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Heart disease affects millions of people worldwide and remains one of the leading causes of mortality.
Early detection is critical to reducing associated risks, and machine learning has emerged as an effec-
tive tool for supporting clinical decision-making. Machine learning techniques enable systems to analyze
large volumes of data, identify complex patterns, and generate accurate predictions, making them par-
ticularly valuable in healthcare applications. This study presents a comparative performance analysis of
ten machine learning algorithms, namely XGBoost, LightGBM, CatBoost, Random Forest, Support Vector
Machine (SVM), Regression by Discretization, M5P, lazy.KStar, DecisionTable, and M5Rules, for heart
disease classification using both Python-based implementation and the Weka platform. The experiments
were conducted on the UCI Heart Disease dataset consisting of 918 patient records with clinical attributes
such as age, chest pain type, cholesterol level, resting electrocardiogram results, exercise-induced angina,
and maximum heart rate. Prior to model training, categorical attributes were encoded and transformed
using binary and one-hot encoding techniques. The dataset was evaluated using a stratified 10-fold cross-
validation strategy to ensure class balance across folds and to prevent overfitting. Models were trained
on nine folds and tested on the remaining fold iteratively, and performance was measured using out-of-
fold predictions. Evaluation metrics included Precision, Recall, F1-Score, and ROC-AUC to provide a
comprehensive assessment of classification performance. The experimental results indicate that KStar,
Regression by Discretization, and SVM with RBF kernel are the top-performing models. KStar achieved
perfect performance, with precision, recall, F1-score, and ROC-AUC values of 1.000, demonstrating flaw-
less classification on the dataset. Regression by Discretization followed with a precision of 0.922, recall of
0.959, Fl-score of 0.940, and ROC-AUC of 0.957, indicating excellent sensitivity and predictive reliability.
Among modern machine learning models, SVM with RBF kernel performed best, achieving a precision of
0.895, recall of 0.922, Fl-score of 0.908, and ROC-AUC of 0.935, reflecting a well-balanced and robust
classification capability. Overall, the findings reveal that instance-based and discretization-based learning
approaches outperform several advanced ensemble models for the given dataset, while SVM-RBF remains
the strongest contemporary classifier. This study highlights the importance of model selection in health-
care analytics and provides valuable insights for developing effective machine learning-based diagnostic
systems.

Povzetek: Studija primerja deset metod strojnega ucenja za napovedovanje srénih bolezni, pri cemer so se
najbolje odrezali KStar, Regression by Discretization in SVM z jedrom RBF.

1 Introduction

Cardiovascular diseases (CVDs) [7] are the leading cause of
death worldwide, accounting for approximately 17.9 mil-
lion deaths each year, which represents 31% of all global
fatalities. The majority of these deaths result from heart
attacks and strokes, with a significant number occurring
prematurely in individuals under the age of 70. Heart fail-
ure, often a consequence of underlying cardiovascular con-
ditions, underscores the urgent need for early diagnosis
and intervention to reduce mortality and enhance patient
outcomes. In this context, machine learning models can
play a critical role by identifying potential heart disease

cases based on key patient attributes. Heart diseases can
be classified into several types, each with its own char-
acteristics and progression stages. The major types in-
clude Coronary Artery Disease (CAD), Heart Failure (also
known as Congestive Heart Failure or CHF), Arrhythmias
(irregular heart rhythms), Valvular Heart Disease (affect-
ing the heart valves), Congenital Heart Disease (present
from birth), Cardiomyopathy (disease of the heart mus-
cle), and Pericardial Disease (inflammation of the heart
lining). Each of these types can have varying severity or
stages. For example, Heart Failure is staged from A to
D, where Stage A represents a high risk of failure with-
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out symptoms, and Stage D indicates advanced disease re-
quiring specialized interventions. In recent years, machine
learning (ML) has emerged as a transformative technology
across various disciplines due to its capacity to process vast
amounts of data, uncover hidden patterns, and deliver ac-
curate predictions. Its integration into sectors such as fi-
nance, e-commerce, cybersecurity, and especially health-
care has revolutionized traditional practices by introducing
data-driven, automated, and intelligent systems. The ap-
plication of ML in medical diagnostics enables early de-
tection of diseases, identification of high-risk individuals,
and personalization of treatment plans. Specifically, in
the context of cardiovascular diseases (CVDs), ML mod-
els have been instrumental in analyzing patient data [1,
2], such as vital signs, lifestyle habits, genetic predisposi-
tions, and historical health records to predict the onset or
progression of heart- related conditions. Leveraging algo-
rithms like decision trees, support vector machines, neural
networks, and ensemble methods, researchers have been
able to build predictive models with high sensitivity and
specificity. By processing parameters such as age, blood
pressure, cholesterol levels, ECG readings, and exercise-
induced symptoms, these models assist in recognizing pat-
terns that may not be apparent through traditional diagnos-
tic methods. This predictive capability not only enhances
early diagnosis but also helps clinicians prioritize patients
who require urgent intervention. In addition, ML[10,14]
can support long-term monitoring and follow-up, contribut-
ing to preventive cardiology and chronic disease manage-
ment. This paper aims to analyze and compare the per-
formance of multiple machine learning models[9] for the
classification of heart disease. These models are assessed
using multiple performance metrics, including Precision,
Recall, Fl-score, and ROC-AUC. In this study, the fol-
lowing machine learning algorithms were used for the pre-
diction of heart disease, each using a distinct classification
methodology: XGBoost[38] is a gradient boosting frame-
work that builds an ensemble of decision trees sequentially,
where each new tree corrects the errors made by previ-
ous trees. It employs second-order optimization, regular-
ization techniques, and efficient handling of sparse data to
enhance both accuracy and generalization. This model is
particularly effective in learning complex non-linear rela-
tionships and reducing overfitting through shrinkage and
column subsampling. LightGBM[46] is a gradient boost-
ing algorithm designed for high efficiency and scalabil-
ity. It utilizes a histogram-based learning approach and
a leaf-wise tree growth strategy, allowing faster training
and reduced memory usage while maintaining competitive
predictive performance. This method is well suited for
large datasets with high-dimensional feature spaces. Cat-
Boost[40] is a gradient boosting algorithm that is specif-
ically optimized for handling categorical features. It ap-
plies ordered boosting and target-based encoding to mini-
mize prediction shift and overfitting. By efficiently captur-
ing feature interactions, CatBoost delivers stable and reli-
able performance, particularly in datasets containing mixed
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data types. Random Forest[42] is an ensemble learning
method that constructs multiple decision trees using boot-
strap sampling and random feature selection. The final pre-
diction is obtained through aggregation of individual tree
outputs, which improves robustness and reduces variance.
This approach is effective in handling noisy data and com-
plex feature interactions while maintaining good general-
ization capability. Support Vector Machine with RBF ker-
nel[44] is a powerful supervised learning algorithm that
maps input data into a high-dimensional feature space us-
ing a radial basis function kernel. It constructs an optimal
separating hyperplane by maximizing the margin between
classes, making it highly effective for non-linear classifica-
tion problems. The kernel-based formulation enables SVM
to capture complex decision boundaries with strong theo-
retical guarantees. RegressionByDiscretization[30] trans-
forms the numeric target variable into discrete classes be-
fore applying a classification algorithm. Once classifica-
tion is completed, the predicted class labels are converted
back into numerical values. This approach leverages clas-
sification strengths for regression tasks, particularly when
the relationship between features and output is complex.
M5P[31] constructs model trees, which are decision trees
with linear regression functions at the leaf nodes. This hy-
brid method provides the interpretability of decision trees
along with the precision of linear regression. It dynam-
ically splits data based on features and fits a local linear
model in each region. Lazy.KStar[27] is an instance-based
learner that classifies or predicts outcomes based on simi-
larity to known instances using an entropy-based distance
measure. It is particularly robust in handling noise and
missing values. Since it is a lazy learner, it defers process-
ing until prediction time. DecisionTable[24] constructs a
decision table by selecting a relevant subset of attributes
and mapping combinations of their values to target out-
comes. This method provides a simple and interpretable
rule-based model. M5Rules[19] generates a set of regres-
sion rules derived from model trees, breaking them into a
series of if-then rules. This method maintains a balance be-
tween model accuracy and interpretability.

The primary objective of this research is to determine the
most effective machine learning model for classifying heart
disease[5] based on the given dataset. The findings of this
study provide insights into model selection and contribute
to the broader effort of improving predictive accuracy in
medical diagnoses. This paper is organized to guide read-
ers through the study in a clear and logical manner. Sec-
tion 2 explores previous research in the field, while Section
3 describes the dataset and its preparation. Section 4 ex-
plains the methodology, detailing the classification models
used in Weka and how their performance was evaluated.
Section 5 presents the results, highlighting how well each
model performed. Finally, Section 6 concludes the study
by summarizing key findings and suggesting directions for
future research. This structure helps readers easily follow
the analysis and understand the outcomes.



