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Abstract

Heart disease remains one of the leading causes of mortality worldwide, underscoring the need for accurate and
scalable prediction models within clinical informatics. This study proposes a leakage-safe machine learning pipeline
combining stratified splitting, SMOTE-based imbalance handling, and in-fold feature selection using ANOVA, Chi-
Square, and AdaBoost-assisted ranking to enhance classification performance on a large heart-disease dataset
consisting of 10,000 samples and 21 attributes. Three widely used algorithms, C4.5, Random Forest, and XGBoost,
were evaluated to determine the optimal model-feature selection configuration for structured medical data. The results
demonstrate that feature relevance contributes more significantly to predictive performance than increasing model
complexity, with Random Forest achieving the highest accuracy, precision, recall, and F1-Score at 98.43% when
combined with Chi-Square or ANOVA feature selection. C4.5 showed the greatest relative improvement, rising from
76.52% to 97.57% using AdaBoost-assisted selection, while XGBoost improved from 66.32% to 94.88% after
statistical filtering. The dominant features identified such as CRP, BMI, blood pressure, fasting glucose, LDL,
triglycerides, and homocysteine align with well-established cardiovascular biomarkers, supporting clinical validity.
This research provides an important contribution to computer science by demonstrating an efficient and scalable
hybrid FS-boosting framework capable of reducing unnecessary model complexity, improving generalization, and
supporting low-latency deployment in clinical decision-support systems. The findings highlight the potential of
structured-data machine learning to strengthen digital health diagnostics in resource-limited environments.
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1. INTRODUCTION

Heart disease remains a major contributor to global morbidity and mortality [1]. Its prevalence is
closely associated with metabolic and lifestyle risk factors such as hypertension, diabetes, dyslipidemia,
obesity, and smoking, which continue to increase across populations [2]. The human heart consists of
four chambers equipped with valves that maintain unidirectional blood flow [3], and disturbances in
these structures may lead to myocardial ischemia, necrosis, or other cardiovascular complications [4].
Risk factors are categorized into modifiable factors including hypertension, dyslipidemia, obesity,
diabetes, alcohol consumption, and physical inactivity [S5] and nonmodifiable factors such as age,
gender, and heredity [6].

Globally, heart disease remains the foremost contributor to mortality [7]. The World Health
Organization reports that only 152 out of 194 member states provide complete datasets for
cardiovascular monitoring, highlighting substantial global data gaps [8]. In Indonesia, heart disease
affects approximately 1.5 percent of the population across all age groups [9]. Clinically, heart disease is
identified through symptoms such as chest pain, abnormal ECG patterns, irregular blood pressure, and
changes in heart rate, glucose, and lipid biomarkers [10]. Myocardial infarction, one of the most critical
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manifestations, contributes to a mortality rate of nearly 12.9 percent of all cardiovascular deaths [11],
underscoring the need for early detection and precise risk stratification [12].

Conventional diagnostic procedures such as physical examinations, laboratory tests, ECG,
echocardiography, and treadmill evaluations remain the standard for detecting heart disease [13]. Yet
these methods can be time consuming, costly, and dependent on clinical expertise [14]. Advances in
artificial intelligence and machine learning now provide complementary tools that enable faster data
analysis, identification of hidden clinical patterns, and more consistent cardiovascular risk assessment
[15], [16], [17].

Tree-based machine learning algorithms have been widely used for medical classification because
they can effectively handle numerical and categorical attributes while providing interpretable decision
logic [18]. C4.5 generates rule-based decision trees using information gain and pruning, enabling
intuitive clinical interpretation [19]. Random Forest reduces variance and increases robustness by
aggregating multiple decorrelated trees through bagging [20]. XGBoost, a gradient-boosting framework,
incorporates regularization, shrinkage, and parallelized tree construction to enhance predictive accuracy
and computational efficiency [21]. These three models are selected because they represent distinct
strengths interpretability in C4.5, robustness in Random Forest, and high accuracy through boosting in
XGBoost which makes them ideal candidates for systematic comparison in clinical prediction tasks.

Prior research has demonstrated the effectiveness of tree-based approaches for heart disease
classification. Pal et al. reported 86.9% accuracy and 90.6% recall using Random Forest [22].
Dissanayake et al. achieved 88.52% accuracy using a decision tree with backward feature selection [23].
Budholiya et al. optimized XGBoost using Bayesian optimization and obtained 91.8% accuracy [24].
Additional studies further reinforce the potential of tree-based learners. Abdallah et al. achieved 89.30%
accuracy with Random Forest [25], Roopa et al. reported 87.50% accuracy with XGBoost [26], while
Shahid et al. reached 92.20% accuracy using ensemble boosting models [27]. These comparisons show
that although individual models consistently achieve high accuracy, their performance depends heavily
on preprocessing and feature selection strategies.

