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Abstract:

Cardiovascular diseases, notably myocardial infarction (MI) remain as the primary cause of global mortality, with
millions of deaths each year, often attributed to delayed diagnosis and intervention. This study focused on predictive
modelling for MI risks using Support Vector Machine (SVM) algorithm, with its hyperparameter tuned by both
GridSearchCV and RandomizedSearchCV. Data extracted from UCI Heart Disease Dataset underwent comprehensive
preprocessing pipeline including normalization and Chi-Square feature selection to identify key predictors. The
predictive accuracy, precision, recall, F1-score, and Area Under the Receiver Operating Characteristic Curve (AUROC)
were evaluated. Both the Grid Search and Randomized Search tuned models achieved a superior accuracy of 84.21%,
with the Grid Search model yielding a slightly higher AUROC of 0.9137, confirming the effectiveness of hyperparameter
tuning. This outcome highlights the superior discrimination and classification performance in predicting MI. This finding
demonstrates the potential of machine learning to enable timely, accurate diagnosis of cardiovascular diseases and
therefore improve patient care.

Keywords: Artificial intelligence; Hyperparameter tuning; Machine learning; Myocardial infarction; Support vector
machine

1. INTRODUCTION

Cardiovascular diseases, specifically myocardial infarction (MIl) remain as the primary cause of global mortality, with
millions of deaths each year often attributed to delayed diagnosis and intervention (1). Ml is more commonly known as
heart attack, caused by an obstruction of blood flow to the heart. Coronary artery blockage is a critical condition which may
lead to severe complications or fatality if not promptly treated (2). Traditional diagnostic methods are often limited by static
thresholds and manual interpretations, which may result in delayed or inaccurate assessments. Leveraging machine
learning (ML), especially Support Vector Machines (SVM), provides a promising solution for predicting Ml risks by analyzing
complex patient datasets (3). This study employs the UCI Heart Disease dataset to develop an SVM-based predictive
model, enhanced through hyperparameter optimization techniques, to achieve high accuracy and reliability. This method
shows how ML can revolutionize contemporary healthcare systems by supporting individualized treatment plans and
enabling early detection (4).

1.1 Myocardial Infarction

Myocardial infarction, sometimes known as a heart attack, is a form of coronary heart disease which leads to either acute
or chronic myocardial ischemia brought on by an imbalance between demand and supply of oxygen. Pathologically, it is
defined as death of myocardial cell due to a sustained lack of blood flow. Initial ultrastructural alterations include reduced
cellular glycogen, relaxed myofibrils, and sarcolemma disruption. These early changes are rapidly followed by
abnormalities in the mitochondria (5).

Acute myocardial infarction (AMI) is a critical illness characterized by sudden blockage of coronary artery, typically
caused by thrombus obstruction. This causes a severe cessation in blood flow to the myocardium, eventually resulting in
heart failure and death (6). A person with acute myocardial infarction may exhibit a variety of symptoms, with chest
discomfort being the most prevalent. At some acute incidents, some people do not report the usual symptoms which include
chest pain or feeling of pressure on chest (7). The symptoms of Ml are also influenced by age, gender, smoking,
comorbidities and MI type. For instance, young patients frequently have intense, radiating chest pain, but elderly patients
typically have intermittent chest pain that gradually gets worse. Women typically describe atypical symptoms, whilst men
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typically complain of conventional ones. Silent or asymptomatic Ml is more common in patients with comorbidities, for
example, diabetes mellitus, compared to people without such ilinesses. (8).

Diagnosis of MI requires clinical evidence of ischemia, characteristic electrocardiogram (ECG) changes, imaging
evidence of myocardial damage or confirmation of an intracoronary thrombus, together with a rise or fall in cardiac troponins
exceeding the 99"-percentile upper reference limit. Because the ECG is the fastest and most informative initial test, current
guidelines emphasize obtaining and interpreting ECG within the first 10 minutes of patient arrival. Immediate coronary
angiography is recommended for patients demonstrating marked elevations of ST-segment or new left bundle branch
block. For other patients, clinicians apply risk-based diagnostic and treatment strategies to ensure accurate risk
stratification and timely management (9). Notably, ST-segment elevation criteria have been refined to consider differences
in leads V2-V3 that are specific to age and sex. Specifically, 20.15 mV in females, 20.25 mV in males under 40, and 20.2
mV in males aged 40 or above while a rise of 20.1 mV in other leads remains diagnostic (9).