Comparison and Evaluation of Classification Techniques...

2 Motivational works

In recent times, researchers across the world have increas-
ingly focused on leveraging machine learning techniques to
enhance the prediction and diagnosis of heart disease. With
the rise of data-driven approaches, machine learning mod-
els have proven effective in analyzing large datasets and
uncovering patterns that aid in early detection and decision-
making. Various classification algorithms have been ex-
plored to improve the accuracy and reliability of heart dis-
ease prediction models. This section highlights significant
contributions in this field, providing an overview of pre-
vious research efforts and their findings, which serve as a
basis for the current study.

Traditional classification methods were compared with
machine learning techniques (bagging, boosting, random
forests, SVM) to classify heart failure (HF) subtypes—
HFPEF and HFrEF. Tree-based ML methods showed better
classification accuracy, while logistic regression was best
for predicting HFPEF probability. [33]

Multiple machine learning algorithms, such as k-NN,
SVM, Naive Bayes, Adaboost, Random Forest, and
ANN— are compared on a binary-labeled heart disease
dataset to identify the most effective models using per-
formance metrics like accuracy, precision, recall, and F1-
score. Artificial Neural Networks and Support Vector Ma-
chines emerged as the top-performing models, though clin-
ical application requires expert validation. [34]

Data preprocessing techniques are applied to improve
heart disease classification using data mining and machine
learning methods. Empirical studies published between
2000 and 2019 were systematically reviewed to identify
commonly used preprocessing tasks and their impact on
classifier performance. Challenges such as missing val-
ues, noise, high dimensionality, and class imbalance are
addressed through data cleaning and reduction techniques.
Results show that preprocessing generally enhances or sta-
bilizes classification accuracy in cardiac diagnosis systems.
Feature selection and dimensionality reduction were found
to be the most effective preprocessing steps. Classifier—
preprocessing combinations such as ANN with PCA or CHI
and SVM with PCA achieved higher accuracy rates. These
approaches are primarily considered for clinical decision
support systems, though limited interpretability restricts di-
rect real-world deployment. [36]

Comparing the performance of two widely used machine
learning platforms, MATLAB and WEKA, for heart dis-
ease classification using the same dataset. Multiple clas-
sification algorithms, including different variants of Sup-
port Vector Machines, Decision Trees, and ensemble-based
discriminant models, are implemented in both environ-
ments. The study evaluates how platform-specific imple-
mentations influence classification accuracy and perfor-
mance consistency. Experimental results demonstrate that
SVM-based models generally outperform traditional deci-
sion tree approaches in both platforms. Differences in re-
sults highlight the impact of algorithm configuration and
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tool-specific optimizations. The work provides practical
insights into selecting suitable platforms and classifiers for
heart disease prediction tasks. These findings are applica-
ble to the development of efficient computer-aided diagnos-
tic systems in cardiology. [37]

Multiple machine learning classification algorithms were
evaluated for heart disease prognosis using benchmark
datasets obtained from Kaggle and the UCI Machine Learn-
ing Repository. The aim was to analyze how different mod-
els perform across datasets with varying characteristics, in-
cluding feature distributions, sample size, and class bal-
ance. A comprehensive evaluation framework was adopted
using performance metrics such as Mean Absolute Error
(MAE), Relative Absolute Error (RAE), precision, recall,
F-measure, and overall classification accuracy to assess
predictive performance and error sensitivity. Experimen-
tal results showed that Support Vector Machine (SVM)
achieved the highest accuracy of 83.49]% on the UCI
dataset, demonstrating strong generalization capability for
structured clinical data, while the Simple Cart (SC) decision
tree model outperformed other classifiers on the Kaggle
dataset with an accuracy of 98.44%. These results highlight
the influence of dataset characteristics on classifier effec-
tiveness and emphasize the importance of dataset-specific
model selection in heart disease prognosis systems. [13]
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Table 1: Summary of literature works on heart disease classification

Authors Name

Field of Research

Methodology

Khemphila et al.[3]

Heart Disease Classi-
fication

Multi-Layer Perceptron (MLP) with Back-Propagation learning and In-
formation Gain for feature selection

Deckshatulu et al.[4]

Heart Disease Classi-
fication

K-Nearest Neighbor (KNN) combined with Genetic Algorithm

Shao et al.[6]

Heart Disease Classi-
fication

Hybrid modeling scheme combining Logistic Regression (LR), Mul-
tivariate Adaptive Regression Splines (MARS), Artificial Neural Net-
work (ANN), and Rough Set (RS) techniques

Lietal.[8]

Heart Disease Classi-
fication

Feature selection using various algorithms (Relief, nRMR, LASSO, and
FCMIM) combined with machine learning classifiers like SVM, LR,
ANN, KNN, Naive Bayes, and Decision Tree

KMM Uddin et
al.[11]

Heart Disease Classi-
fication

Comparison of six data mining tools (Orange, Weka, RapidMiner, Kn-
ime, Matlab, Scikit-Learn) using six machine learning techniques (LR,
SVM, KNN, ANN, Naive Bayes, and Random Forest)

Masethe et al.[13] Heart Disease Pre- | Classification algorithms such as J48, Naive Bayes, REPTREE, CART,
diction and Bayes Net for predicting heart attacks
Austin, Peter C., et | Heart Disease Pre- | Traditional and machine learning classification models were applied to
al.[33] diction a heart failure dataset to compare their performance in subtype classifi-
cation and probability prediction.
Acharya et al.[34] Heart Disease Pre- | Various ML algorithms were applied to a preprocessed UCI heart disease
diction dataset and evaluated using multiple performance metrics after feature
selection and optimization techniques.
Mohan et al.[35] Heart Disease Pre- | Different feature combinations and classification algorithms were ap-

diction

plied to develop a hybrid model (HRFLM) that improves prediction ac-
curacy for heart disease.

Benhar et al.[36]

Heart Disease Clas-
sification / Data Pre-
processing

Systematic literature review analyzing data preprocessing tasks such as
data cleaning, data reduction, feature selection (PCA, CHI), and imbal-
ance handling used with machine learning classifiers in cardiology

Ekiz et al.[37]

Heart Disease Clas-
sification / Machine
Learning Compari-
son

Comparative experimental analysis using MATLAB and WEKA plat-
forms with classification algorithms including Linear, Quadratic, Cubic,
and Gaussian SVM, Decision Tree, and Ensemble Subspace Discrimi-
nant models
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A Multi-Layer Perceptron (MLP) is used with a Back-
Propagation learning algorithm and applied Information
Gain to reduce attributes from 13 to 8 for heart disease clas-
sification. The reduced feature set resulted in a minor accu-
racy decrease of 1.1% in the training dataset and 0.82% in
the validation dataset, making the diagnosis process more
efficient.[3]

K-Nearest Neighbor (KNN) classification technique is
used with feature subset selection to diagnose heart disease,
focusing on the Andhra Pradesh population. Feature sub-
set selection was used to remove redundant and irrelevant
attributes from high-volume medical data, improving clas-
sification accuracy. The experimental results demonstrated
that applying feature subset selection to KNN enhanced the
accuracy of heart disease diagnosis, while also reducing the
number of clinical tests required for patients. [4]

A hybrid intelligent modeling scheme is proposed to
classify heart disease by combining logistic regression
(LR), multivariate adaptive regression splines (MARS), ar-
tificial neural networks (ANN), and rough set (RS) tech-
niques. In the first stage, LR, MARS, and RS were used
to reduce the number of explanatory variables, and the re-
maining variables were then used as inputs for the ANN
in the second stage. The results demonstrated that the pro-
posed hybrid models effectively classified heart disease and
outperformed the traditional single-stage ANN method.[6]

A heart disease diagnosis system is developed using arti-
ficial neural networks (ANN), feature selection (FS) meth-
ods, and multiple-criteria decision-making (MCDM) tech-
niques. PSO optimized hyperparameters, and an extended
ELECTRE III method assessed fifteen alternatives. The
results showed that LASSO-CNN, AdaBoost-CNN, and
AdaBoost-MLP achieved the highest accuracies 0f 99.51%,
98.54%, and 98.54%, respectively. [8]

Ten ML classifiers were trained on the Cleveland heart
dataset using full and optimal attribute sets. SMO achieved
85.148% accuracy with the full set and 86.468% with the
chi-squared attribute set, while bagging with logistic re-
gression gave the highest ROC area of 0.91. Tuning ‘k’
in the IBk classifier to 9 improved accuracy by 8.25%. [11]

A heart disease prediction model using a hybrid Random
Forest with Linear Model (HRFLM) is proposed, achieving
88.7% accuracy. It improves prediction by selecting key
features and combining multiple ML techniques. [35]

3 Dataset

This dataset[20] has been taken from kaggle which includes
11 key features that can be used to predict the likelihood of
heart disease.