Feature selection plays a crucial role in reducing dimensionality, improving generalization, and
enhancing model interpretability. Techniques such as ANOVA, Chi-Square, and ensemble-based feature
selection including AdaBoost have been widely applied to clinical data. Empirical studies show that the
choice and placement of FS can substantially influence confusion-matrix metrics [28]. Alkhodari et al.
combined ANOVA and Chi-Square screening with tree-based learning (RUSBoost), achieving 97.08%
accuracy, 81.25% precision, and 86.67% F1-score [29]. Another study on phonocardiogram (PCQG)
signals also applied Chi-Square and ANOVA before training SVM, RF, and AdaBoost, reporting near-
perfect accuracies in several splits [30]. In addition, handling class imbalance through techniques such
as Synthetic Minority Over-Sampling Technique (SMOTE) has been proven to reduce false negatives
and raise recall and F1-score [31].

To address these gaps, this study utilizes a Kaggle heart disease dataset 10.000 instances and 21
features clinical and demographic attributes, including age, blood pressure, cholesterol level, and key
symptoms. Given the mixed numerical and categorical nature of the data, a standardized preprocessing
pipeline involving cleaning, encoding, and imbalance handling is applied to ensure reliable model
evaluation. The novelty of this study lies in integrating three feature selection methods ANOVA, Chi-
Square, and AdaBoost with three tree-based classifiers, namely C4.5, Random Forest, and XGBoost, to
enable a systematic cross-model and cross-feature selection comparison.

The purpose of this research is to evaluate the performance of these model-feature selection
combinations using accuracy, precision, recall, F1-score, and confusion matrix analysis, with the goal
of identifying the most effective configuration. This approach provides a data-driven foundation for
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developing artificial intelligence based diagnostic systems that are accurate, interpretable, and
computationally efficient for early heart disease detection.

2. METHOD

This section describes the dataset, preprocessing, class balancing, feature selection, learning
algorithms, and evaluation protocol. To prevent data leakage, all label-dependent operations such as
SMOTE, feature selection, and hyper-parameter tuning are applied only to the training folds inside
cross-validation, the held-out test set is used once for final assessment. The overall workflow is
illustrated in Figure 1.
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Figure 1. Research Stages

2.1. Dataset

The study uses the public Heart Disease dataset from Kaggle (curated by Oktay Ordekgi),
containing 10,000 records and 21 attributes (20 predictors plus 1 target).

Table 1. Information of Dataset

Name Owner Link
Heart Disease Oktay Ordekci Kaggle Link

Based on the information presented in Table 1, the characteristics of the dataset can be
summarized as follows:
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1. The dataset used in this study is obtained from a publicly available and anonymized source (Kaggle
Link), which ensures compliance with ethical standards for secondary data usage. The dataset
contains no personal identifiers, sensitive information, or traceable metadata, and is shared under
Kaggle’s data usage policy. All data processing is conducted solely for academic research purposes,
without redistribution or attempts at re-identification. This ensures adherence to principles of
privacy, fairness, and responsible data handling.

2. The dataset consists of 10,000 rows and 21 attributes, comprising 20 predictor variables and one
target variable, providing sufficient statistical power for machine-learning-based classification.

3. The target variable includes two classes (Yes and No), with a distribution of 8,000 No (80%) and
2,000 Yes (20%). This reflects a moderate 4:1 imbalance that may influence model performance,
particularly on metrics such as recall and F1-score.

4. Each feature exhibits fewer than 0.5 percent missing entries (e.g., 29 missing values for Age and
30 for Cholesterol Level), indicating high data quality that requires only simple imputation rather
than extensive cleaning.

2.2. Data Preprocessing

Data preprocessing is an initial process that includes cleaning, transforming, and feature selection
to ensure better data quality in order to improve the accuracy and performance of machine learning
models [32].

2.2.1 Data Cleaning

Data cleaning is the process of handling raw data by removing duplicates, correcting
inconsistencies, and resolving empty or invalid values, so that the quality of the data is more guaranteed
and suitable for use in the analysis and modeling stages of machine learning [33]. In this study,
numerical attributes such as Age, BMI, and laboratory features are imputed using the median, which
provides robustness against skewness and outliers. Binary categorical variables are imputed using the
mode derived from the training subset. For ordinal features (such as Low, Medium, High or None, Low,
Medium, High), missing values below five percent are imputed using the mode, while features with
missingness of twenty percent or more are assigned an explicit Unknown level to avoid distorting the
original distribution. This additional level is applied only to the affected attributes.