1.2 Support Vector Machine

The support vector machine is a nonlinear development of the support vector algorithm, which was developed in the 1960s
as a generalized portrait approach. It has a strong foundation in statistical learning theory. It was initially developed for
classification tasks but in recent years its application broadened to include regression problems as well. This method is
recognized for its superior performance owing to its ability for mitigating overfitting and accurate response approximation
(10).

In classification tasks, support vector machines aim to discover an optimal separating function that distinguishes
between two classes based on the available training instances. Equation (1) and (2) formally define the linear and non-
linear decision functions of an SVM classifier. In this context, w and b determine the optimal separating hyperplane and
K(a; ,x) represents the kernel function mapping the input into a higher-dimensional feature space. For linear SVM, b is the
bias whereas w determines the orientation of the plane that separates from the origin. Non-linear SVM uses a function ¢
(x) to transfer the input vector x into the high dimensional feature space, z.

f(x)=wex+b (1)

p
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Support vector machine can be summarized through two core concepts: the sparse representation and the kernel
methodology. In sparse representation, SVM requires access to the entire training dataset during model construction.
Although all samples contribute to learning the decision boundary, only a portion of them, referred to as support vectors,
are ultimately retained and used for prediction. These support vectors emerge from an optimization process involving
Lagrangian relaxation and an objective function that balances classification error with margin maximization (11).

SVMs can handle data that is not linearly distinguishable in the original feature space attributable to this foundation for
kernel methodology. A kernel function is used to indirectly transfer the input data into a higher-dimensional space prior to
solving the underlying convex optimization problem. This transformation helps separate instances that overlap in the
original space, allowing the SVM to construct an effective decision boundary even when no linear separator exists in the
input domain (7).

1.3 Myocardial Infarction Prediction

Cardiovascular diseases remain as the primary cause of mortality in both the European Union and the United States,
accounting for roughly 30% of all deaths. Developing predictive models for assessing AMI risk in patients with is therefore
highly valuable. Common predictors include administrative and demographic characteristics, length of stay, diagnoses,
and laboratory parameters. Based on recent literature, machine learning (ML) techniques, including Stochastic Gradient
Descent (SGD), SVM, logistic regression and the data source from National Health Service (NHS) were utilized. Results
show an accuracy of 80% from SGD while 81% for SVM (12).

Despite improvements in treating coronary heart disease (CHD), the risk of death during hospitalization remains high,
highlighting the need for better prediction models to improve patient care using predictors of systolic blood pressure (SBP),
heart rate, gender, age, height, and others. Types of machine learning used are multivariate logistic regression, stochastic
gradient boosting methods and the data source are from Regional Vascular Centre of Primorsky Regional Clinical Hosp.
Receiver operating characteristic (ROC) for IHM prognostic models demonstrate high accuracy with 0.85 for 1st scenario
and 0.90 for 2nd scenario (13).

Predicting Ml can also be done using SVM and to ensure its reliability, comparing with other machine earning technique
is needed. Machine learning techniques used are plain Bayesian, linear discriminants and SVM. The predictors are
laboratory test results and clinical outcomes with the data source from MIMIC-IIl database. Based on the findings, SVM
has the highest accuracy of 92% (14). Based on the studies from Boudali, all models achieve accuracy above 73% and
area under curve more than 80% (15).