3.1 Attribute information

The dataset consists of 918 observations derived from mul-
tiple sources. The following attributes are included:
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Figure 1: Visual Representation of classification techniques
applied using Weka

Table 2: Heart disease dataset

Age Sex |Chest Pain | Resting | Cholester - | Fasting
Type BP ol BS
40 M ATA 140 289 0
49 F NAP 160 180 0
37 M ATA 130 283 0
48 F ASY 138 214 0
54 M NAP 150 195 0
39 M NAP 120 339 0
45 F ATA 130 237 0
54 M ATA 110 208 0
37 M ASY 140 207 0
48 F ATA 120 284 0
37 F NAP 130 211 0
58 M ATA 136 164 0
39 M ATA 120 204 0
49 M ASY 140 234 0
42 F NAP 115 211 0
54 F ATA 120 273 0
38 M ASY 110 196 0
43 F ATA 120 201 0
60 M ASY 100 248 0

— Age: reflects the patient’s age in years; advancing age
is a known risk factor for heart disease.
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Table 3: Continuing the table 2

Resting | Max | Exercise | Oldpeak |ST Slope | Heart
ECG |HR |Angina Disease
Normal | 172 [N 0.0 Up 0
Normal | 156 [N 1.0 Flat 1
ST 98 N 0.0 Up 0
Normal | 108 |Y 1.5 Flat 1
Normal | 122 N 0.0 Up 0
Normal | 170 [N 0.0 Up 0
Normal | 170 |N 0.0 Up 0
Normal | 142 N 0.0 Up 0
Normal | 130 |Y 1.5 Flat 1
Normal | 120 [N 0.0 Up 0
Normal | 142 [N 0.0 Up 0
ST 99 Y 2.0 Flat 1
Normal | 145 [N 0.0 Up 0
Normal | 140 |Y 1.0 Flat 1
ST 137 |N 0.0 Up 0
Normal | 150 [N 1.5 Flat 0
Normal | 166 |N 0.0 Flat 1
Normal | 165 N 0.0 Up 0
Normal | 125 N 1.0 Flat 1

— Sex: (M/F) helps in understanding gender-based vul-
nerability, as males generally have a higher risk of de-
veloping heart disease compared to females.

— ChestPainType: Indicating varying degrees of cardiac
discomfort, with TA and ASY being strong indicators
of underlying heart problems. Types of chest pain:

— TA: Typical Angina
— ATA: Atypical Angina
NAP: Non-Anginal Pain

— ASY: Asymptomatic

— RestingBP: represents resting blood pressure (in mm
Hg); elevated blood pressure is directly linked to heart
strain and increased disease risk.

— Cholesterol: measures serum cholesterol levels (in
mg/dl), where higher levels suggest an increased risk
of atherosclerosis.

— FastingBS: Fasting blood sugar (1 if FastingBS > 120
mg/dl, 0 otherwise).

— RestingECG: Denotes the results of the resting elec-
trocardiogram:
— Normal: Normal

— ST: ST-T wave abnormality (T wave inversions
and/or ST elevation or depression of > 0.05 mV)

— LVH: Left ventricular hypertrophy (based on
Estes’ criteria)
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— MaxHR: Maximum heart rate achieved (numeric
value between 60 and 202).

— ExerciseAngina: (Y/N) shows whether the patient ex-
perienced angina induced by physical activity, which
may reflect impaired blood flow to the heart.

— Oldpeak: measures ST depression induced by exer-
cise, a numerical value indicating ischemia or insuffi-
cient blood flow.

— ST Slope: Slope of the peak exercise ST segment:

— Up: Upsloping
— Flat: Flat

— Down: Downsloping

— HeartDisease: Target variable (1 - Heart Disease, 0 -
Normal).

Age and Sex served as foundational demographic an-
chors. Older patients carry a statistically higher baseline
risk because arterial stiffness, plaque accumulation, and left
ventricular changes accumulate over decades — so age ef-
fectively set the prior probability of disease before any test
result was considered. Sex further refined this prior: males
generally showed higher vulnerability, which the models
learned as a systematic pattern across training cases. Rest-
ingBP and Cholesterol then added quantitative physiologi-
cal evidence. Elevated resting blood pressure signals sus-
tained cardiac workload and vascular stress, while high
serum cholesterol is a direct precursor to atherosclerosis
— both features shifted the model’s prediction toward dis-
ease (1) when thresholds were crossed. FastingBS con-
tributed additional metabolic context, since hyperglycemia
is strongly associated with diabetic cardiomyopathy and ac-
celerated coronary artery disease. Together, these demo-
graphic and lab-based features allowed the models to strat-
ify patients even before any exercise or ECG data was in-
troduced, forming the first layer of risk assessment in the
classification pipeline.

ChestPainType introduced direct symptomatic evidence.
Typical Angina (TA) and Asymptomatic presentation
(ASY) were the most diagnostically powerful categories
— TA because it reflects classic ischemic patterns, and
ASY paradoxically because silent ischemia often masks se-
vere underlying disease, making it a high-risk flag rather
than a reassuring one. RestingECG results, particularly
ST-T wave abnormalities and Left Ventricular Hypertrophy
(LVH), provided non-invasive electrical evidence of struc-
tural cardiac changes that models used to strongly weight
the positive class. ExerciseAngina, Oldpeak (ST depres-
sion under stress), and ST Slope completed the picture by
revealing how the heart behaves under physiological de-
mand — the very circumstance where coronary artery dis-
ease becomes most apparent. A flat or downsloping ST
segment with exercise-induced angina and significant Old-
peak values formed a high-specificity pattern that models
like KStar and SVM-RBF detected through their non-linear
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distance and kernel functions. MaxHR also contributed
inversely — a blunted heart rate response to exercise can
indicate chronotropic incompetence, another marker of is-
chemic heart disease. In sum, these stress and ECG features
allowed the classifier to simulate, computationally, what a
cardiologist does when interpreting a stress test: looking
for the convergence of electrical, symptomatic, and hemo-
dynamic signals that together confirm or rule out significant
coronary artery disease.

Together, these attributes form a comprehensive dataset
that captures both clinical and physiological indicators, en-
abling robust analysis and accurate classification of heart
disease risk using machine learning models.

3.2 Dataset sources

The dataset is created by combining five independent heart
disease datasets, forming the largest publicly available
dataset for heart disease research. The five datasets used
for its curation are:

Cleveland: 303 observations

Hungarian: 294 observations

— Switzerland: 123 observations

Long Beach VA: 200 observations

Stalog (Heart) Data Set: 270 observations

Final dataset size: The dataset used in this study com-
prises 918 patient records and includes 11 input attributes
and 1 target variable.

4 Methodology

This study follows a supervised machine learning approach
for heart disease classification using structured clinical
data. The overall methodology consists of data prepro-
cessing, model training, cross-validation-based testing, and
performance evaluation. A comparative framework was
designed to assess both traditional machine learning algo-
rithms available in the Weka[12,28,29] platform and mod-
ern ensemble learning models implemented in Python.

The experiments were conducted using the UCI Heart
Disease dataset containing 918 patient records with multi-
ple clinical attributes, including demographic information,
electrocardiographic measurements, and exercise-related
indicators. Before model training, categorical attributes
were transformed into numerical representations using bi-
nary encoding and one-hot encoding techniques to ensure
compatibility with machine learning algorithms.

To obtain reliable and unbiased performance estimates,
stratified 10-fold cross-validation was employed. In this
approach, the dataset was divided into ten equal subsets
while preserving the class distribution. During each itera-
tion, nine subsets were used for training and the remaining
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subset was used for testing. This process was repeated un-
til every subset had served as the test set once. The final
predictions were obtained using out-of-fold evaluation, en-
suring that each sample was evaluated only on unseen data.

4.1 Techniques of models used for dataset
classification

This study employs multiple machine learning techniques
to classify the dataset effectively.

4.1.1 Regression by discretization (RBD)

Regression by Discretization (RBD) is a technique used
in machine learning where a regression problem is trans-
formed into a classification problem by discretizing the
continuous target variable into bins. After classification,
the predictions are mapped back to continuous values.[15]

Methodology for regression by discretization (RBD)
Discretization of Target Variable: The continuous target
variable y is divided into discrete intervals (bins). Various
discretization techniques can be used, such as:

— Equal-width binning
— Equal-frequency binning
— Entropy-based discretization

Formula for Equal-width Binning: If we have m bins,
each bin width is given by:
W max(y) — min(y) )

m

where w is the bin width.
The bin index B(y) for a given y is:

B(y) = Lymm(y)J %)

w

Classification Model Training: The transformed categor-
ical labels (bins) are used to train a classification model.
Any classification algorithm can be used, such as:

Decision Trees

Random Forests

Naive Bayes

Support Vector Machines (SVM)
Prediction of Class Labels:

— The trained classification model predicts the bin label
for a new input X.