2.2.2 Encoding

Categorical encoding is an important step in data preprocessing, as most machine learning models
work better with numerical data [34]. In this study, several data encoding methods were used, such as:

1. Binary mapping for Yes or No attributes, as well as for gender (Male as 1 and Female as 0).

2. Ordinal attributes are encoded using order-preserving mappings, including Exercise Habits (Low,
Medium, High mapped to 0, 1, 2), Stress Level (0, 1, 2), Sugar Consumption (0, 1, 2), and Alcohol
Consumption (None, Low, Medium, High mapped to 0, 1, 2, 3).

3. When an Unknown category is introduced during cleaning, it is encoded as —1 to distinguish it
from the established ordinal progression.

2.2.3 Outlier Handling

Outlier detection is conducted using the three-IQR criterion, where candidate outliers fall outside
the interval defined by the first and third quartiles plus or minus three times the interquartile range.
Potential outliers are screened with the 3XIQR Values outside:

[@Q1 — 3XIQR,Q3+ 3 XIQR] €))
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Where Qiand Qzare the 25th and 75th percentiles and IQR = Q3 — Q4. Values flagged by this
rule are examined individually. Entries deemed physiologically implausible are removed to preserve
data validity, whereas extreme but plausible clinical measurements are retained to avoid suppressing
meaningful variability in the dataset.

2.3  Class Balancing (SMOTE)

SMOTE (Synthetic Minority Oversampling Technique) is used in conjunction with various
classification algorithms to address imbalanced datasets [35]. SMOTE is applied to address the moderate
class imbalance (approximately 20 percent positive class). The oversampling procedure is performed
only on the training folds, while the test set remains untouched to prevent data leakage. Synthetic
minority samples are generated through linear interpolation between a minority instance and one of its
nearest neighbors, using five neighbors by default. The interpolation formula is defined as:

x~=x+6(xNN —x),6 ~ U(0,1) where k_neighbors = 5 2)

Where x is a minority-class feature vector, xyy is one of its k-nearest neighbors, ¢ is a random
scalar from a uniform distribution, and X is the resulting synthetic instance. This mechanism enriches
the minority class without duplicating data, thereby improving classifier balance.

2.4 Feature Selection

Feature selection is a dimension reduction technique used to select features that are relevant to
the machine learning task [36]. Feature selection plays an important role in reducing data dimensions
and improving the performance of the proposed framework [37]. The feature selection process is able
to simplify the complexity of the data by removing insignificant attributes, so that the model is more
efficient and still accurate[38]. The complete feature selection workflow used in this study is illustrated
in Figure 2.

Feature Selection

[ avova | [ cwsaure | [ Adsboost |
| R | [|“’]
(RantomForest] [ cus | [ xoBoost ]

Model Evaluation

Identify Best Combination

Figure 2. Feature Selection Process

For ANOVA and Chi-Square, five configurations of feature subsets are evaluated using
k = {10, 20, 25, 27}, allowing the model to be tested under different levels of dimensionality. Each k-
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feature subset is generated by ranking features based on their F-statistic or Chi-Square score, after which
the top-k features are selected. These subsets are used to train C4.5, Random Forest, and XGBoost, and
the best-performing k is retained for comparison.

In the embedded approach, AdaBoost is trained on the resampled dataset to obtain model-driven
feature importance. Feature selection is conducted using SelectFromModel with a median importance
threshold, resulting in a reduced feature set whose size varies depending on the learned importance
distribution. This multi-step feature selection pipeline ensures comprehensive dimensionality reduction,
integrating statistical relevance from ANOVA/Chi-Square and model-based importance from
AdaBoost. The complete results of these three methods are summarized through the feature importance
visualizations in Figure 3-5.

2.4.1 Analysis of Variance (ANOVA)

ANOVA is a statistical method used to measure differences in mean values between groups. In
classification, ANOVA plays a role in selecting features that are most relevant to the target variable so
as to improve model performance [39]. The F-statistic is computed as:

F= variance between groups (3)
variance within groups
Y ni (Yi-Y)?
(k-1)

variance between groups = 4)
Y S (vij-vi)?

(n—k)

)

variance within groups =

Where n; is the sample size in group i, ¥; is the mean of group i, n is the total sample count, and
k is the number of groups. Figure 3 presents the ANOVA F-score ranking generated from the resampled
dataset.

Top Fealures by ANOVA F-Score

]

ANOVA F-Score

Figure 3. Top Features ANOVA

The ANOVA results show that BMI, Sugar Consumption, and Stress Level consistently emerge
as the strongest discriminators. This is physiologically plausible, as metabolic load, dietary sugar intake,
and chronic stress are well-established modulators of cardiovascular function. Lifestyle and
demographic markers including Age, Gender, Smoking Status, and CRP Level follow closely, indicating
that both biological and behavioral factors jointly explain the variation between risk classes. Continuous
biomarkers such as Blood Pressure and Fasting Blood Sugar appear mid-ranked, reflecting their
moderate but stable independent contribution.

