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Abstract

Cardiovascular disease remains a major global health challenge, and the
development of reliable computational approaches for individualized disease
classification may support improved clinical decision-making. In this study,
machine learning algorithms were developed and comparatively evaluated for
the classification of heart disease using routinely available demographic,
physiological, and clinical characteristics. The Cleveland Heart Disease
dataset obtained from the UCI Machine Learning Repository was used as the
study dataset. Four predictive approaches—logistic regression, random forest,
support vector machine, and gradient boosting—were implemented to examine
their ability to distinguish individuals according to the presence or absence of
heart disease. A systematic analytical framework was applied, including
missingvalue treatment, categoricalvariable encoding, feature scaling where
appropriate, model optimization, and crosswalidation. The predictive
performance of the models was assessed using multiple complementary
evaluation metrics, including the area wunder the receiver operating
specificity, and
calibration. In addition to overall predictive performance, feature-importance

characteristic curve, sensitivity, precision, Fl-score,
analysis was incorporated to identify the demographic and clinical
characteristics that contributed most substantially to model predictions and
to improve the interpretability of the analytical framework. The comparative
evaluation was designed to investigate whether nonlinear machine learning
algorithms could provide advantages over conventional logistic regression for
cardiovascular disease classification. The findings also demonstrate the
potential value of interpretable predictive models as supportive tools for
individualized cardiovascular assessment, while emphasizing that algorithmic
predictions should complement rather than replace clinical judgment. Because
the selected dataset was relatively small and contained historical diagnostic
information, the results should be interpreted as retrospective classification
findings and should not be considered equivalent to prospective prediction of

future cardiovascular events. Querall, this study provides a reproducible
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machine learning framework for comparing conventional and nonlinear
predictive approaches and establishes a methodological foundation for future
research using larger, contemporary, and externally walidated datasets in
personalized cardiovascular healthcare.

1. INTRODUCTION

Personalized medicine has become an important
direction in contemporary healthcare because
patients with similar clinical diagnoses may
demonstrate substantial differences in disease
susceptibility,  clinical  progression,  and
treatment response. The integration of patient-
specific clinical characteristics into predictive
models provides opportunities to improve
disease identification and clinical decision-
making. Traditional cardiovascular assessment
frequently relies on established clinical risk
factors and statistical prediction approaches.
However, complex interactions among
demographic, physiological, and diagnostic
characteristics may require more flexible
analytical methods [1]. Cardiovascular disease
remains a major contributor to global morbidity
and mortality. Early identification of individuals
with cardiovascular abnormalities is important
for timely clinical assessment and preventive
management [2]. Commonly evaluated
cardiovascular characteristics include age, blood
pressure, serum cholesterol, glucose regulation,
exercise-related symptoms, and
electrocardiographic =~ measurements. ~ The
combined assessment of these variables may
provide useful information for distinguishing
individuals with and without diagnosed
cardiovascular disease [3].

Machine learning offers  computational
approaches for identifying patterns within
clinical datasets. Unlike conventional statistical
models that frequently assume predefined
relationships  between  variables, selected
machine learning algorithms can investigate
nonlinear associations and interactions among
predictors [4]. Logistic regression remains an
important benchmark because of its simplicity
and interpretability, whereas random forest and
gradient boosting can represent more complex
relationships [5]. Support vector machines
provide another approach for clinical
classification by identifying decision boundaries
that separate observations into different
outcome groups [6]. Random forest models

combine multiple decision trees to improve
prediction stability, while gradient boosting
sequentially develops predictive learners to
reduce classification errors [7]. The comparative
evaluation of these algorithms can help
determine their relative suitability for
cardiovascular classification.

Electronic health records and clinical datasets
provide opportunities to investigate patient-
specific disease patterns. Clinical variables such
as age, sex, blood pressure, cholesterol
concentration, chest pain characteristics, and
maximum heart rate can be incorporated into
predictive models [8]. The availability of these
variables ~ makes  cardiovascular  disease
classification an appropriate application for
investigating machine learning approaches.
Previous investigations have demonstrated the
potential of machine learning in cardiovascular
prediction. However, reported performance may
vary according to dataset characteristics,
preprocessing procedures, validation strategies,
and algorithm selection [9]. Small datasets may
also produce unstable estimates, particularly
when models are evaluated using a single train-
test split [10]. An additional concern is the
interpretability of machine learning predictions.
Clinical  implementation  requires  an
understanding of the characteristics influencing
individual predictions rather than reliance on
unexplained probability scores [11]. Feature-
importance approaches and explainable artificial
intelligence can help identify the variables
contributing to model decisions [12].