— The class probabilities may also be obtained.

Mapping Back to Continuous Values: The predicted bin
is mapped back to a continuous value. This can be done by
using:



8 Informatica 50 (2026) 1-24

— Bin midpoint:

bin_start + bin end
Ypred = — 2 — (3)

— Weighted averaging of neighboring bins based on clas-
sification probabilities.

Formulas used Entropy-based Discretization (for Infor-
mation Gain):

IG(S, A)

S,
-y = | 5| (4)

veV
where:
— H(S) is the entropy of dataset S,

— S, is the subset for each possible value v of attribute
A,

— IG(S, A) is the information gain.

Weighted Average for Continuous Prediction:

m

Ypred = Z Py (5)
=1

where:
— P, is the probability of bin ¢ predicted by the classifier,

— y; is the representative value of bin 4.

4.1.2 MS5P model in Weka: methodology,
implementation & explanation

MS5P (M5 Prime) is a hybrid model that combines a decision
tree with linear regression for predictive modeling. It is par-
ticularly useful for regression tasks where the relationship
between variables is piecewise linear.[16]

Methodology of MSP model
steps:
Step 1: Decision Tree Induction

MS5P works in two major

— Similar to a Regression Tree, MSP starts by recur-
sively partitioning the feature space using decision
nodes.

— Splitting criteria are based on minimizing variance in-
stead of entropy or information gain as used in classi-
fication trees.

Splitting Criterion Formula (Variance Reduction):
N N,
2 _ 2 L 2 R 2o
ACT —Jp <N L+W R> (6)
where:

— 07 = Variance of parent node
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— 0%, 0% = Variance of left and right child nodes

- N? NL; NR
right nodes

= Number of instances in parent, left, and

The split is chosen where Ac? is maximized.
Step 2: Linear Regression at the Leaf Nodes

— Instead of returning a simple mean value at each leaf
node (like a traditional regression tree), MSP fits a lin-
ear regression model at each leaf.

— This improves accuracy by capturing linear relation-
ships within each partitioned region.

Linear Regression Formula at a Leaf Node: If the fea-
tures are x1, o, ..., T,, the regression function at a leaf

node is:
Y = wo + wiT1 + waTo + -+ + WyThy (7

where:
- wg, w1, ...,w, are the regression coefficients, esti-

mated using least squares regression.

Pruning and smoothing in M5P  Pruning: M5P reduces
overfitting by removing unnecessary branches based on ex-
pected error reduction.

Smoothing: A smoothing step adjusts predictions by
combining the leaf node’s linear model with its parent
node’s prediction to avoid abrupt changes.

Smoothing Formula:

Yfinal = AYtincar T (1 — A)Ytree (®)
where:
— Ylinear = Prediction from the linear model
— Yuee = Prediction from the decision tree

— A = Smoothing parameter (adjusts between tree and
linear predictions)

4.1.3 Lazy.KStar (K*) algorithm in Weka

Lazy.KStar (K*) is an instance-based learning algorithm
used in Weka, which is a variation of the k-nearest neigh-
bors (k-NN) model. However, instead of using Euclidean
distance, K* applies an entropy-based distance function,
making it more robust in handling noisy data and different
feature distributions.[23]

Understanding Lazy.KStar

— Itis alazy learner, meaning it stores training instances
and only performs calculations when making predic-
tions.

— Instead of averaging nearby instances like k-NN, K*
applies probability-based distance calculations.
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Key concepts in KStar b.1 Entropic Distance Function
Instead of using Euclidean distance (as in k-NN), K* cal-
culates the probability of transforming one instance into an-
other through random processes.

Transformation Probability Formula:

n

P(x|y) =[] Pl ) ©)

i=1
where:

— P(x | y) = Probability of transforming instance x into
Y.

— P(z; | y;) = Probability of transforming feature x;

into y;.

The algorithm finds the most probable path that converts
one instance to another.

b.2 Similarity Measure The similarity between two in-
stances is determined using the transformation probability.

— A lower transformation cost implies more similar in-
stances.
Steps in KStar algorithm Training Phase
— Stores all training instances.
— No actual model training is performed (lazy learning).
Prediction Phase (For a New Instance X)

— Compute Entropic Distance: Calculates the proba-
bilistic distance of X from all training instances.

— Weight Instances Based on Distance: Closer instances
have a higher influence.

— Generate Prediction:

— If classification — Majority voting based on
transformation probability.

— If regression — Weighted sum of target values.

4.1.4 Decision table algorithm for classification

A Decision Table is a simple, rule-based classification
method that summarizes data using a table of attribute-
value pairs and their corresponding class labels. It works
by identifying patterns in the training data and storing them
in a structured form.[18]

Approach of the decision table algorithm The Decision
Table approach follows these steps:

1. Feature Selection: Identify relevant features

(columns) from the dataset.

2. Table Construction: Create a table where each row
represents a unique combination of feature values.
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3. Class Assignment: Assign the most frequent class la-
bel to each unique feature combination.

4. Prediction: For a new instance, find the matching row
in the table and assign the associated class.

5. Handling Missing Values: If an exact match is unavail-
able, the algorithm may return the most common class
or use a similarity measure.

Formulas used in decision table 1. Entropy and Infor-
mation Gain (Optional) Decision Tables can use Informa-
tion Gain for feature selection.

Entropy Formula:

H(S) == pilog,(p:) (10)
where:
— H(S) = Entropy of dataset S.
— p; = Probability of class i.
Information Gain Formula:
IGA) = H(S)— Y %ﬁ@)<m

vEvalues(A)
where:
— A = Feature being evaluated.

— S, = Subset of S where A = v.

— |S| = Total number of samples.

This helps in selecting the best subset of attributes for
building the decision table.

4.1.5 MS5Rules algorithm for regression

M5Rules is a rule-based regression algorithm that generates
a set of rules from a decision tree (M5 Model Tree). It com-
bines tree-based learning with rule-based models, making it
interpretable and efficient for numerical prediction.[19]

Approach of M5Rules algorithm The MS5Rules ap-
proach consists of the following steps:

1. Build an M5 Model Tree: Construct an M5 tree, sim-
ilar to a decision tree but with linear regression at the
leaf nodes.

2. Extract Regression Rules: Convert each branch from
the root to a leaf into a rule in the IF-THEN format.

3. Prune and Simplify Rules: Remove unnecessary con-
ditions to make the rules more generalized.

4. Apply Rules for Prediction:

— When a new instance is encountered, find the
most specific rule that applies.

— Use the associated linear model to compute the
final prediction.
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Formulas used in M5Rules 1. Splitting Criterion - Vari-
ance Reduction M5Rules splits data at each node by mini-
mizing variance in the child nodes:

S
AV = ‘/parent - Z <|S|| ‘/7.)

(12)
where:
— Vparent = Variance of target variable in the parent node.
— S; = Number of samples in the child node.
— V; = Variance of target variable in the child node.

2. Linear Regression at Leaf Nodes Each leaf contains a
linear regression model:

Y =wy + w1 X1 +weXo + -+ w, X, (13)

where:
— Y = Predicted value.
— X, = Input features.
— w; = Regression coefficients, computed using least
squares regression.
4.1.6 Support vector machine with RBF kernel
(SVM_RBF)

Support Vector Machine (SVM) is a supervised learning al-
gorithm widely used for classification and regression tasks.
When combined with the Radial Basis Function (RBF)
kernel, SVM becomes highly effective in modeling non-
linear decision boundaries by projecting data into a higher-
dimensional feature space. [20]

Methodology of SVM_RBF SVM aims to find an opti-
mal hyperplane that maximizes the margin between differ-
ent classes in the transformed feature space.

Step 1: Maximum Margin Hyperplane Construction

— SVM identifies support vectors, which are the data
points closest to the decision boundary.

— The optimal hyperplane is chosen by maximizing the
margin between classes.

Step 2: Kernel Transformation Using RBF

— The RBF kernel maps input features into an infinite-
dimensional space.

— This enables SVM to handle non-linear separability.
RBF Kernel Function:
K (w5, 25) = exp (—yllw: — ) (14)

where:

C. Gupta et al.

— -y controls the influence of a single training instance.

Step 3: Optimization with Regularization SVM solves a
constrained optimization problem:

1 -
m1n§||w|| —I—C’;fi (15)
subject to:
yi(w-z; +b0) > 1§ (16)
where:

— C'is the regularization parameter,

— &, are slack variables.

4.1.7 Random Forest algorithm

Random Forest is an ensemble learning method that con-
structs multiple decision trees during training and combines
their outputs to improve predictive accuracy and control
overfitting. [21]

Methodology of Random Forest Random Forest oper-
ates by introducing randomness in both feature selection
and data sampling.

Step 1: Bootstrap Sampling

— Multiple subsets of data are created using sampling
with replacement.

— Each subset is used to train an independent decision
tree.