As demonstrated by (16), the use of SVM to analyze differentially expressed genes (DEGs) highlights the potential of
bioinformatics-driven approaches in MI diagnostics. The study identified critical risk genes like HES5 and VEGFA,
achieving an impressive accuracy of 87%, underscoring the role of genetic markers in early Ml prediction. This gene-
focused approach can complement clinical models, bridging gaps in traditional risk assessments that rely heavily on
physiological and demographic data.

https://www.humentech.utm.my
https://doi.org/10.11113/humentech.vbn2.136

108

© 2026 Penerbit UTM Press. All rights reserved



Tay et al. /Journal of Human Centered Technology 5:2 (2026) 107 — 116

Building on these findings, (17) emphasized the importance of incorporating comprehensive predictors, such as age,
sex, and lab results, into Gradient Boosting Decision Tree (GBDT) models. With an AUROC of 0.91 and accuracy of 83%,
the study demonstrated that GBDT models outperform traditional methods, providing clinicians with real-time insights for
early intervention. These results align with (18), who highlighted the superiority of advanced ML systems like XGBoost and
SVM in mortality prediction for AMI patients. By leveraging diverse predictors, including ECG patterns and demographic
data, the study showcased the potential of ML to refine prognostic models and support decision-making.

Further advancing the scope, (19) investigated Ml severity prediction using various ML techniques, identifying troponin
levels as the most significant predictor. Their SVM model achieved an accuracy of 88.67%, underscoring critical value of
incorporating key biomarkers into predictive frameworks. Similarly, (20) demonstrated that ML models, including Random
Forests and Neural Networks, are capable of identifying complex, non-linear patterns among clinical variables. By
outperforming traditional logistic regression, these models reveal the limitations of conventional statistical methods in
addressing multifactorial nature of AMI.

A critical takeaway from these studies is the need for robust validation across diverse datasets and settings. As
highlighted by (18), including longitudinal health data and testing across ethnic and regional variations can improve the
generalizability of ML models. Combining insights from genetic, clinical, and demographic predictors offers a holistic
approach to MI risk assessment, while advancements in computational techniques pave the path to scalable and
customized healthcare solutions.

Despite substantial progress in machine learning-based MI predictions, many existing studies rely on limited
preprocessing pipelines, complex feature sets, and narrow hyperparameter exploration. This work advances the field by
integrating a robust, comprehensive preprocessing pipeline. The pipeline combines missing data handling, outliers’
removal, feature normalization, feature selection with a systematic comparison of hyperparameter optimization methods
applied to SVM. This study provides a direct, controlled evaluation of two widely adopted optimization approaches
(GridSearchCV and RandomizedSearchCV) using a publicly accessible dataset (UCI Heart Disease).

2. METHODOLOGY

Figure 1 illustrates the overall methodological workflow for Ml predictions. This study aims to predict myocardial infarction
(M) risks using a Support Vector Machine (SVM) model optimized with hyperparameter tuning based on the following
steps: a) Data preparation includes loading the dataset, target labeling, handling missing values, removing outliers using
the IQR method, and performing exploratory data analysis; b) Data Transformation which involves feature normalization
and feature selection using the Chi-Square test to identify the most relevant features; c) Training of the SVM model with
initial parameters, followed by hyperparameter fine-tuning using GridSearchCV and RandomizedSearchCV; and d)
Performance evaluation on the test dataset, comparing metrics like accuracy, precision, recall, F1-score, as well as

AUROC.
Data Extraction from _, - —
UCI Heart Disease Dataset 80:20 Trgm-test Sp th using
Stratified Sampling
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Figure 1. Overall methodological workflow of this study.
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2.1 Description of Clinical Dataset

This study's dataset came from the UCI Machine Learning Repository which can be assessed by the public through online
resources (21, 22). The dataset comprises 13 features critical health metrics which are age, gender (sex), chest pain type
(cp), resting blood pressure (trestbps), serum cholesterol (chol), fasting blood sugar (fbs), resting ECG results (restecg),
maximum heart rate achieved (thalach), exercise induced angina (exang), ST depression induced by exercise relative to
rest (oldpeak), slope of the peak exercise ST segment (slope), number of major vessels colored by flourosopy (ca) and
thalassemia types (thal: normal, fixed defect, reversible defect). Patients with no heart disease (value 0) and those with
increasing degrees of heart disease (values 1-4) are categorized by the target label. The dataset includes approximately
284 patient records, with a mix of continuous and categorical data. These features reflect key clinical observations that are
commonly analyzed by cardiologists to assess cardiovascular health and predict the risk of heart disease.