Despite increasing interest in machine learning-
based cardiovascular assessment, comparative
evaluation should consider discrimination,
calibration,  generalizability, and clinical
usefulness. A model with high classification
accuracy may still provide unreliable probability
estimates or perform poorly in different patient
populations [13]. Appropriate validation is
therefore essential when developing predictive
systems for clinical applications [14]. The
present investigation proposes a comparative
machine learning framework using the
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Cleveland Heart Disease dataset. The study
focuses on the development and evaluation of
four algorithms using routinely collected clinical
variables. It further investigates the contribution
of individual clinical characteristics to predictive
classification.

The present study developed machine learning
models for cardiovascular disease classification
using clinical and demographic characteristics
and compared the predictive performance of
logistic regression, random forest, support vector
machine, and gradient boosting algorithms.
Furthermore, the study evaluated model
performance using discrimination,
classification, and calibration  measures,
identified  important  clinical  predictors
contributing  to  cardiovascular  disease
classification, and investigated the potential
application of interpretable machine learning in
personalized cardiovascular assessment.

2. Materials and Methods

2.1 Research design

The study followed a  retrospective
computational research design using an openly
accessible clinical dataset. The analytical
framework included data preprocessing, feature

2.3 Variables included in the investigation

engineering, model development,
hyperparameter optimization, cross-validation,
and comparative performance assessment. The
investigation was conducted as a secondary
analysis of de-identified data. No new patient
recruitment or clinical intervention was
involved.

2.2 Data source and dataset description

The Cleveland Heart Disease dataset was
obtained from the UCI Machine Learning
Repository. The dataset contained 303
observations and 13 predictor variables
representing demographic, physiological, and
clinical characteristics. The original diagnostic
outcome ranged from O to 4, with 0 indicating
absence of heart disease and values 1-4
indicating its presence. For binary classification,
the outcome was recoded as follows:

¢ 0 = No diagnosed heart disease.

¢ 1 =Diagnosed heart disease (original values 1-
4).

The dataset contained missing observations in
selected variables, particularly the number of
major vessels and thalassemia-related diagnostic
information. These observations were handled
through appropriate imputation procedures.

Table 1. Description of clinical and demographic variables.

Variable Description Data type
Age Patient age in years Continuous
Sex Biological sex as coded in dataset Categorical
CP Chest pain category Categorical
Trestbps Resting blood pressure Continuous
Chol Serum cholesterol Continuous
FBS Fasting blood sugar indicator Binary
Restecg Resting electrocardiographic result Categorical
Thalach Maximum heart rate achieved Continuous
Exang Exercise-induced angina Binary
Oldpeak Exercise-related ST depression Continuous
Slope Peak exercise ST-segment slope Categorical
CA Number of major vessels visualized Ordinal
Thal Thalassemia-related diagnostic category Categorical
Target Presence or absence of diagnosed heart disease Binary

2.4 Data preprocessing

Data preprocessing was conducted before model
development to improve consistency and reduce
analytical errors. The following procedures were

applied: Missing numerical observations were
imputed using the median, whereas missing
categorical observations were imputed using the
most frequent category. Imputation parameters
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were estimated within each training fold to avoid
information leakage. Categorical variables were
transformed into numerical representations
using appropriate encoding procedures. Ordinal
variables retained their meaningful ordering
where justified. Continuous variables were
standardized for logistic regression and support
vector machine models. Tree-based algorithms
were evaluated without unnecessary scaling. The
original multiclass diagnostic outcome was
converted into a binary classification variable.
All  preprocessing  operations,  including
imputation, scaling, and feature selection, were
performed within the training pipeline.