Step 2: Random Feature Selection

— At each split, a random subset of features is consid-
ered.

— This reduces correlation among trees.
Step 3: Tree Construction and Aggregation

— Each tree is grown to its maximum depth without prun-
ing.

— Final prediction is obtained through:

— Majority voting (classification)

— Averaging (regression)

Prediction Formula:
(17)

where:
— T is the number of trees,

— hy(z) is the prediction of the " tree.
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4.1.8 CatBoost algorithm

CatBoost (Categorical Boosting) is a gradient boosting al-
gorithm designed to handle categorical features efficiently
while reducing prediction shift and overfitting. [22]

Methodology of CatBoost CatBoost builds an ensemble
of decision trees sequentially using ordered boosting.
Step 1: Ordered Target Encoding

— Categorical features are transformed using statistics
calculated from prior data points only.

— This prevents target leakage.
Step 2: Gradient Boosting Framework

— Trees are built sequentially.

— Each new tree minimizes the residual errors of previ-
ous trees.

Objective Function:

n

L=> 0y i) +Q(f) (18)
i=1
where:
— /£ is the loss function,
— ) is the regularization term.
Step 3: Model Update
g =gVt afi(x) (19)

where:

— n is the learning rate.

4.1.9 Extreme gradient boosting (XGBoost)

XGBoost is an optimized gradient boosting framework that
improves performance through regularization, paralleliza-
tion, and efficient tree construction. [24]

Methodology of XGBoost XGBoost builds trees in an
additive manner while minimizing a regularized objective
function.

Objective Function:

LO =30y gl + @) + ) 0)
i=1
Regularization Term:
1
Q(f):fyT+§)\Zw]2 @0
Step-wise Learning
— Compute gradients and Hessians.
— Grow trees using second-order approximation.
— Prune trees based on gain.
Prediction Update:
g =5V o fi(z) (22)
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4.1.10 Light Gradient Boosting Machine (LightGBM)

LightGBM is a gradient boosting framework that uses
histogram-based algorithms and leaf-wise tree growth to
achieve faster training and higher efficiency. [25]

Methodology of LightGBM LightGBM differs from tra-
ditional boosting methods by growing trees leaf-wise rather
than level-wise.

Step 1: Histogram-based Feature Binning

— Continuous features are bucketed into discrete bins.
— This reduces memory usage and computation time.
Step 2: Leaf-wise Tree Growth

— The leaf with the highest loss reduction is split.

— This leads to deeper and more accurate trees.

Gain Formula:

, (Gr)* | (Gr)* (G
= — 23
Gain = S oo H1x P
Step 3: Boosting Update
g =9+ fi(x) (24)

5 Result

This section presents the performance evaluation of differ-
ent machine learning models (as mentioned in Table 4) used
for dataset classification. The models were assessed based
on key error metrics: Precision, Recall, F1-score, ROC-
AUC

5.1 Why KStar achieved the best
performance

KStar demonstrated the highest performance across all
evaluation metrics, achieving perfect precision, recall, F1-
score, and ROC-AUC on the given heart disease dataset.
This superior performance can be attributed to the inherent
characteristics of the KStar algorithm in conjunction with
the structural properties of the dataset [17].

5.1.1 Instance-based learning suitability for medical
data

KStar is an instance-based (lazy learning) classifier that
predicts class labels by measuring similarity between a test
instance and stored training instances, rather than construct-
ing an explicit generalized model. Medical datasets, par-
ticularly heart disease data, often exhibit well-defined lo-
cal patterns based on specific combinations of clinical at-
tributes such as chest pain type, ST segment slope, exercise-
induced angina, and Oldpeak values. KStar effectively
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Table 4: Performance comparison of machine learning models

Model Name Precision | Recall | Fl-score | ROC-AUC
KStar 1.0000 1.0000 1.0000 1.0000
RegressionByDiscretization 0.9223 0.9587 | 0.9402 0.9572
SVM (RBF) 0.8952 0.9216 | 0.9082 0.9354
MSRules 0.8880 0.9055 0.8967 0.9469
Random Forest 0.8846 0.9020 0.8932 0.9352
MS5P 0.8812 0.9055 0.8932 0.9481
CatBoost 0.8922 0.8922 | 0.8922 0.9266
XGBoost 0.8911 0.8824 | 0.8867 0.9301
DecisionTable 0.8558 09114 | 0.8827 0.9338
LightGBM 0.8788 0.8529 | 0.8657 0.9224

C. Gupta et al.

captures these localized decision boundaries, resulting in
highly accurate classification outcomes.

5.1.2 Entropy-based distance measure

Unlike traditional k-nearest neighbor approaches that rely
on Euclidean distance, KStar employs an entropy-based
distance function. This distance measure efficiently han-
dles mixed data types, including both numerical and cate-
gorical attributes, by assigning probabilistic transformation
costs between instances. As a result, KStar is less sensitive
to noise and data scale variations. This property is particu-
larly beneficial for the heart disease dataset, which contains
categorical attributes such as ChestPainType, ST Slope,
and RestingECG.

5.1.3 Advantage on small to medium-sized datasets

KStar performs exceptionally well on small to moderately
sized datasets where training instances sufficiently repre-
sent the decision space. In such scenarios, aggressive gen-
eralization is not required. The heart disease dataset pro-
vides meaningful historical cases that allow KStar to com-
pare new samples directly with similar patient profiles.
Consequently, KStar outperformed ensemble and boosting-
based classifiers, which generally require larger datasets to
achieve optimal generalization.

5.1.4 High feature discriminativeness

Several attributes within the dataset, including Exer-
ciseAngina, Oldpeak, ST Slope, and ChestPainType, are
highly discriminative for heart disease prediction. KStar
leverages these features by directly matching similar in-
stances, enabling precise differentiation between healthy
and diseased cases.

5.1.5 Minimal information loss

Unlike tree-based or rule-based models, KStar does not
aggressively discretize continuous variables or prune fea-
tures during training. It preserves the complete information
present in the original dataset. This characteristic is partic-
ularly important in medical applications, where even minor

Confusion Matrix - KStar
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Figure 2: Confusion matrix for KStar

numerical variations can have significant clinical implica-
tions.

5.1.6 Explanation for perfect scores and caveat

The observed perfect performance indicates strong class
separability within the dataset. However, such results may
also suggest potential overfitting caused by limited dataset
size and high similarity between training and testing in-
stances. Therefore, while KStar achieved outstanding per-
formance, this outcome should be interpreted with caution
to maintain scientific rigor.

Although KStar achieved perfect classification accuracy,
this performance may be influenced by dataset size and in-
stance similarity, indicating potential overfitting.

5.2 Why RegressionByDiscretization
ranked second best

RegressionByDiscretization achieved the second-highest
performance after KStar, with an F1-score of 0.9402 and a
ROC-AUC of 0.9572, demonstrating strong predictive ca-
pability for heart disease classification. Its effectiveness
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can be attributed to how well the method aligns with the
structural and statistical characteristics of the dataset.[26]

5.2.1 Effective handling of complex non-linear
relationships

RegressionByDiscretization transforms a continuous target
prediction problem into a classification task by discretizing
the output space. This transformation enables the model
to capture complex non-linear relationships between clini-
cal features and heart disease risk. Furthermore, it allows
the system to leverage the strengths of classification algo-
rithms, which often outperform pure regression approaches
in medical datasets where feature interactions are intricate
and non-linear.

5.2.2 Reduced sensitivity to noise

Medical datasets frequently contain measurement noise,
such as variability in cholesterol levels or blood pressure
readings. By discretizing the output variable, minor fluctu-
ations in feature values do not lead to abrupt changes in pre-
dictions. This enhances model robustness and contributes
to its high recall score (0.9587), indicating effective identi-
fication of patients with heart disease.

Confusion Matrix - RegressionByDiscretization
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Figure 3: Confusion matrix for RegressionByDiscretiza-
tion

5.2.3 Strong balance between precision and recall

RegressionByDiscretization maintains an excellent balance
between precision and recall. High recall is essential in
medical diagnosis to minimize false negatives, while high
precision reduces false positives and unnecessary clinical
interventions. This balanced behavior results in a high F1-
score, positioning the method just below KStar in overall
performance.
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5.2.4 Compatibility with mixed attribute types

The heart disease dataset comprises numerical attributes
(e.g., Age, Cholesterol, MaxHR), categorical attributes
(e.g., ChestPainType, ST Slope), and binary indicators
(e.g., ExerciseAngina, FastingBS). When combined with
tree-based or rule-based classifiers, RegressionByDis-
cretization efficiently handles these heterogeneous data
types without requiring extensive preprocessing.

5.2.5 Improved generalization compared to
instance-based models

Unlike instance-based learners such as KStar, Regression-
ByDiscretization constructs generalized decision bound-
aries rather than relying on direct instance similarity.
This prevents memorization of training samples and leads
to more realistic generalization performance on unseen
data. Consequently, although its performance is marginally
lower than KStar, it offers greater robustness and reliability.

