629
Total Dataset Size 1190
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Table (2) shows the main attributes for the heart diseases used in DQIDS-CAD

Table 2: The Cleveland Heart Disease attributes used in DQIDS-CAD

No. | Feature Type Description
Name

1 age Integer The Age of the patient in (years)

2 sex Categorical Only two values for Sex (1 = male, 0 =
female)

3 cp Categorical This value represents Chest pain severity
type (0-3)

4 trestbps Integer The Resting blood pressure (mm HQ)

5 chol Integer The Serum cholesterol (mg/dl)

6 fbs Categorical Fasting blood sugar > 120 mg/dl (true=1,
false=0)

7 restecg Categorical Resting electrocardiographic results with
values (0..2)

8 thalach Integer To measure the Maximum heart rate
achieved

9 exang Categorical To measure the Exercise-induced angina
(yes=1, no=0)

10 oldpeak Integer ST depression induced by exercise

11 slope Categorical Slope of peak exercise ST segment (0—2)

12 ca Integer This value refers to Number of major
vessels colored by fluoroscopy (0-3)

13 thal Categorical It refere to Thalassemia value
(3 =normal, 6 = fixed defect, 7 =
reversible defect)

14 target Integer Diagnosis of heart disease (04 — later
transformed to 0/1)
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4. RESULTS AND DISCUSSION

The proposed work was implemented on five dataset including the Cleveland, Hungarian,
Switzerland, Long Beach VA datasets, and Statlog Heart Diseases with a total of 1190 patient
cases. Table (3) shows the main hyperparameters used in machine learning classifiers using the

python programming language.

Table 3: Machine Learning Hyperparameters for Predicting CAD/ NCAD diseases

random_state=42

Classifier Hyperparameters Used Description
Logistic max_iter=5000, class_weight="balanced", Linear classifier with
Regression random_state=42 class balancing to
(LR) handle dataset

imbalance.
Support Vector | kernel="rbf", C=2, gamma=0.2, Non-linear SVM with
Machine (SVM) | probability=True, class_weight="balanced", RBF kernel.

Parameters C and
gamma selected using
GridSearchCV.

Random Forest
(RF)

n_estimators=800,
class_weight="balanced_subsample",
random_state=42

Ensemble of decision
trees designed to
capture nonlinear
relationships in the
data.

Multi-Layer hidden_layer_sizes=(64,32), activation="relu", Feed-forward neural

Perceptron solver="adam", alpha=1e-4, network with two

(MLP) learning_rate_init=0.001, max_iter=2000, hidden layers.
random_state=42

XGBoost n_estimators=900, max_depth=3, Gradient boosting

(XGB) learning_rate=0.08, subsample=0.9, model optimized using
colsample bytree=0.9, scale pos weight~0.94, GridSearchCV.
eval_metric="logloss", random_state=42,
n_jobs=-1

Soft Voting voting="soft" with models {LR, SVM, RF, MLP, | Combines

Ensemble XGB} probabilistic outputs of

all classifiers.

SVM Threshold
Optimization

Same SVM parameters + threshold = 0.53

Decision threshold
optimized using cross-
validation on the
training set.
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The main results for accuracy, precision, recall, and Fl-score across deep reinforcement Q-
Network, five machine learning models (LR, SVM, RF, MLP, XGB), and voting ensemble is
shown in figure (6), figure (7), figure (8) and figure (9) respectively.
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Figure (6): Accuracy Comparison Across Models Figure (7): Precision Comparison Across Models
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Figure (8): Accuracy Comparison Across Models Figure (9): Precision Comparison Across Models

The results show the DQN and voting ensemble outperforms in CAD/NCAD detection due to their
ability to model complex nonlinear relationships within clinical data. Although the superiority of
the DQN model and the group voting mechanism is clearly demonstrated by various performance
indicators such as accuracy, fine-tuning, recall, and F1 score, this superiority cannot be considered
a random result or a direct reflection of the nature of the data only; rather, it reflects a fundamental
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difference in the cognitive structure of these models, and in how they deal with structural
complexity, uncertainty, and representation learning mechanisms within the five datasets.
The results show that DQN leverages deep reinforcement learning to capture the dynamic patterns,
and ensemble voting improves robustness by combining multiple predictive models. Table (4)
shows value of all machine learning, ensemble voting, and DQN techniques.

Table (4): Shows the main results of all learning models

Model Accuracy | Precision | Recall | F1-Score
DQON (Deep Q-Network) 0.9265 0.9021 |0.9643 | 0.9322
Voting Ensemble 0.9152 0.8896 | 0.9527 | 0.9200
Random Forest 0.9018 0.8720 |0.9478 | 0.9083
SVM Tuned Threshold (0.53) | 0.8884 0.8719 |0.9174| 0.8941
XGBoost 0.8862 0.8714 |0.9130| 0.8917
SVM 0.8862 0.8683 |0.9174| 0.8922
MLP 0.8750 0.8783 |0.8783 | 0.8783
Logistic Regression 0.8304 0.8377 |0.8304 | 0.8341
Model Accuracy | Precision | Recall | F1-Score
DQN (Deep Q-Network) 0.9265 0.9021 |0.9643 | 0.9322
Voting Ensemble 0.9152 0.8896 | 0.9527 | 0.9200
Random Forest 0.9018 0.8720 |0.9478 | 0.9083
SVM Tuned Threshold (0.53) | 0.8884 0.8719 |0.9174| 0.8941
XGBoost 0.8862 0.8714 |0.9130| 0.8917
SVM 0.8862 0.8683 |0.9174| 0.8922
MLP 0.8750 0.8783 |0.8783 | 0.8783
Logistic Regression 0.8304 0.8377 |0.8304 | 0.8341

5. CONCLUSIONS AND RECOMMENDATIONS

This study implemented a combination of five different datasets: the Cleveland, Hungarian,
Switzerland, Long Beach VA datasets, and Statlog Heart Diseases and multiple machine learning
techniques. The results demonstrate that the advanced approaches, particularly DQN and ensemble
learning, outperform other methods Random Forest, SVM Tune, XGBoost, SVM, MLP, and
Logistic Regression by effectively capturing complex patterns within CAD/ NCAD clinical data.
DQN achieved accuracy with 92.65%, precision 90.21%, highest recall 96.43%, and F1-score
93.22%. The voting ensemble achieved accuracy with 91.52%, precision 88.96%, recall 95.27%,
and Fl-score 92%. These methods achieved higher accuracy and robustness, indicating their
suitability for reliable heart disease classification and supporting their potential application in
intelligent medical systems to detect CAD/ NCAD. The future framework should, therefore, be
recommended for extension with larger and more diverse clinical datasets on other CAD diseases
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plus a real-world clinical environment and resource-constrained device validation of the model to
enforce practical applications of the proposed framework.
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