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Abstract— Heart disease classification models commonly employ statistical normalization techniques that
standardize features according to data distribution but do not explicitly incorporate clinically meaningful
cardiovascular information. This study evaluates Clinical Contextual Normalization (CCN) as an alternative
feature representation strategy for heart disease classification. Using the Cleveland Heart Disease dataset (303
records), standard numerical representation and CCN were evaluated across five classifiers: Logistic
Regression (LR), Support Vector Classifier (SVC), Random Forest (RF), Multilayer Perceptron (MLP), and Naive
Bayes (NB). Model performance was assessed using repeated stratified 10-fold cross-validation with five
repetitions (50 evaluation folds), with recall as the primary metric because false negatives may delay clinical
screening. The results revealed a classifier-dependent response to CCN. Random Forest showed a small
numerical recall increase (ARecall = +0.0059), but the difference was not statistically significant (p = 0.6434).
MLP produced the largest positive numerical recall change (ARecall = +0.0143) and produced 10 more
aggregated true-positive predictions while false positives decreased by two, although its recall difference was
also not statistically significant (p = 0.2195). In contrast, Logistic Regression showed a statistically significant
recall decrease (ARecall = -0.0115, p = 0.0186), while Naive Bayes exhibited the largest significant reduction
(ARecall = -0.0333, p < 0.001). These findings demonstrate that clinically informed feature representation does
not uniformly improve predictive performance but produces classifier-dependent effects. Further validation
using larger and more diverse datasets is required before clinical deployment.

Keywords: Clinical Normalization, Contextual Features, Heart Disease Classification, Recall Optimization, Risk
Based Representation.

Intisari— Model klasifikasi penyakit jantung umumnya menggunakan teknik normalisasi statistik yang
menstandarkan fitur berdasarkan distribusi data, tetapi tidak secara eksplisit memasukkan informasi
kardiovaskular yang bermakna secara klinis. Penelitian ini mengevaluasi Clinical Contextual Normalization
(CCN) sebagai strategi representasi fitur alternatif untuk klasifikasi penyakit jantung. Menggunakan dataset
Cleveland Heart Disease yang terdiri atas 303 data pasien, representasi numerik standar dan CCN dievaluasi
pada lima algoritma klasifikasi: Logistic Regression (LR), Support Vector Classifier (SVC), Random Forest (RF),
Multilayer Perceptron (MLP), dan Naive Bayes (NB). Kinerja model dievaluasi menggunakan repeated
stratified 10-fold cross-validation sebanyak lima pengulangan (50 lipatan evaluasi), dengan recall sebagai
metrik utama karena kesalahan negatif palsu (false negative) dapat menyebabkan keterlambatan dalam
skrining klinis. Hasil penelitian menunjukkan bahwa respons terhadap CCN bergantung pada jenis
pengklasifikasi. Random Forest menunjukkan peningkatan recall secara numerik (ARecall = +0,0059), tetapi
perbedaannya tidak signifikan secara statistik (p = 0,6434). MLP menghasilkan peningkatan recall numerik
terbesar (ARecall = +0,0143) dan menghasilkan 10 prediksi true-positive agregat lebih banyak, sementara
false-positive berkurang sebanyak dua, meskipun perbedaan recall-nya juga tidak signifikan secara statistik
(p = 0,2195). Sebaliknya, Logistic Regression mengalami penurunan recall yang signifikan secara statistik

392 Accredited Rank 2 (Sinta 2) based on the Decree of the Dirjen Penguatan RisBang Kemenristekdikti
No.225/E/KPT /2022, December 07, 2022. Published by LPPM Universitas Nusa Mandiri




JITK (JURNAL ILMU PENGETAHUAN

DAN TEKNOLOGI KOMPUTER)

VOL. 12.NO. 1 AUGUST 2026
P-ISSN: 2685-8223 | E-ISSN: 2527-4864
DOI: 10.33480/jitk.v12i1.8299

(ARecall = -0,0115; p = 0,0186), sedangkan Naive Bayes menunjukkan penurunan signifikan terbesar (ARecall
= -0,0333; p < 0,001). Temuan ini menunjukkan bahwa representasi fitur berbasis informasi klinis tidak
meningkatkan kinerja prediktif secara seragam, melainkan menghasilkan pengaruh yang bergantung pada
karakteristik pengklasifikasi. Validasi lebih lanjut menggunakan dataset yang lebih besar dan beragam
diperlukan sebelum pendekatan ini diterapkan dalam lingkungan klinis.

Kata Kunci: Normalisasi Klinis, Fitur Kontekstual, Klasifikasi Penyakit Jantung, Optimasi Recall, Representasi

Berbasis Risiko.
INTRODUCTION

Cardiovascular disease remains a major
global health burden, and early identification of high
risk patients is central to screening-oriented clinical
decision support [1]. Machine learning has been
widely used to classify heart disease from
structured clinical variables, particularly using
benchmark datasets such as Cleveland,
Framingham, and electronic health record derived
datasets [2]. Recent reviews indicate that the field
has progressed from single classifiers toward
ensemble, deep learning, and explainable Al
frameworks; however, clinical translation is still
constrained by dataset quality, model transparency,
and the way clinical variables are represented
before learning [2].