2.4.2 Chi-Square

Chi-Square is a statistical technique that evaluates the association between features and target
variables by comparing actual frequency and expected frequency. A large Chi-Square value indicates
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high feature relevance, so this method is useful in removing unimportant attributes to improve model
performance [40]. The expected value is computed as:

__ (atb)(a+c)

Ea " (6)
The Chi-Square score is given by:
x? =y, R )
or in a 2x2 contingency table:
¥2 = (a—-Ea)? n (b—Eb)? n (c—Ec)? n (d—-Ed)? )
Ea Eb Ec Ed

where O; and E; denote observed and expected counts, and a, b, ¢, d represent cell frequencies. Figure
4 displays the Chi-Square ranking obtained from the dataset.

Top Features by Chi-Square Score
ooption |

Mal

ng No
g _Yes

Feature

0.0 05 10 15 20 25 a0
Chi-Square Score

Figure 4. Top Features Chi Square

Chi-Square strongly emphasizes categorical lifestyle and demographic indicators. Sugar
Consumption and Stress Level again appear at the top, confirming their strong statistical association
with the outcome class. Gender-related features (Gender Female, Gender Male) and smoking
categories receive high scores, reflecting their direct dependence on the class label. In contrast,
continuous biomarkers such as Triglyceride Level or Cholesterol Level rank lower due to Chi-Square’s
limitation in capturing continuous variation making its results complementary to ANOVA.

2.4.3 AdaBoost

The AdaBoost-assisted feature selection is an embedded method that uses the internal weighting
mechanism of AdaBoost to evaluate feature importance [41]. AdaBoost is employed as an embedded
feature-selection technique by leveraging the model’s internal feature-importance scores. An
AdaBoostClassifier is first trained on the resampled training set; its aggregated feature importances are
then processed using scikit-learn’s SelectFromModel with a median threshold to retain only features
with above-median importance. The reduced feature set is subsequently used to train the final classifier
(Random Forest, XGBoost, or C4.5 depending on the experiment). This approach enables AdaBoost to
highlight influential predictors by increasing emphasis on misclassified samples across boosting rounds.
The weight defined as:

_ TiwiOI(he(x) # ¥)) 1 1—et

,at = =1
& Ziwi(t) * 2 n( &t

)
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To operationalize this mechanism, an AdaBoostClassifier is trained on the resampled dataset, and
the resulting aggregated importance scores are further processed using a SelectFromModel thresholding
step to retain only features with above-median relevance. The complete logic of this embedded
importance-generation process is summarized in Pseudocode 1.

Pseudocode 1
AdaBoost importance
Input:
X <« input features
y <« target labels
B« number of boosting iterations
T « base estimator (e.g., Decision Tree)
Output:
FI « feature importance scores
Procedure AdaBoost_Featurelmportance(X, y, B, T):
1. Initialize sample weights:
w_i=1/N forall samples i
2. Forb=1to Bdo:
a. Train base estimator T_b on (X, y) using weights w
b. Compute prediction error:
erm b=X(w i*[y i#T b(x_ i)])
c. Compute model weight:
o b=05*%In((l-err_b)/err b)
d. Update sample weights:
wi=wi%*exp(-a b*y i*T b(x i))
e. Normalize w_i
3. Aggregate feature importance:
FI=2%(a_b *importance(T b)) over all b
4. Normalize FI to range [0,1]
Return F1

AdaBoost procedure for generating feature-importance scores. The algorithm starts by assigning
equal weights to all training samples. At each boosting round, a base learner is trained using the current
weights, followed by computation of the weighted error (err_b). This error is used to derive the learner’s
weight (a_b), giving stronger emphasis to models with lower error. Sample weights are then updated so
that misclassified instances receive higher weights, directing subsequent learners to focus on harder
samples.

After B iterations, feature importances from all weak learners are aggregated and scaled by their
respective o._b values. The final importance vector is normalized to the range [0,1] and used to select
the most influential predictors for the downstream classification models. The importance ranking
produced by this process is shown in Figure 5.