2.2 Correlation Analysis Between Features

Initially, the dataset was loaded into Google Colab environment. The magnitude and direction of linear correlations between
pairs of features and label were then assessed using a correlation matrix. For this study, Pearson's correlation coefficient
was employed. Coefficient closer to value 1 represents greater positive linear correlation whereas coefficient closer to
value -1 represents greater negative linear correlation. In contrast, value closer to O reflects lower linear correlation. Based
on Figure 2 which shows the correlation between features and target label, features such as ca, thal and exang show
strong correlations with the target_binary, indicating high predictive value for myocardial infarction (Ml). For instance, exang
(0.43), ca (0.46) and thal (0.53) have strong positive correlations making these features critical for model training. In
contrast, features like age, chol, fbs and restecg exhibit weak correlations with the target (~0.04-0.22), suggesting limited
predictive power. This analysis is important to avoid adding redundant features as they may add noise to the model.

Correlation Matrix
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Figure 2. Correlation matrix of features and label.

2.3 Data Preprocessing

The target label originally ranged from 0O to 4, where a value of 0 indicated absence of heart disease whereas values 1
through 4 represented increasing levels of disease severity. To simplify the classification task, this label was binarized into
two classes, where 0 denoted no heart disease and 1 indicated its presence.

Missing values were mitigated using median imputation, as median is less sensitive to extreme values compared to
mean, thereby preserving data integrity without excluding any records. Outliers were then identified and removed using
the Interquartile Range (IQR) approach (23), which finds values outside the interval [Q1-1.5*IQR, Q3+1.5*IQR] where Q1
and Q3 are the first and third quartiles, respectively. Removing outliers improves the model's ability to generalize.
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2.4 Exploratory Data Analysis

The dataset includes 284 patient records, with a mix of continuous and categorical data as shown in Table 1 and Table 2.
Continuous features like age, resting blood pressure, cholesterol, maximum heart rate, and ST depression provide critical
physiological measurements, while categorical features such as cp, sex, thal, and ca capture discrete patient
characteristics. These features were preprocessed through outlier removal, normalization, and feature selection to ensure
cleaned and optimized dataset for predictive modelling and subsequent analysis.

Table 1. Exploratory data analysis of continuous features.

Description Age Resting Blood Pressure  Cholesterol Maximum Heart Rate ST Depression
Count 284 284 284 284 284
Mean 54.07 129.98 242.54 150 0.95
Standard deviation 9.12 15.45 44.73 22.66 1.03
Minimum 29.00 94.00 126.00 88.00 0.00
Quartile 1 (Q1) 47.00 120.00 210.75 133.75 0.00
Median 55.00 130.00 239.50 153.00 0.60
Quartile 3 (Q3) 60.00 140.00 271.00 168.00 1.60
Maximum 77.00 170.00 360.00 202.00 4.00

Table 2. Exploratory data analysis of categorical features.
Feature Count (Percentage)
Sex 0 (Female): 86 (30%)

1 (Male): 198 (70%)

Chest pain type 1 (Typical angina): 22 (8%)

Fasting blood sugar

Resting ECG results

Exercise induced angina

Slope of peak exercise ST segment

Number of major vessels colored by
flourosopy

Thalassemia type

Label

2 (Atypical angina): 49 (17%)

3 (Non-anginal pain): 82 (29%)

4 (Asymptomatic): 131 (46%)

0 (False): 244 (86%)

1 (True (fasting blood sugar > 120 mg/dl)): 40 (14%)
0 (Normal): 144 (51%)

1 (ST-T wave abnormality): 2 (1%)

2 (Probable left ventricular hypertrophy): 138 (48%)
0 (No): 194 (68%)

1 (Yes (exercise-induced angina)): 90 (32%)
1 (Upsloping): 138 (48%)

2 (Flat): 130 (46%)

3 (Downsloping): 16 (6%)