Recent empirical studies have evaluated
heterogeneous machine-learning approaches for
cardiovascular prediction, including classifier
comparison, feature-selection strategies, ensemble
learning, and explainable prediction frameworks
[3]-[7]- Recent studies have also incorporated
feature selection, ensemble learning, and
explainability techniques into heart-disease
prediction pipelines [6]-[9]. Based on the reviews
we referenced, there is a tendency that heart
disease prediction studies more often report model
performance, feature selection, or XAl rather than
separately  evaluating the influence  of
preprocessing strategies and feature
representation; therefore, this aspect is more
appropriately positioned as an area that is still
relatively underexplored [2].

Akey methodological gap is therefore located
at the feature representation stage. Standard
normalization, such as z-score scaling, transforms
variables according to statistical distribution but
does not encode clinically meaningful boundaries.
In cardiovascular screening, variables such as
resting blood pressure, total cholesterol, maximum
heart rate, and exercise-induced ST depression can
be interpreted using clinically meaningful reference
points, physiological relationships, or derived
representations. Based on the review of existing
sources, ML studies tend to emphasize model
performance, feature selection, or interpretability,
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while controlled evaluations of normalization
alternatives with the same model and validation are
rare; therefore, this research is more appropriately
positioned as a follow up effort that specifically
highlights the role of feature representation.

This distinction is important because feature
representation determines how clinical information
is presented to a learning algorithm before model
training. Clinically informed feature representation
may improve alignment between model inputs and
medical reasoning, but it may also alter feature
distributions, numerical relationships, or the
amount of continuous information available to
particular learning algorithms. Consequently, its
benefit must be tested empirically across different
model families rather than assumed to be
universally positive.

This study evaluates the effect of CCN on
heart disease classification using the Cleveland
Heart Disease dataset. The contribution of this
study is threefold: first, it formulates CCN as a
clinically informed feature-representation strategy
for selected cardiovascular variables; second, it
compares this strategy with conventional numerical
representation across five classifier families under
the same repeated cross-validation framework; and
third, it evaluates both statistical reliability and
practical screening trade-offs through recall, effect-
size analysis, and confusion-matrix interpretation.
Thus, the study contributes not merely another
classifier comparison, but a focused evaluation of
how clinically informed feature representation
interacts with different learning algorithms.

Research Gap And Novel Contribution

Recent literature indicates that heart disease
and cardiovascular prediction research has largely
concentrated on classifier comparison, feature
selection, feature engineering and preprocessing
optimization, ensemble and deep-learning
approaches, and predictive-performance
optimization [2], [4], [6],[10]-[14]. Noroozi et al. [4]
systematically examined multiple feature-selection
strategies for heart disease prediction across
several machine-learning algorithms, while
Praveen et al. [6] combined hybrid feature selection
with an adaptive boosted ensemble approach for
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cardiovascular disease prediction. Similarly,
Sumwiza et al. [15] demonstrated the effectiveness
of Random Forest-based models for cardiovascular
disease prediction. Collectively, these studies have
contributed to algorithmic improvement and
feature optimization; however, limited attention
has been given to evaluating how clinically
informed feature representation influences model
behavior.

Recent studies have explored statistical or
computational normalization, feature engineering,
data harmonization, and feature-transformation
strategies for cardiovascular prediction [12], [16]-
[21]; however, these approaches do not specifically
evaluate clinically informed feature representations
derived from cardiovascular reference points and
physiological relationships. As a result, the effect of
embedding cardiovascular risk semantics into the
preprocessing stage remains insufficiently
explored.

The novelty of this study is not the
development of a new classification algorithm, but
the systematic evaluation of CCN as a clinically
informed feature-representation strategy. Unlike
previous studies that primarily focus on model
optimization, feature selection, or post-hoc
explainability, this research isolates the feature-
representation stage and evaluates its effects across
heterogeneous classifier families under the same
validation framework.

The methodological contribution lies in
representing selected cardiovascular variables
using clinically motivated reference points and
physiological relationships, thereby introducing
domain-specific medical knowledge into the feature
representation process. The empirical contribution
is demonstrated through comparative evaluation
across five model families, statistical significance
testing, effect size analysis, and screening-oriented
trade-off assessment. This design allows the study
to determine not only whether CCN changes
performance, but also whether such changes are
statistically reliable and relevant to screening-
oriented trade-offs.

Evidence supporting this contribution is
reflected in the heterogeneous responses observed
across classifier families under identical validation
conditions. CCN produced different directions and
magnitudes of recall change across the evaluated
models, with statistically significant reductions
observed for some classifiers and non-significant
numerical improvements for others. These findings
provide empirical evidence that clinically informed
feature representation can influence classifier
behavior differently even when the underlying
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clinical variables and validation framework are held
constant.