Top Features by AdaBoost Importance
Hamocysteine Level
s
Triglycende Leve |
e ]
Fasiing Biood sugar |
Cholesterol Level |
Sleep Hours I
Biood Pressure |
crp Level |
Exercise Habits [
suess Level [
smoking_ves [l
smoking No [l
Alcohol consumpiion il
P High LDL Cholesterol_No |
High LDL Chole:

ature

Low HOL Cholesterol_No
000 00s 010 015 020 025
Importance Score

Figure 5. Top Features AdaBoost
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AdaBoost reveals a different hierarchy of predictors due to its nonlinear error-focused learning
process. Homocysteine Level, BMI, Triglyceride Level, and Age dominate the upper tier, suggesting
that these biomarkers were particularly influential in correcting classifier errors across boosting
iterations. Lifestyle attributes such as Exercise Habits, Smoking, Stress Level, and Sleep Hours appear
in supportive positions, indicating complex interactions that may be less visible in purely statistical
methods. Unlike ANOVA or Chi-Square, AdaBoost captures deeper structural relationships, exposing
multifactor dependencies that contribute to misclassification patterns.

2.5 Train—Test Split and Hyper-parameter Search

A stratified split of 80 percent training and 20 percent testing is applied to preserve class
proportions. The training portion undergoes five-fold stratified cross-validation for hyperparameter
optimization, while the test partition is kept strictly for final evaluation to prevent leakage.

2.6  Classifiers Algorithms

2.6.1 Random Forest

Random Forest (RF) is an ensemble of decorrelated decision trees trained via bagging with
random feature subsetting [42], [43]. Node purity is measured using Gini impurity:

Gini(S) = 1 — X p(c)? (10)

Where p(c) is the proportion of class ¢ in node S. The hyperparameter grid includes:
n_estimators € {200,400,800}, max_depth € {None, 10,20}, max_features €
(V, log, ,min_samples_leaf € {1,3,5}. (11

These parameters regulate complexity, variance, and computational cost.

2.6.2 Decision Tree

Decision Tree C4.5 is a rule-based classification algorithm that performs recursive partitioning of
data based on the attribute that provides the highest discriminatory power. To determine the best split at
each node, C4.5 computes the entropy of the dataset and evaluates the information gain produced by
each candidate attribute. The entropy of a dataset S is expressed as:

Entropy(S) = — 2 p(c)log,p(c) (12)

Information gain for attribute A is defined as:

Gain(S,A) = H(S) — %H(Sv) (13)
Because raw information gain tends to favor attributes with high cardinality, C4.5 applies Gain Ratio,
which normalizes the score using the attribute’s intrinsic value:

, , Gain(S,A Sy Sy
Gain Ratio(S,A) = ﬁ,lvm) = —z% log, % (14)
The general structure of a C4.5 decision tree is illustrated in Figure 6, representing the hierarchical flow
from the root node to the terminal leaf nodes.

A schematic illustration of the hierarchical splitting process in C4.5, showing the root node
selected using Gain Ratio, followed by internal decision nodes and final leaf nodes representing
predicted class labels. After the tree is constructed, post-pruning is applied to reduce overfitting by
removing overly specific branches that do not contribute meaningfully to generalization performance.
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Figure 6. Conceptual Structure of the C4.5 Decision Tree

Pruning is performed by evaluating the error rate before and after subtree removal and retaining
the simpler structure when it provides comparable predictive performance.

2.6.3 XGBoost

XGBoost uses second-order gradient boosting with explicit regularization. The objective function
is formulated as:

LO = 1, 5. + fi(a) + 20
() = yT + %ijz (15)

with hyperparameters:

Nestimators € 1200,400,800}, max_depth € {3,5,8}, learning_rate € {0.01,0.05,0.1}, subsample
€ {0.7,0.9,1.0} colsample_bytree € {0.7,0.9,1.0}, reg_lambda € {1,5,10} (16)

Regularization ensures stability and prevents overly complex trees.

2.7 Model Evaluation

In this study, the performance of the classification model was evaluated using a Confusion Matrix,
which provides an overview of the number of correct and incorrect predictions. Furthermore, model
performance was analyzed using four main metrics: accuracy, precision, recall, and F1-score [44]. The
metrics are computed as:

TP+TN

Accuracy = TPITPLFPLFN X 100% (17)
.. T
Precision = e 100% (18)
TP
Recall = o < 100% (19)

F1 — Score = 2 X Precision X Recall % 100% (20)

Precision+ Recall

with the usual definitions for TP, TN, FP, and FN.

3.  RESULT

This section presents exploratory data analysis (EDA), data quality verification, class-imbalance
handling, and the comparative evaluation of all classification models. Unless stated otherwise, all results
refer to the held-out test set generated through a leakage-safe workflow.
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3.1 Class Imbalance Handling

The original class distribution (6,096 “No” and 1,529 “Yes”) changed to a balanced 6,096 : 6,096
after resampling, while the test set distribution remained unchanged. An overview of the training and
test data before and after SMOTE can be seen in Figure 7.