0 (0 vessels): 170 (60%)

1 (1 vessel): 63 (22%)

2 (2 vessels): 35 (12%)

3 (3 vessels): 16 (8%)

3 (Normal): 162 (57%)

6 (Fixed defect): 17 (6%)

7 (Reversible defect): 105 (37%)

0 (No heart disease): 158 (56%)

1 (Heart disease): 126 (44%)

2.5 Feature Normalization and Selection

The continuous features were scaled to a range of 0 to 1 to ensure all features are treated equally by the model since
some might have larger values than others. Chi-Square test shown in Table 3 was used to measure the relationship
between each feature and the target variable, from which the ten most significant features are chosen. This is to reduce
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the data’s dimensionality, avoiding potential overfitting issues. Based on Table 3 and Figure 2, both analyses show that
calcium level, thalassemia and exercise-induced angina ranked among the most significant predictors of MI.

Table 3. Chi-Square score of features.

Ranking Features Score
1 Number of major vessels colored by flourosopy 74.5143
2 Thalassemia types 63.5311
3 Exercies induced angina 35.4703
4 ST depression induced by exercise relative to rest 14.4417
5 Chest pain type 13.8409
6 Resting ECG results 9.5972
7 Sex 8.3120
8 Slope of the peak exercise ST segment 6.6845
9 Maximum heart rate achieved 3.6187
10 Age 0.9841
11 Resting blood pressure 0.3669
12 Cholesterol 0.2538
13 Fasting blood sugar 0.1592

2.6 Model Development and Validation

To maintain the original class distribution (44% heart disease vs. 56% non-disease) while assessing the model's
performance, the dataset was split into an 80% training set and a 20% testing set using stratified sampling. The initial
model was trained using randomly chosen hyperparameters to establish baseline performance. To optimize the model,
hyperparameter fine-tuning was performed using GridSearchCV and RandomizedSearchCV, which systematically
explored combinations of hyperparameters to find the best configuration. The optimal parameters identified by
GridSearchCV were C=6, degree=2, gamma=0.001, and kernel='linear'. Similarly, RandomizedSearchCV yielded the best
parameters as C=8, degree=4, gamma=0.001, and kernel="linear'. These fine-tuning methods ensured improved model
performance by selecting the most suitable parameter combinations for the support vector machine (SVM).

The performance of models trained with GridSearchCV and RandomizedSearchCV are compared using metrics like
accuracy, precision, recall, F1-score, Receiver Operating Characteristic (ROC), and Area Under the ROC Curve (AUROC)
(24). Accuracy is the ratio of correctly predicted instances to the total instances in the dataset using:

P ~ TP +TN
CCUracY =Tp TN + FP + FN

©)

Recall estimates a model's capacity to find true positives in the dataset. The model's ability to capture positive examples
is shown by a higher recall. It is calculated as:

TP
= — 4
Recall TP+ FN @

F1 Score strikes a balance between precision and recall by taking their harmonic means. When there is an unequal
distribution of classes, it is highly beneficial. The F1 Score is calculated as:

Fis _ Precision X Recall (5)
core = Precision + Recall

where Precision is defined as:

TP
Precision TP+ FP (6)

The trade-off between True Positive Rate (Recall) and False Positive Rate (FPR) under varying limit values is shown
graphically by ROC. The ROC curve aids in displaying a binary classifier's performance. AUROC measures a classifier's
overall performance across all thresholds. AUROC ranges from 0 to 1, where value closer to 1 indicates excellent
discriminatory ability whereas value of 0.5 reflects performance no better than random chance. Thus, a higher AUROC
signifies a more effective and reliable predictive model (23, 24).
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3. RESULTS AND DISCUSSION

This study has developed 3 MI predictive models based on different hyperparameter tuning methods. They include the
initial untuned model, Grid Search tuned model and Randomized Search tuned model. In this section, their performance
and the importance of features will be analyzed and presented.