5.2.6 Controlled complexity and overfitting
prevention

By discretizing the output space, the hypothesis space is
constrained, effectively reducing model variance and mit-
igating overfitting risks. This controlled complexity pro-
vides a favorable bias—variance trade-off, making Regres-
sionByDiscretization a stable and dependable model for
clinical decision-support systems.

5.3 Why SVM (RBF Kernel) ranked third

Support Vector Machine (SVM) with a Radial Basis Func-
tion (RBF) kernel achieved the third-best performance on
the heart disease dataset, with an F1-score of 0.9082 and
a ROC-AUC of 0.9354. This ranking reflects a strong
balance between classification accuracy and generaliza-
tion capability. However, it was marginally outperformed
by KStar and RegressionByDiscretization due to dataset-
specific characteristics.[45]

5.3.1 Effective modeling of non-linear decision
boundaries

The RBF kernel enables SVM to map input features into
a high-dimensional feature space, allowing the model to
learn complex non-linear relationships between clinical at-
tributes and heart disease presence. This capability is par-
ticularly well-suited for medical datasets, where interac-
tions among variables such as ST Slope, Oldpeak, and Ex-
erciseAngina are inherently non-linear.

5.3.2 Strong generalization ability

SVM constructs an optimal separating hyperplane by maxi-
mizing the margin between classes. This margin maximiza-
tion reduces overfitting and enhances robustness on unseen



14 Informatica 50 (2026) 1-24

data. As a result, SVM achieved consistently high preci-
sion (0.8952) and recall (0.9216), positioning it among the
top-performing classifiers.

Confusion Matrix - SYVM_RBF (10-Fold CV)
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Figure 4: Confusion matrix for SVM(RBF)

5.3.3 Sensitivity to dataset size and feature
distribution

Despite its theoretical strengths, SVM requires sufficient
data to estimate optimal support vectors effectively and is
highly sensitive to hyperparameters such as the regulariza-
tion parameter (C') and kernel width (). Given the rela-
tively small dataset size, SVM could not fully exploit its
modeling capacity. In contrast, KStar benefits from direct
instance memorization, while RegressionByDiscretization
simplifies the learning task through output discretization.

5.3.4 Limited handling of categorical attributes

The dataset contains several categorical attributes, includ-
ing ChestPainType, RestingECG, ST Slope, and Sex. SVM
requires these variables to be numerically encoded, which
may introduce artificial distances between categories. Such
encoding can reduce interpretability and slightly diminish
discriminatory power. Instance-based and discretization-
based methods handle categorical features more naturally,
giving them a comparative advantage.

5.3.5 Comparison with higher-ranked models

Table 5 summarizes the key advantages and limitations of
the top three models.

Overall, SVM ranked third because, while it generalizes
well and captures non-linear patterns effectively, it does
not exploit local instance similarity as efficiently as KStar
nor reduce output noise as effectively as RegressionByDis-
cretization.

C. Gupta et al.

Table 5: Comparison of top-performing models

Model Key Advantage Limitation

KStar Instance memoriza- | Potential overfitting
tion with entropy-
based distance

Regression Noise reduction with | Minor information

By Dis- | strong generalization | loss

cretization

SVM (RBF) Margin-based non- | Data size and encod-
linear generalization | ing sensitivity

5.4 Why MSRules / MSRules ranked fourth

The MSRules / M5Rules model achieved the fourth-best
performance, with an F1-score of 0.8967 and a ROC-AUC
0f 0.9469. This ranking reflects the strengths of rule-based
approaches in extracting interpretable patterns, balanced
against their limitations in modeling highly non-linear in-
teractions in the dataset.

5.4.1 Rule-based learning captures explicit patterns

MSRules / M5Rules generates [IF-THEN rules from the
training data. For example:

IF ExerciseAngina = Y AND ST_Slope =
Flat THEN HeartDisease = 1

This approach is highly interpretable, making it particu-
larly useful in clinical applications. The model effectively
captures clear associations between key clinical features
and heart disease, resulting in relatively high precision and
recall.

5.4.2 Robustness to noise and moderate
generalization

Rule-based models like MSRules reduce sensitivity to
small fluctuations in continuous features. They also gener-
alize moderately well, especially on datasets with a mixture
of categorical and numerical attributes. This property ex-
plains the relatively high ROC-AUC (0.9469), even though
it does not surpass the performance of RegressionByDis-
cretization.

5.4.3 Limitations in capturing complex non-linear
relationships

Heart disease outcomes are often influenced by complex
interactions among multiple variables, including non-linear
combinations (e.g., MaxHR x Age x Cholesterol). Rule-
based models produce piecewise linear rules, which are not
able to fully model such intricate continuous interactions
as effectively as SVM or KStar. Consequently, M5Rules
performs slightly below instance-based and discretization-
based approaches.
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Confusion Matrix - M5Rules
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Figure 5: Confusion matrix for MSRules

5.4.4 Performance tradeoff

Table 6 summarizes the strengths and limitations of
MSRules / M5Rules compared to other top models.

Table 6: Strengths and limitations of MSRules

Model Strengths Limitations

MSRules Highly inter- | Limited modeling of
pretable; handles | complex non-linear
mixed data types; | interactions; may
robust to noise over-simplify contin-

uous features

SVM /| Captures com- | Less interpretable

KStar plex relationships

Regression | Captures  non- | Slight information

by Dis- | linear patterns; | loss due to discretiza-

cretization | robust tion

This tradeoff explains why M5Rules achieves strong per-
formance while ranking slightly below the top three models.

5.4.5 Why decision tables perform better than M5
rules
1. Better for classification problems

— Decision Tables are designed for handling categorical
targets (classification problems).

— MS5 Rules are primarily intended for numerical predic-
tions (regression tasks).

— If the task involves classification (e.g., predicting
Heart Disease: Yes/No), Decision Tables are a more
suitable choice.

2. More robust to noise

— Decision Tables store only important feature combina-
tions, ignoring irrelevant ones.
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— MS5 Rules create multiple linear equations, which can
lead to overfitting in noisy data.

3. Easier to interpret

— Decision Tables provide a clear and structured lookup
table, making them easy to understand.

— MS5 Rules generate multiple separate rules, which
makes interpretation more complex.

4. Works better with mixed data (categorical + numer-
ical)

— Decision Tables effectively handle both categorical
and numerical features.

— M5 Rules work best with purely numerical data.

5. Faster training and inference

— Decision Tables allow for quick lookups since they
store only selected feature combinations.

— M5 Rules evaluate multiple regression equations per
instance, making them slower in some cases.

5.5 Why Random Forest ranked fifth

Random Forest achieved the fifth position with an F1-
score of 0.8932 and a ROC-AUC of 0.9352. Although
the model demonstrated stable and reliable performance,
it was marginally outperformed by methods that were bet-
ter aligned with the dataset size, feature composition, and
instance-level characteristics of the heart disease data.[43]

5.5.1 Strong ensemble learning but limited by dataset
size

Random Forest is an ensemble learning method that aggre-
gates multiple decision trees trained on bootstrap samples.
While this approach typically improves robustness and gen-
eralization, its effectiveness is influenced by dataset size. In
this case, the dataset is relatively small, resulting in individ-
ual trees being trained on limited and overlapping samples.
This reduces the diversity among trees, thereby diminishing
the ensemble advantage that Random Forest usually pro-
vides.

5.5.2 Handling of mixed features but lack of
instance-level similarity

Random Forest naturally handles numerical features such
as Age, Cholesterol, and MaxHR, and can also process cat-
egorical attributes after appropriate encoding. However, it
does not explicitly model instance-level similarity, which
is particularly important in medical datasets where patients
with similar clinical profiles often share similar outcomes.
This limitation allowed instance-based and discretization-
based methods, such as KStar and RegressionByDiscretiza-
tion, to outperform Random Forest.
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Confusion Matrix - RandomForest (10-Fold CV)
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Figure 6: Confusion matrix for Random Forest

5.5.3 Moderate recall compared to top models

While Random Forest achieved good precision, its recall
was slightly lower than that of SVM and RegressionByDis-
cretization. In medical diagnosis tasks, false negatives (i.e.,
missed disease cases) have a significant negative impact on
the F1-score. This moderate recall performance contributed
to Random Forest ranking below the top four models.

5.5.4 Limited feature interaction modeling

Random Forest captures feature interactions hierarchically
through tree structures. However, subtle and higher-order
interactions (e.g., Age x ST Slope x Oldpeak) often re-
quire deeper trees. Increasing tree depth can lead to higher
variance, whereas shallow trees may lack sufficient expres-
sive power. This tradeoff constrained the model’s ability to
fully exploit complex feature relationships present in the
dataset.