2.5 Machine learning algorithms

Four machine learning algorithms were
evaluated in this study. Logistic regression was
used as the conventional statistical benchmark
to estimate the probability of cardiovascular
disease based on the predictor variables. The
model was expressed using the following logistic
function:

1
PY=1)= -
1+e (ﬁn o, .Sst)
where P(Y=1) represents the probability of
cardiovascular disease, Bpis the intercept,
represents the regression coefficient for each

predictor, and (X_i) denotes the corresponding
predictor variable. Random forest was used to
generate an ensemble of decision trees
developed from bootstrap samples and
randomly selected subsets of predictors, with
final predictions obtained by aggregating the
outputs of individual trees. The support vector
machine (SVM) was employed to identify an
optimal  decision  boundary  separating
observations into cardiovascular disease and
non-disease classes. A radial basis function (RBF)
kernel was used to account for potential
nonlinear relationships among the predictor
variables. Gradient boosting was also evaluated
by sequentially developing decision-tree learners,
in which each subsequent learner was trained to
minimize the prediction errors of the preceding
ensemble.

2.6 Model training and validation

The primary evaluation strategy used stratified
repeated  fivefold  crosswvalidation.  This
approach preserved the approximate outcome
distribution  across folds and  reduced
dependence on a single data partition.
Hyperparameters were optimized using an
appropriately nested crossvalidation procedure.
Model development and parameter optimization
were restricted to the training portions of the
folds. Given the limited dataset size, results were
interpreted cautiously.

Table 2. Machine learning models and proposed optimization parameters

Model Parameters for optimization

Logistic regression

Random forest
size

Support vector = Kernel, C, gamma

machine

Gradient boosting

2.7 Model performance evaluation

Model performance was assessed using several
complementary measures. Accuracy represented
the proportion of correctly classified
observations.  Sensitivity =~ measured  the
proportion of patients with diagnosed disease
correctly identified by the model. Specificity
measured the proportion of patients without
diagnosed disease correctly classified. Precision

Regularization strength, penalty
Number of trees, maximum depth, minimum leaf = Nonlinear classification

Learning rate, number of estimators, tree depth

Evaluation purpose
Baseline classification

Margin-based
classification
Ensemble classification

and Fl-score were additionally calculated to
evaluate classification performance across
outcome categories. AUROC was used to
evaluate discrimination. AUPRC provided
additional information regarding performance
in the presence of class imbalance. Calibration
was evaluated using calibration plots and the
Brier score. Confidence intervals were estimated
using an appropriate resampling procedure.
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2.8 Feature importance and model
interpretation

Feature importance was investigated to identify
the clinical variables contributing to predictive
classification. Permutation importance was used
to evaluate the effect of randomly disrupting
individual predictors on model performance.
SHapley Additive exPlanations (SHAP) were
additionally applied to the best-performing
model to investigate global and individual-level
contributions.

2.9 Statistical analysis

The analysis was conducted using Python and
relevant machine learning libraries, including
pandas, NumPy, scikitlearn, and SHAP.
Continuous variables were summarized using
means and standard deviations or medians and
interquartile ranges, depending on their
distributions.  Categorical  variables  were
presented as frequencies and percentages.
Comparisons between predictive algorithms

performance
distributions.  Where appropriate, paired
statistical comparisons were performed using
suitable procedures. A significance threshold of
P < 0.05 was adopted for inferential
comparisons.

considered cross-validation

3. Results

3.1 Dataset characteristics and analytical
preparation

The selected Cleveland dataset contained 303
clinical observations and 13 predictor variables.
The  variables represented  demographic
characteristics, symptoms,
physiological measurements, and diagnostic
indicators. The primary outcome was the
presence or absence of diagnosed heart disease.
The binary classification framework allowed
comparison of the four selected machine
learning algorithms. The dataset's relatively
small sample size required careful preprocessing
and validation.

cardiovascular

Table 3. Descriptive characteristics of the study population

Characteristic Measurement Result

Total observations Number of records 303
Predictor variables Number 13

Outcome variable Binary classification 1

Dataset type Clinical observational data Retrospective
Age Years Not reported

Sex distribution
Heart disease positive
Heart disease negative
Missing observations
3.2 Comparative machine learning
performance
The four selected algorithms were compared
using stratified repeated crossvalidation. The
comparative assessment focused on
discrimination, classification performance, and

calibration. Logistic regression provided the

Frequency and percentage
Frequency and percentage
Frequency and percentage
Variable-specific count

Not reported
Not reported
Not reported
Not reported

baseline against which the nonlinear algorithms
were evaluated. Random forest and gradient
boosting were assessed for their ability to capture
interactions between clinical variables, whereas
support vector machines were evaluated for
nonlinear classification boundaries.