The predictive capacity of the SVM model for myocardial infarction (MI) risk was rigorously examined using the held-
out test set following hyperparameter optimization. Both the GridSearchCV and RandomizedSearchCV tuning processes
yielded a peak accuracy of 84.21%. The superior performance was further evidenced by the high AUROC, which was
recorded at 0.9137 for the model tuned with Grid Search.

The performance summary of the developed models is presented in Table 4. The table shows that the hyperparameter
tuned models, which are Grid Search tuned model and Randomized Search tuned model outperformed the initial untuned
model in all metrics. Based on the AUROC and ROC graph in Figure 3, Grid Search tuned model achieved a slightly higher
AUROC than the Randomized Search tuned model, indicating a marginally stronger ability to separate classes. However,
during the searching process, this study found that Grid Search method consumes longer processing time than
Randomized Search. Despite the slightly better AUROC, the other metrics of both tuning methods are comparable. These
results confirm the model’s strong discriminatory power, demonstrating a robust balance between true positive and true
negative predictions in identifying patients at risk of MI.

In addition, Figure 4 shows the confusion matrix of the Grid Search tuned model and the Randomized Search tuned
model. The results obtained showed that both models generate the same confusion matrix. The models exhibited a good
predictive ability based on the matrix, predicting 20 actual positives, 28 actual negatives, 4 false alarms, and 5 false
negatives. However, recognizing the restricted number of samples and feature limitations of the UCI dataset, this
convergence suggests the SVM models have reached a performance ceiling. Therefore, additional tuning may yield
diminishing returns unless new predictors, larger datasets, or alternative machine learning algorithms are introduced.

Table 4. Performance of the developed SVM models.

Metric Before Tuning Grid Search Randomized Search
Accuracy 0.7895 0.8421 0.8421
Precision 0.7600 0.8333 0.8333
Recall 0.7600 0.8000 0.8000
F1-score 0.7600 0.8163 0.8163
AUROC 0.8825 0.9137 0.9026

Combined ROC Curve for GridSearchCV, RandomizedSearchCV, and Random Parameter Model
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Figure 3. ROC graph of the developed SVM models.
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Figure 4. Confusion matrix of developed SVM models.

Robust performance of the developed SVM is significantly attributable to the structured preprocessing pipeline.
Normalization ensured that no feature disproportionately influenced the SVM training process, while the Chi-Square feature
selection effectively reduced the feature space. This method isolated the top 10 most relevant clinical and demographic
indicators, confirming the importance of factors such as number of major vessels colored by flourosopy (Ca), Thalassemia
type (Thal), and the presence of exercise-induced angina (Exang) as dominant predictors of Ml risk within this dataset.
The exclusion of less informative features mitigated the risk of overfitting and enhanced the model’s generalization
capability.

4. CONCLUSION

This study has successfully demonstrated the use of Support Vector Machine, with comprehensive hyperparameter tuning
via GridSearchCV and RandomizedSearchCV to develop a high-performance predictive model for myocardial infarction
risk. The integrated methodology, which included rigorous data normalization and the application of Chi-Square feature
selection to focus on the most salient predictors (Ca, Thal, Exang), proved highly effective. The resulting model performed
excellently, achieving accuracy of 84.21% and AUROC of 0.9137 on the test set derived from the UCI Heart Disease
Dataset.

These results affirm that optimized machine learning algorithms can process complex clinical data and generate
accurate, reliable risk assessments. The developed model has substantial potential to support the non-invasive, early
diagnosis of cardiovascular disease and serves as a crucial tool for proposing highly individualized and timely intervention
strategies. Furthermore, the model is deployable as a clinical decision-support system, serving as an additional layer of
evaluation for clinicians. Because the required input variables, including heart rate, ECG features, chest pain type, and
basic demographics are typically collected at the point of admission, the model is well-positioned to provide rapid risk
stratification that complements clinical judgement.

Future work should focus on evaluating this model on a more extensive, multi-center dataset to examine its robustness
and generalizability across diverse patient populations. Furthermore, exploring advanced machine learning algorithms (e.g.,
deep learning architectures and ensemble methods like Random Forest and Gradient Boosting) and integrating time-series
data could offer avenues for further enhancing predictive ability.
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