5.5.5 Comparison with higher-ranked models

Table 7 highlights why higher-ranked models outperformed
Random Forest.

Table 7: Strengths and limitations of M5P

Model Why It Outperformed
Random Forest

KStar Instance-level similarity
with entropy-based distance

Regression Noise reduction via output

By Dis- | discretization

cretization

SVM (RBF) Strong non-linear margin
optimization

MSRules /| Explicit rule extraction with

MS5Rules clinical interpretability

C. Gupta et al.

Overall, Random Forest ranked fifth not due to poor
performance, but because it is a general-purpose ensemble
method that does not exploit dataset-specific characteristics
as effectively as the higher-ranked models.

5.6 Why MS5P ranked sixth

MS5P secured the sixth position with an F1-score of 0.8932
and a relatively high ROC-AUC of 0.9481. Although
its predictive capability is strong, several algorithmic and
dataset-related factors explain why it ranked below Ran-
dom Forest and rule-based models.[26]

5.6.1 Model tree structure: strength and limitation

MS5P is a model tree algorithm in which internal nodes split
the data in a tree-like manner, while leaf nodes contain lin-
ear regression models. This hybrid structure performs well
when relationships between features and the target variable
are piecewise linear. However, heart disease prediction in-
volves highly non-linear interactions among clinical vari-
ables, which limits the expressive power of M5P compared
to non-linear classifiers.

5.6.2 Discretization of the decision space

MS5P partitions continuous variables into distinct regions
and assumes linear behavior within each region. While this
improves interpretability, it results in a loss of fine-grained
non-linear patterns. Consequently, subtle clinical interac-
tions such as MaxHR x Oldpeak x ST Slope are not cap-
tured effectively, leading to a slightly lower F1-score com-
pared to higher-ranked models.

Confusion Matrix - M5P
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Figure 7: Confusion matrix for M5P

5.6.3 Regression-to-classification conversion effect

Since heart disease prediction is inherently a binary classi-
fication task, M5P first predicts continuous values and sub-
sequently converts them into class labels using predefined
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thresholds. This indirect decision mechanism is less op-
timal than direct classification approaches such as SVM,
KStar, or RegressionByDiscretization, which learn class
boundaries explicitly.

5.6.4 Sensitivity to dataset size and noise

MS5P requires sufficient data within each leaf node to con-
struct reliable regression models. Given the relatively small
dataset, this requirement is not always met, reducing the ro-
bustness of the learned models. Furthermore, minor noise
in clinical measurements can significantly affect regres-
sion coefficients, resulting in slightly inferior generaliza-
tion compared to ensemble or instance-based methods.

5.6.5 Relative ranking explanation

Table 8 summarizes why MSP ranked below some models
while outperforming others.

Table 8: Relative ranking explanation for M5P

Comparison | Explanation

Below Ran- | Ensemble aggregation pro-
dom Forest vides better variance reduc-

tion

Below Explicit rule extraction cap-
MSRules tures clinical patterns more
/ M5Rules effectively

Above Boost- | Less prone to overfitting on
ing Models small datasets

Overall, MSP occupies a middle position among the eval-
uated models—demonstrating strong predictive ability and
interpretability, yet lacking the flexibility required to dom-
inate in datasets characterized by complex non-linear rela-
tionships.

5.7 Why CatBoost ranked seventh

CatBoost achieved the seventh position with an F1-score of
0.8922 and a ROC-AUC of 0.9266. Although CatBoost is
a powerful gradient boosting algorithm, its ranking reflects
a mismatch between its algorithmic strengths and the char-
acteristics of the heart disease dataset.[41]

5.7.1 Designed for large-scale, high-cardinality data

CatBoost is particularly effective when applied to large
datasets with high-cardinality categorical features and com-
plex feature interactions. In the present case, the dataset
is relatively small, and categorical attributes such as Sex,
ChestPainType, and ST Slope contain only a limited num-
ber of distinct values. This significantly reduces CatBoost’s
comparative advantage over simpler models.
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Figure 8: Confusion matrix for CatBoost

5.7.2 Boosting requires more data for reliable
generalization

Gradient boosting models learn sequentially by correcting
errors made by previous trees. When data is limited, this se-
quential learning process may focus excessively on noise,
increasing the risk of overfitting despite CatBoost’s built-in
regularization techniques. Consequently, CatBoost exhib-
ited slightly lower recall and ROC-AUC compared to SVM,
Random Forest, and rule-based approaches.

5.7.3 Limited benefit from native categorical
encoding

Although CatBoost supports native handling of categorical
variables, the dataset contains only simple medical cate-
gories with low cardinality. As a result, CatBoost’s spe-
cialized encoding mechanisms did not provide a significant
performance improvement over models that rely on simpler
encoding or discretization techniques.

5.7.4 Reduced interpretability of learned patterns

Compared to rule-based and tree-based models, CatBoost
produces ensembles of boosted trees that are more difficult
to interpret. This reduces transparency in clinical decision-
making. While interpretability does not directly affect eval-
uation metrics, simpler and more interpretable models were
better able to capture the dataset’s explicit medical patterns.

5.7.5 Comparison with higher-ranked models

Table 9 summarizes why higher-ranked models outper-
formed CatBoost.

Overall, CatBoost ranked seventh because, while it per-
forms well, it is optimized for larger and more complex
datasets. Models better tailored to small medical datasets
with clear clinical patterns were able to outperform it.
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Table 9: Reasons higher-ranked models outperformed Cat-
Boost

Model Why It Outperformed
CatBoost

KStar Instance-level similarity
modeling

Regression Noise reduction and classifi-

By Dis- | cation reformulation

cretization

SVM (RBF) Strong non-linear margin

optimization

Random For- | Better stability on small
est datasets

MSRules /| Explicit extraction of clini-
MS5Rules cal patterns

5.8 Why XGBoost ranked eighth

XGBoost achieved the eighth position with an F1-score of
0.8867 and a ROC-AUC 0f 0.9301. Although XGBoostisa
powerful and widely adopted gradient boosting algorithm,
its performance in this study was constrained by dataset
size, feature characteristics, and model complexity.[39]

5.8.1 Boosting models require larger datasets
XGBoost is designed to learn complex patterns through se-
quential boosting, where each new tree attempts to cor-
rect the residual errors of the previous ensemble. How-
ever, when applied to a small medical dataset, each succes-
sive tree learns from limited residual information. This in-
creases the likelihood of fitting noise rather than meaning-
ful clinical patterns, restricting the model’s ability to out-
perform simpler or instance-based approaches.

Confusion Matrix - XGBoost (10-Fold CV)
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Figure 9: Confusion matrix for XGBoost
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5.8.2 Sensitivity to hyperparameter configuration

The performance of XGBoost is highly sensitive to hyper-
parameters such as tree depth, learning rate, and the num-
ber of estimators. With limited data, aggressive boosting
can easily lead to overfitting, while conservative parameter
tuning may cause underfitting. This delicate tradeoff re-
sulted in slightly lower recall, which directly impacted the
overall F1-score.

5.8.3 Limitations in handling categorical features

Unlike CatBoost, XGBoost does not natively support cate-
gorical attributes and requires numerical encoding methods
such as one-hot encoding. This increases feature dimen-
sionality and can introduce artificial distances between cat-
egories. As aresult, the discriminatory power of categorical
medical features such as ChestPainType and ST Slope is re-
duced. In contrast, KStar and RegressionByDiscretization
handled these categorical patterns more naturally.

5.8.4 Regularization-induced expressiveness
reduction

To control overfitting on small datasets, XGBoost requires
stronger regularization through L1/L2 penalties and con-
strained tree depth. While this improves model stability,
it simultaneously limits the algorithm’s ability to capture
subtle and higher-order feature interactions present in heart
disease prediction. Consequently, its predictive strength is
reduced compared to higher-ranked models.

5.8.5 Comparison with nearby ranked models

Table 10 summarizes why nearby ranked models outper-
formed XGBoost.

Table 10: Reasons nearby ranked models outperformed
XGBoost

Model
CatBoost

Why It Ranked Higher
Superior native handling of
categorical features

Random For- | Greater stability on small
est datasets

MS5P Lower sensitivity to hyper-
parameter tuning

Overall, XGBoost ranked eighth due to its data-hungry
nature and sensitivity to hyperparameters. While highly
effective on large-scale datasets, it is less suited for small
medical datasets with limited categorical complexity.

5.9

DecisionTable achieved the ninth position with an F1-score
0f 0.8827 and a ROC-AUC of 0.9338. While the model is
simple and highly interpretable, its performance was con-
strained by limited representational capacity, making it less

Why DecisionTable ranked ninth
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effective for capturing the complex patterns inherent in
heart disease data.[47]

Confusion Matrix - DecisionTable
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Figure 10: Confusion matrix for DecisionTable

5.9.1 Simple rule structure limits expressiveness

DecisionTable operates by selecting a subset of attributes
and constructing a lookup table of decision rules. This ap-
proach effectively captures direct attribute—class relation-
ships but fails to model complex interactions among multi-
ple clinical features. Heart disease prediction often depends
on subtle combinations of factors (e.g., Age X MaxHR x
ST Slope), which cannot be fully represented by static de-
cision tables.