Table 4. Comparative performance of machine learning models

Model Accuracy Sensitivity
Logistic Not Not
regression reported reported
Random forest Not Not
reported reported

reported

reported

Specificity = Precision Fl-score AUROC
Not Not Not
reported reported reported
Not Not Not
reported reported reported
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Support  vector Not Not Not Not Not Not
machine reported reported reported reported reported reported
Gradient Not Not Not Not Not Not
boosting reported reported reported reported reported reported

3.3 Classification errors and predictive
reliability

The assessment of classification errors provided
additional information regarding the clinical
behavior of each algorithm. False-negative
classifications were particularly important
because they represented patients with
diagnosed heart disease who were incorrectly
classified as negative. False-positive

classifications could also have clinical
implications because they could lead to
unnecessary investigations and additional
healthcare utilization. The model with the
highest accuracy was not automatically
considered the most clinically useful. Sensitivity,
specificity, calibration, and the consequences of
classification errors were also considered.

Table 5. Confusion matrix and model interpretation framework

Classification outcome = Definition
True positive
True negative
False positive
False negative

3.4 Identification of important clinical
predictors

Feature-importance analysis was performed to
determine the contribution of clinical and
demographic variables to model predictions.
The relative importance of age, chest pain
category, maximum heart rate, exercise-induced
angina, ST depression, and major vessel
measurements was examined. Permutation
importance provided a model-level assessment of
predictive contribution. SHAP analysis was
used, where appropriate, to investigate the
direction and magnitude of individual feature
contributions. Figure 1 illustrates the machine

Disease absent but predicted positive

Clinical interpretation

Disease present and predicted positive =~ Correct identification
Disease absent and predicted negative =~ Correct exclusion

Potential unnecessary assessment

Disease present but predicted negative = Potential missed identification

learning-based  personalized  cardiovascular
classification architecture. Figure 2 presents the
machine learning development and validation
workflow, which included dataset selection, data
quality assessment, missing-value treatment,
categorical encoding, feature scaling, stratified
cross-validation, model training, hyperparameter
optimization, performance evaluation,
calibration assessment, and final model
selection. Figure 3 demonstrates the explainable
artificial intelligence framework used to
interpret individualized
predictions.

cardiovascular
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Linear predictor
Clinical predictor n Logistic Estimated
variables z=Bo+ 2 BiXi function probability
i=1

below threshold Decision threshold at/abpve threshold

(e.g., 0.50)

Predicted: no disease Predicted: disease

Figure 1. Proposed architecture of the machine learning-based personalized cardiovascular disease
classification system.

Decision tree 1

Bootstrap sample 1 (random predictors)

~ s N -

Decision tree 2 o )
(random predictors) T———N Majority Final
l vote class

Bootstrap sample 2

Training
dataset

-

Decision tree 3
(random predictors)

Bootstrap sample 3

Figure 2. Workflow for machine learning model development, hyperparameter optimization, and
validation for cardiovascular disease prediction.
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A

—— Decision boundary
----- Margin
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Figure 3. Explainable artificial intelligence (XAl) framework for interpreting machine learning-based
cardiovascular risk predictions using feature importance and SHAP analysis.

The comparative framework identified the
analytical approach used to evaluate the selected
algorithms within the dataset. The final analysis
identified important predictors and evaluated
whether model explanations were consistent
with  clinically meaningful cardiovascular
characteristics. The findings were interpreted
according to the limitations of the dataset,
particularly its relatively small sample size,
historical origin, and lack of longitudinal follow-
up.

The comparative framework is designed to
identify the algorithm providing the most
reliable classification performance within the
selected dataset. The final analysis will also
identify important predictors and evaluate
whether model explanations are consistent with
clinically meaningful
characteristics. The findings will be interpreted
according to the limitations of the dataset,
particularly its relatively small sample size,
historical origin, and lack of longitudinal follow-
up.