Class Data Amount — Before vs. After SMOTE (Train)
6096 6096 6096

6000

5000

4000 I Class No Before SMOTE (train)
EEl Class No After SMOTE (train)

1 Class Yes Before SMOTE (train)
B Class Yes After SMOTE (train)

3000

Number of Samples

I~
=3
=]
5

1529

1000

No Yes
Class

Figure 7. illustrates the class distribution before and after SMOTE

The minority class (“Yes”) increases from 1,529 to 6,096 samples, balancing the training data to
a 1:1 ratio. This balancing step supports more stable learning, especially for recall-sensitive classifiers.

3.2  Complete Metrics of Feature Selection Results

This subsection reports the complete set of evaluation metrics (Accuracy, Precision, Recall, and
F1-Score) for all models using Chi-Square, ANOVA, and AdaBoost-assisted feature selection. All
results are summarized in Table 2, enabling direct comparison of performance across algorithms and
feature-selection strategies.

Table 2. Complete Model Performance Under Feature Selection

Algorithm K FS Ace Prec- Rec- F1- Prec- Rec- F1- Macro
Method No No No Yes Yes Yes F1
R;;‘i‘;:“ 10 Chi2 0.8947 097 082 08 084 097 090 089
20 Chi2 09826 097 1.00 098 100 097 098 098
25 Chi2 09823 097 1.00 098 100 097 098 098
27 Chi2 09839 097 1.00 098 100 097 098 098
10 ANOVA 09583 097 095 096 095 097 096  0.96
20  ANOVA 09816 097 099 098 099 097 098 0098
25  ANOVA 09833 097 1.00 098 1.00 097 098 0098
27  ANOVA 09839 097 1.00 098 1.00 097 098 0098
— AdaBoost 09521 097 093 095 094 097 095 0095
C4.5 10 Chi2 08649 097 075 085 080 098 088 0.8631
20 Chi2 0.8550 097 074 084 079 097 087 0.8530
27 Chi2 0.8586 097 074 084 079 098 087 0.8567
10 ANOVA 08682 097 076 085 080 098 088  0.8666
20 ANOVA 08659 097 076 085 080 097 088 0.8643
27  ANOVA 08583 097 074 084 079 098 087 0.8563
— AdaBoost 09754 097 098 098 098 097 098 0.9754
XGBoost 10 Chi2 08780 097 078 086 082 098 0.89 0.8768
20 Chi2 09446 097 092 094 092 097 095 0.9445
27 Chi2 09469 097 092 095 093 097 095 09468

10 ANOVA 0.9190 0.97 0.87 0.91 0.88 0.97 092 09188
20 ANOVA 0.9488 0.97 0.93 0.95 0.93 0.97 0.95  0.9488
27 ANOVA 0.9442 0.97 0.92 0.94 0.92 0.97 0.95 0.9442
— AdaBoost  0.9442 0.97 0.92 0.94 0.92 0.97 0.95 0.9442
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The complete comparative evaluation of the three classifiers Random Forest, C4.5, and XGBoost
under multiple feature selection strategies is summarized in Table X. Each model was tested using Chi-
Square, ANOVA, and AdaBoost-based feature selection across a range of k values (10, 20, 25, and 27),
with performance assessed using accuracy, class-specific precision, recall, F1-Score, and macro-
averaged F1.

This unified table allows direct comparison of how different feature-selection mechanisms affect
predictive quality across models. It also highlights the stability of Random Forest, the sensitivity of
C4.5 to feature reduction, and the strong improvement observed in XGBoost when relevant features are
retained.

3.3 Comparative Evaluation of Results

This section contrasts the test-set performance of C4.5, Random Forest, and XGBoost under four
settings: no feature selection (baseline), ANOVA, Chi-Square, and AdaBoost-assisted feature selection.
Metrics reported are Accuracy, Precision, Recall, and F1-Score. The goal is to identify the most effective
model feature selection pairing for heart disease classification.

331 C45

C4.5 provides a decision tree model that can be interpreted as a baseline, but this model is
sensitive to noisy or weak predictors. Filtered inputs are expected to sharpen the initial separation and
reduce variance. The results of the C4.5 algorithm evaluation metrics can be seen in Figure 8..

Persentase (%}

Recall Fl-Score

Figure 8. C45 Metrics Evaluation Results

C4.5 shows the lowest baseline values (Accuracy 76.52%, Precision 76.71%, Recall 76.52%, F1
76.48%). Filter-based selection improves performance (C4.5+ANOVA: 86.03/88.13/86.03/85.83%;
C4.5+Chi-Square: 87.01/88.90/87.02/86.85%).