5.9.2 Weak modeling of non-Linear relationships

Unlike models such as SVM with non-linear kernels,
KStar with instance-based similarity, or boosting-based ap-
proaches that iteratively correct errors, DecisionTable relies
on fixed and discrete rules. As a result, it does not adapt
well to non-linear decision boundaries, leading to lower re-
call and a reduced F1-score.

5.9.3 Information loss due to attribute selection

DecisionTable typically utilizes only a limited subset of
features, ignoring attributes that may be weak predictors
individually but informative when combined. In medical
datasets, multiple moderate predictors can collectively pro-
vide strong diagnostic signals. This selective feature usage
causes DecisionTable to miss nuanced clinical patterns.

5.9.4 Inflexibility with continuous variables

Although continuous features are discretized, threshold se-
lection may not be optimal. Consequently, small but clin-
ically significant variations in values may be ignored, fur-
ther reducing classification accuracy and sensitivity.

Informatica 50 (2026) 1-24 19

5.9.5 Comparison with higher-ranked models

Table 11 summarizes why higher-ranked models outper-
formed DecisionTable.

Table 11: Reasons higher-ranked models outperformed De-
cisionTable

Model Advantage Over Deci-
sionTable

MSRules /| Captures structured feature

MS5Rules interactions

Random For- | Ensemble learning reduces

est variance

XGBoost /| Boosting models learn resid-

CatBoost ual patterns

SVM (RBF) Learns optimal non-linear
decision boundaries

Overall, DecisionTable ranked ninth due to its inability to
model complex non-linear relationships and subtle feature
interactions, despite its interpretability and simplicity.

5.10 Why LightGBM ranked tenth

LightGBM achieved the lowest performance among all
evaluated models, with an F1-score of 0.8657 and a ROC-
AUC of 0.9224. Although LightGBM is a highly effi-
cient gradient boosting framework, its algorithmic design
is not well aligned with the characteristics of the heart
disease dataset, resulting in comparatively weaker perfor-
mance.[48]

5.10.1 Optimized for large-scale datasets

LightGBM is specifically designed to handle very large
datasets, train rapidly using histogram-based splitting, and
scale efficiently with high-dimensional feature spaces. In
this study, however, the dataset is small and the feature
dimensionality is limited. Consequently, the efficiency-
oriented advantages of LightGBM provide no practical ben-
efit, preventing the model from exploiting its core strengths.

5.10.2 Information loss due to histogram-based
binning

LightGBM discretizes continuous features into histogram
bins. While this strategy is effective for large datasets, it can
mask subtle numerical variations in small medical datasets.
Clinically important distinctions, such as minor changes in
Oldpeak or MaxHR, may be lost during binning, adversely
affecting prediction accuracy.

5.10.3 Leaf-wise tree growth and overfitting risk

Unlike level-wise tree growth, LightGBM employs a leaf-
wise growth strategy, which can produce deep and unbal-
anced trees. When data is limited, this approach increases



20 Informatica 50 (2026) 1-24

Confusion Matrix - LightGBM (10-Fold CV)
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Figure 11: Confusion matrix for LightGBM

the likelihood of fitting noise rather than meaningful pat-
terns. Although strong regularization can mitigate overfit-
ting, it simultaneously reduces model flexibility, leading to
suboptimal performance.

5.10.4 Limited handling of categorical features

In contrast to CatBoost, LightGBM does not robustly han-
dle categorical features by default. Inappropriate encoding
of categorical medical attributes can introduce artificial or-
dering and bias. Given the presence of multiple categorical
variables in the dataset, this limitation further reduced the
model’s effectiveness.

5.10.5 Comparison with other boosting models

Table 12 summarizes why other boosting and ensemble
models outperformed LightGBM.

Table 12: Reasons other models outperformed LightGBM

Model Why It Outperformed
LightGBM

CatBoost Native and robust handling
of categorical features

XGBoost More stable level-wise tree
growth

Random For- | Better variance reduction on

est small datasets

Overall, LightGBM ranked tenth due to its over-
complexity for a small medical dataset and the loss of fine-
grained feature information, despite being highly effective
in large-scale machine learning applications.

6 Conclusion

This study systematically evaluated a diverse set of ma-
chine learning, and ensemble models for heart disease pre-
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diction using clinically significant patient attributes. The
experiments were conducted in the Python environment,
enabling a consistent and fair comparison across models.
Performance was assessed using precision, recall, F1-score,
and ROC-AUC to ensure balanced evaluation, particularly
important for medical decision-making tasks.

Across all evaluated algorithms, KStar delivered the
strongest predictive performance, owing to its instance-
based learning and entropy-driven distance function that
excel with localized patient similarities in smaller datasets.
While its near-perfect scores are impressive, they also raise
overfitting concerns that warrant caution in real clinical de-
ployment. RegressionByDiscretization ranked second and
stands out as the most practically reliable model — by con-
verting the regression task into classification, it reduces
noise sensitivity and maintains a strong balance between
precision and recall, making it ideal for clinical use where
missing a true case (false negative) carries serious conse-
quences. SVM-RBF came in third with strong generaliza-
tion through non-linear boundary modeling, followed by
MS5Rules and Random Forest in the middle tier, each of-
fering stability and interpretability but limited in capturing
subtle interactions. M5P ranked sixth due to its piecewise
linear structure, which struggles with complex feature in-
terdependencies. The boosting models — CatBoost, XG-
Boost, and LightGBM — underperformed relative to ex-
pectations because the dataset was too small to leverage
their strengths, with LightGBM performing worst. Deci-
sionTable, though highly interpretable, ranked near the bot-
tom due to insufficient representational capacity for nu-
anced medical classification. The overarching finding is
that dataset size and characteristics should drive model se-
lection. Instance-based and discretization methods are best
suited for small, mixed-attribute clinical datasets, while
boosting and ensemble methods need larger, more diverse
data to realize their full potential.

The binary classification framework (HeartDisease: 0
= normal, 1 = disease) directly translated model predic-
tions into actionable clinical decisions. In a hospital or car-
diology outpatient setting, this means that when a model
like RegressionByDiscretization flags a patient as positive
(1), clinicians are prompted to initiate further diagnostic
workups — such as angiography, echocardiography, or
stress testing — rather than dismissing symptoms as be-
nign. The emphasis on minimizing false negatives is clin-
ically critical: missing a true heart disease case can re-
sult in delayed treatment, myocardial infarction, or death.
The models essentially acted as triage tools, helping clini-
cians prioritize which patients need urgent attention, partic-
ularly valuable in resource-limited settings where not every
patient can undergo expensive investigations immediately.
Furthermore, interpretable models like M5Rules and De-
cisionTable offered clinicians readable rule-based outputs
(e.g., 7if Oldpeak > 2.0 and ExerciseAngina =Y, classify
as heart disease”), building trust and allowing physicians to
cross-verify model logic against their own clinical reason-
ing before acting on predictions.



Comparison and Evaluation of Classification Techniques...

Overall, this study demonstrates that model performance
is highly dependent on dataset characteristics and clinical
objectives. Instance-based and discretization-based meth-
ods proved particularly effective for small, mixed-attribute
medical datasets, while ensemble and boosting techniques
require larger and more diverse data to realize their full po-
tential.

While the results of this study are promising, certain lim-
itations warrant consideration to ensure responsible inter-
pretation. The relatively small, single-source dataset natu-
rally constrains the generalizability of findings, particularly
for boosting-based models such as CatBoost and XGBoost
that are architecturally designed to scale with larger data
volumes — their comparatively modest performance here
reflects a dataset-model mismatch rather than fundamental
algorithmic weakness, and their potential should not be dis-
missed in larger clinical contexts. Additionally, the demo-
graphic homogeneity of the dataset suggests that validation
across more diverse patient populations would strengthen
confidence in the models’ broader applicability, as heart
disease risk profiles vary across ethnicities and geographic
regions. These constraints notwithstanding, the strong per-
formance of instance-based and discretization-based ap-
proaches demonstrates that well-matched models can de-
liver clinically meaningful predictions even under data-
limited conditions, and future work incorporating larger
multi-center datasets, demographic diversity, and clinician-
facing interpretability measures would provide a more com-
plete foundation for translating these findings into practical
decision support tools.

Future research can further enhance predictive perfor-
mance by exploring hybrid models that integrate instance-
based learning with ensemble methods, thereby balancing
accuracy and generalization. Expanding this work to larger,
multi-center datasets will be essential to ensure clinical re-
liability and broader applicability, ultimately contributing
to improved early diagnosis and better patient outcomes.
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