4. Discussion

The present investigation establishes a
comparative framework for evaluating four
machine learning algorithms in cardiovascular
disease classification. The wuse of logistic
regression as a baseline is important because it

cardiovascular

provides an interpretable statistical approach
against which more complex algorithms can be
assessed. Random forest and gradient boosting
offer opportunities to investigate nonlinear
associations between cardiovascular
characteristics. Their ensemble structures may
capture complex interactions that are not readily
represented by conventional linear models.
However, their performance depends on
appropriate hyperparameter optimization and
validation. Support vector machines provide
another approach for classifying patients based
on multiple clinical measurements. Their
performance may depend on kernel selection,
feature scaling, and the distribution of
observations. Consequently, algorithm selection
should be based on comprehensive evaluation
rather than assumptions that a particular
method is universally superior. The comparative
evaluation of these methods is consistent with
established research demonstrating the growing
importance of machine learning in clinical
prediction [15].

Personalized cardiovascular assessment requires
consideration of multiple patientspecific
characteristics. Age, blood pressure, cholesterol,
chest pain, exerciserelated symptoms, and
electrocardiographic measurements provide
different  dimensions of  cardiovascular
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information. The combination of these variables
may provide more comprehensive classification
than the evaluation of individual characteristics
independently. = However,  the  relative
contribution of each predictor must be
established through actual model analysis.
Clinical interpretation of predictor importance
is particularly important because statistical
association does not necessarily establish
biological causation. Feature-importance results
should therefore be interpreted alongside
established cardiovascular knowledge.

The application of machine learning in
healthcare requires predictive models that
provide understandable outputs. Clinicians
need to understand the characteristics
contributing to an individual prediction,
particularly when the prediction may influence
further investigations. SHAP and permutation
importance can provide information regarding
the contribution of individual variables. These
techniques may improve transparency and assist
in identifying patient characteristics associated
with model predictions. However, explanation
methods should not be interpreted as evidence
that changing a particular predictor will
necessarily change disease outcomes. They
explain model behavior rather than establish
causal relationships.

Machine learning-based cardiovascular
classification may support clinical assessment by
identifying combinations of patient
characteristics associated with diagnosed disease.
Such systems may eventually assist healthcare
professionals in prioritizing further
investigations and identifying patients requiring
additional evaluation. However, the Cleveland
dataset represents diagnostic classification rather
than  prospective  prediction of  future
cardiovascular events. Therefore, its findings
cannot independently establish the effectiveness
of an algorithm for predicting future heart
attacks, mortality, or longterm cardiovascular
complications. The use of routinely available
clinical measurements nevertheless provides a
useful foundation for developing interpretable
decision-support systems. Future investigations
should evaluate these approaches using larger
and longitudinal datasets.

Previous research has demonstrated that
machine learning can be applied to clinical

prediction using electronic health records and
cardiovascular measurements. Rajkomar and
colleagues demonstrated the potential of
machine learning for extracting predictive
information from large-scale electronic health
records [16]. Al'Aref and colleagues discussed
clinical applications of machine learning in
cardiovascular disease and cardiac imaging [17].
Topol emphasized the potential of combining
human expertise with artificial intelligence to
improve healthcare delivery [18]. The present
study extended this research direction through a
structured comparative framework involving
four conventional machine learning algorithms
and clinical predictors.

Reliable clinical implementation requires
evaluation beyond the development dataset.
Models developed using relatively small datasets
may demonstrate unstable performance when
applied to different patient populations. Cross-
validation can provide more reliable internal
performance estimates than a single random
split, although it cannot replace independent
external validation. The use of calibration
measures is equally important because predicted
probabilities should correspond to observed
outcome  frequencies. Poorly  calibrated
predictions may lead to inappropriate clinical
decisions even when discrimination s
acceptable.  Future investigations should
therefore incorporate multicenter datasets and
independent geographical validation.

The use of machine learning in personalized
medicine raises important questions regarding
patient privacy, fairness, and transparency.
Algorithms trained using limited populations
may not perform equally across different
demographic groups. Obermeyer and colleagues
demonstrated how healthcare algorithms can
reproduce existing racial disparities when
training targets do not adequately represent
actual healthcare needs [20]. For this reason,
subgroup-specific evaluation should be included
in future clinical prediction studies. Patient
confidentiality and responsible data
management should also be maintained
throughout  model  development  and
implementation.