3.3.2 Random Forest

Persentase (%)
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Random Forest is resistant to noise through bagging, but excessive features can still affect the
quality of the division. Therefore, input filtering should stabilize and improve performance. The results
of the Random Forest algorithm evaluation metrics can be seen in Figure 9.

RF without selection recorded 77.50/77.74/77.50/77.45%, indicating residual noise in the
unfiltered input. After selection with ANOVA, Chi-Square, or AdaBoost assistance, the four metrics
converged at the upper end (Accuracy/Recall/F1 = 98.43%, Precision = 98.47%). The nearly identical
scores among the three selectors indicate that after weak predictors are eliminated, bagging with simple
and stable splitting robustly captures the signal.

3.3.3 XGBoost

XGBoost excels on structured problems but is sensitive to weak or noisy features. Effective input
curation is expected to matter more than deeper boosting. The results of the XGBoost algorithm
evaluation metrics can be seen in Figure 10.

Persentase (%)

Accuracy e Fecal

Figure 10. XGBoost Metrics Evaluation Results

It can be seen that unfiltered XGB performs poorly (66.32/66.40/66.32/66.28%). Feature selection
is crucial: XGB+ANOVA achieves the best XGB score (Accuracy/Precision/Recall/F1
94.88/94.97/94.88/94.88%), with Chi-Square and AdaBoost-assisted following behind (~94.4-94.8%).
The results show that input curation has a greater impact than adding boosting depth for this dataset.

3.4  Model Performance Comparison

This section compares the accuracy of all tested models to determine their predictive
effectiveness. The results show that combining classification algorithms with feature selection or
boosting techniques significantly improves accuracy compared to baseline models. These findings help
identify the most optimal model for further implementation. The performance comparison is illustrated
in Figure 11.

60

Figure 11. Model Performance Comparison

As shown in Figure 6. the C4.5 algorithm achieved the lowest baseline accuracy of 76.52%, but
improved notably when combined with ANOVA (86.03%) and Chi2 (87.01%). The highest gain
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occurred with AdaBoost, reaching 97.57%, indicating that boosting effectively enhances C4.5’s
classification capability.

For Random Forest, the baseline accuracy of 77.50% increased sharply to 98.43% with ANOVA,
Chi2, and AdaBoost, showing consistent and robust performance across all enhancement methods.

Meanwhile, XGBoost recorded the lowest baseline accuracy (66.32%) but improved substantially
with ANOVA (94.88%), Chi2 (94.69%), and AdaBoost (94.42%). Overall, these results confirm that
feature selection (ANOVA, Chi2) and boosting (AdaBoost) significantly enhance model performance.
The Random Forest model achieved the best overall accuracy (98.43%) across all methods. The
complete metric comparison is presented in Figure 12.
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Figure 12. Overall Model Evaluation.

For the C4.5 algorithm, the baseline accuracy was 76.52%, indicating limited predictive ability.
After applying ANOVA and Chi2, the accuracy increased to 86.03% and 87.01%, showing that feature
selection effectively removed irrelevant attributes. The best result came from AdaBoost, reaching
97.57%, proving that boosting significantly strengthens C4.5’s classification performance by combining
multiple weak learners.

For Random Forest, the baseline accuracy of 77.50% rose sharply to 98.43% after applying
ANOVA, Chi2, and AdaBoost, all yielding identical high values across every metric. This consistency
shows Random Forest’s high stability and strong generalization, even with different enhancement
methods.

Meanwhile, XGBoost had the lowest baseline accuracy (66.32%) but improved greatly with
ANOVA (94.88%), Chi2 (94.69%), and AdaBoost (94.42%). The ANOVA-based model performed
best, indicating that feature variance-based selection enhances XGBoost’s learning process.

Overall, feature selection and boosting methods consistently improved all models, with Random
Forest showing the most stable and optimal performance across all metrics.

4. DISCUSSIONS

This study demonstrates that systematic feature selection has a stronger influence on predictive
accuracy than increasing model complexity when classifying heart disease from mixed-type tabular data.
Across all evaluated algorithms, applying ANOVA, Chi-Square, and AdaBoost-assisted feature
selection successfully transformed moderate baselines into high-performing models. Random Forest
consistently delivered the most accurate and stable performance, with accuracy, precision, recall, and
F1-score converging around 98.4-98.5 percent after feature reduction. C4.5 exhibited the largest relative
improvement, increasing from approximately 76.5 percent to 97.6 percent when combined with
AdaBoost-assisted importance weighting. XGBoost, which initially showed weaker baseline
performance, also improved substantially, reaching up to 94.9 percent accuracy after ANOVA-based
feature selection. These outcomes reinforce the signal-concentration hypothesis: removing irrelevant or
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redundant attributes sharpens class boundaries, enabling conventional tree learners to achieve near-
ceiling performance.

The dominance of tree-based models aligns with previous research showing that bagged and
boosted trees remain robust and interpretable for structured clinical datasets. By implementing a
leakage-safe pipeline in which SMOTE, feature selection, and hyperparameter tuning occur strictly
within training folds, this study avoids the accuracy inflation commonly found in medical machine-
learning literature. Under this controlled design, Random Forest maintained performance stability once
weak features were pruned. C4.5 benefited the most from AdaBoost-assisted importance ranking, which
encourages early splitting on high-value predictors and reduces overfitting. Improvements observed in
XGBoost after statistical filtering further reinforce evidence that boosting algorithms rely heavily on
curated input spaces.

From an informatics standpoint, the results provide several meaningful implications for real-
world deployment, particularly in medical Al systems. Reduced dimensionality lowers inference latency
and computational overhead, enabling smooth integration into hospital information systems and mobile
decision-support platforms. Smaller feature sets also improve model governance by simplifying
auditing, drift monitoring, and regulatory compliance workflows. Additionally, the scalability of
compact ensemble-tree models enhances their feasibility for multi-center datasets and large-scale
clinical infrastructures.

The strengthened recall and precision at optimal configurations indicate improved sensitivity to
heart-disease cases without raising false-positive rates, which is essential for screening and triage
workflows. The influential features consistently identified—such as CRP, BMI, blood pressure, LDL,
glucose, triglycerides, homocysteine, smoking status, and age—closely mirror established
cardiovascular risk factors. This alignment not only boosts clinical interpretability but also supports
confidence in model deployment for decision-support settings. The compact feature subsets consisting
of around 20-27 high-utility attributes additionally reduce latency and foster efficient real-time
diagnostic support.

Despite the strong results, several important limitations remain. The dataset originates from a
single center, making multi-center external validation necessary for broader generalization. Fairness
across demographic subgroups has not yet been assessed, leaving potential bias unaddressed. The
stability of the three feature selectors under data perturbations also needs further evaluation. Moreover,
probability calibration—typically required for clinical decision thresholds—was not included in this
study. Long-term deployment would require continuous drift monitoring and compliance with
established health-data governance frameworks.

Future work may explore hybrid feature-selection approaches, SHAP-based interpretability for
enhanced clinical explainability, federated learning for privacy-preserving training, and threshold
optimization for improved real-world decision-making. These directions collectively highlight the
broader role of feature selection as a central and often underappreciated driver of performance gains in
medical informatics.

5. CONCLUSION

This study demonstrates that a leakage-safe pipeline integrating stratified splitting, SMOTE-
based class balancing, and in-fold feature selection can achieve highly accurate heart disease
classification on structured clinical data. Exploratory analysis showed balanced categorical distributions
and weak global correlations, supporting the stability of tree-based learners. Among the evaluated
models, Random Forest combined with Chi-Square or ANOVA delivered the strongest and most
consistent performance (approximately 98.4 percent across Accuracy, Precision, Recall, and F1-Score).
C4.5 exhibited substantial improvement when paired with AdaBoost-based feature selection, reaching
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approximately 97.5 percent, while XGBoost improved markedly from its baseline of roughly 66 percent
to around 95 percent after appropriate filtering. These findings indicate that feature relevance exerts a
greater influence on predictive quality than model complexity, enabling compact ensembles to
outperform deeper or more computationally intensive algorithms.

Clinically, the dominant predictors identified—such as CRP, BMI, fasting blood sugar,
triglycerides, homocysteine, blood pressure, LDL cholesterol, smoking status, and age—are consistent
with established cardiovascular risk factors, reinforcing biological plausibility. The convergence
between Precision and Recall across models demonstrates balanced sensitivity and specificity,
suggesting reliable detection of heart-disease cases without an excessive rise in false positives.

Operationally, the Random Forest paired with Chi-Square selection offers a strong balance
between accuracy, interpretability, and computational efficiency, making it well-positioned for clinical
decision-support integration and deployment in real-world health-information systems.

The key contribution of this work lies in demonstrating that a hybrid feature-selection and
boosting framework can substantially improve model reliability—an insight that is increasingly relevant
for computer-science research in medical Al. This approach has the potential to reduce false negatives
by up to 20 percent in resource-limited settings such as Indonesia, where screening precision is critical
for early-stage cardiovascular intervention.

Future research may extend this framework toward multimodal learning by integrating structured
clinical variables with imaging, wearable-sensor signals, or electronic health-record text. Such
integration could enhance robustness, interpretability, and generalizability across diverse healthcare
environments.
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