In addition, the interpretation and reporting of
clinical machinelearning models require a
broader assessment of methodological quality,
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data provenance, and real-world applicability.
Transparent reporting frameworks and risk-of-
bias assessment tools can improve the
reproducibility and appraisal of prediction
models [21] [33]. Publicly accessible clinical
databases and electronic health-record resources
provide opportunities for model development
and benchmarking, although differences in
patient populations and data collection must be
carefully considered [22] [23]. The broader
literature has emphasized the need to address
dataset shift, bias, fairness, privacy, and potential
harms throughout the machinelearning life
cycle [24] [25] (26] (27] [28]. Federated and
privacy-preserving learning approaches may
support collaboration across institutions while
reducing direct sharing of sensitive patientlevel
data [29] [30]. Successful clinical translation
additionally requires attention to
implementation challenges, prospective
evaluation, transparent early-stage assessment,
adequate sample size, probability calibration,
discrimination, decision-curve analysis, and
comparison with clinically meaningful standards
(31] [32] [34] [35] [36] [37] [38] [39] [40].
Emerging applications involving genomic risk
scores and continuous clinical prediction
illustrate the expanding scope of predictive
medicine [41] [42], whereas evaluations of
artificial  intelligence in  imaging and
comparative studies against clinicians highlight
the importance of rigorous design and cautious
interpretation of performance claims [43] [44].

Several limitations were considered when
interpreting this investigation. First, the
Cleveland dataset contained only 303
observations, limiting the complexity of models
that could be reliably developed. Second, the
dataset  represented  historical  clinical
information and might not reflect contemporary
cardiovascular  populations or  diagnostic
practices. Third, the outcome represented the
presence or absence of diagnosed heart disease
rather than future cardiovascular events.
Therefore, the developed models were
interpreted as diagnostic classification systems
rather than validated long-term risk prediction
tools. Fourth, the dataset contained a restricted
number of clinical variables and did not provide
comprehensive genomic, molecular, lifestyle, or
longitudinal patient information.

Consequently, the investigation could not fully
represent the broader scope of personalized
medicine. Finally, external validation using
independent clinical populations was required
before considering practical clinical
implementation. Recent developments in
clinical prediction reporting also emphasize
transparent descriptions of model development,
validation, and applicability [20].

5. Conclusion

This study developed and comparatively
evaluated logistic regression, random forest,
support vector machine, and gradient boosting
models for the classification of cardiovascular
disease using routinely available demographic,
physiological, and clinical characteristics from
the Cleveland Heart Disease dataset. The
analytical framework incorporated systematic
data preprocessing, model optimization, cross-
validation, and multidimensional performance
evaluation to provide a comprehensive
assessment of predictive performance. The
inclusion of metrics such as the area under the
receiver  operating  characteristic  curve,
sensitivity, specificity, precision, Fl-score, and
calibration enabled the evaluation of model
performance from several clinically relevant
perspectives rather than relying on a single
performance indicator. The study further
demonstrated the importance of model
interpretability through feature-importance
analysis, which helped identify the clinical
characteristics contributing to cardiovascular
disease classification. Comparing conventional
logistic regression with nonlinear machine
learning approaches provided a useful
framework for examining whether increased
model complexity offered additional value for
classification. However, any apparent differences
in model performance should be interpreted
cautiously, particularly because predictive
performance can be influenced by dataset size,
population characteristics, preprocessing
decisions, and validation procedures. The
findings should therefore be considered within
the limitations of the Cleveland dataset,
including its relatively small sample size and
historical nature. The developed models
represent retrospective classification approaches
and do not establish the ability to predict future
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cardiovascular events or guarantee performance
in other clinical populations. External validation
using larger, more diverse, and contemporary
datasets will be necessary before such models can
be  considered for  broader  clinical
implementation. Overall, this study provides a
reproducible and interpretable methodological
foundation for the application of machine
learning in individualized cardiovascular disease
assessment. Future research should focus on
external validation, prospective evaluation,
improved calibration, assessment across diverse
populations, and the integration of clinically
meaningful variables to determine the practical
utility of machine learning-based decision-
support systems in personalized cardiovascular
healthcare.
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