Table 1. State of the Art Comparison and Research
Gap Analysis in Heart Disease Prediction Studies

Algorith Featur Clinical  Statisti Screeni
Study m e X  Feature c_al . ng
Compari Selecti Al Representa Validati Trade-
son on tion on off
Norooz
ietal v v X X X X
[4]
Pravee
n et al v v X X X X
(6]
Sumwi
zaetal. v v X X X X
[15]
Shimiz
u et al. v X N X v X
(7]
Propos
ed v X X v v v
Study

Source: (Research Results, 2026)

The classification of prior studies shown in
Table 1 was derived from the methodological
descriptions  reported in the respective
publications. Noroozi et al. [4] evaluated multiple
feature-selection strategies across several machine-
learning algorithms, while Praveen et al. [6]
combined hybrid feature selection with an adaptive
boosted ensemble approach for cardiovascular
disease prediction. Similarly, Sumwiza et al. [15]
demonstrated the effectiveness of Random Forest-
based models for cardiovascular disease prediction.
Shimizu et al. [7] compared multiple machine-
learning algorithms for cardiovascular risk
prediction and incorporated LIME and Shapley
values to support model interpretability, including
evaluation on an external cohort. Among the
representative studies summarized in Table 1, none
explicitly evaluated clinically informed feature
representation as a controlled methodological
factor under the same classifier and validation
framework.

Table 1 summarizes the positioning of the
proposed study relative to previous heart disease
prediction research. Existing studies predominantly
focus on classifier comparison, ensemble learning,
feature selection, dimensionality reduction, or
explainable Al techniques. In contrast, the present
study explicitly evaluates CCN as a feature
representation strategy and assesses its impact
through statistical significance testing, effect size
analysis, and screening-oriented trade-off
evaluation. This comparison highlights the
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methodological gap addressed by the study and

provides empirical support for its novelty
contribution.
MATERIALS AND METHODS
This study employed a quantitative

experimental research design to evaluate the effect
of CCN on heart disease classification performance.
The experiment was structured as a comparative
analysis between two feature-representation
schemes: conventional numerical representation
and CCN based on clinically meaningful reference
points and physiological relationships. The
objective was to determine whether embedding
clinical semantics into feature representation
influences classification reliability, particularly in
terms of recall performance.

The dataset used in this research was the
Cleveland Heart Disease dataset obtained from the
UCI Machine Learning Repository [22]. The dataset
consists of 303 patient records with 13 clinical
attributes. For the present classification
experiment, the diagnostic target was represented
as a binary outcome indicating the absence or
presence of heart disease. As shown in Table 2,
Class 0, indicating no heart disease, contains 164
records (54.13%), while Class 1, indicating heart
disease, contains 139 records (45.87%). This
distribution indicates that the dataset is relatively
balanced, with no severe class imbalance that could
strongly bias the classification results.

Table 2. Class Distribution of the Heart Disease

Dataset
Target Clinical Frequency Percentage
Class Meaning
0 No heart 164 54.13%
disease
1 Heart disease 139 45.87%
Total 303 100.00%

Source: (Research Results, 2026)

The features include demographic and
physiological variables such as age, resting blood
pressure (trestbps), serum cholesterol (chol),
maximum heart rate achieved (thalach), ST
depression induced by exercise (oldpeak), and
several categorical clinical indicators. Although the
Cleveland dataset contains 13 predictor attributes,
the controlled feature-representation experiment
in this study focused on five continuous
cardiovascular variables: age, resting blood
pressure (trestbps), serum cholesterol (chol),
maximum heart rate achieved (thalach), and
exercise-induced ST depression (oldpeak). These
variables were selected because they were directly
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targeted by the CCN transformations. Accordingly,
the Standard and CCN schemes were compared
using corresponding representations derived from
the same five underlying clinical variables, allowing
the effect of feature representation to be evaluated
without changing the underlying clinical
information being compared. The dataset was
selected because of its standardized structure and
continued use as a benchmark in contemporary
heart-disease classification studies [4].

To ensure methodological transparency and
reproducibility, the research process was
structured into a series of sequential stages,
beginning from data acquisition and ending with
statistical and practical evaluation. The complete
workflow is presented in Figure 1.

( N\

Dataset Acquisition
N
Z

(Cleveland Heart Disease Dataset)

AN

Data Understanding & Preparation
Missing-value inspection, Outlier
inspection, Feature preparation

J\_

Controlled Feature Set: 5
cardiovascular variables

AN

Scheme A Scheme C
Standard CCN
Representation Representation

AN

Model Development
Logistic Regression, SVC (RBF),
Random Forest, MLP, Naive Bayes

Model Validation
Repeated Stratified
10-Fold CV x 5 Repeats (n = 50 folds) )

2\
J

Performance Evaluation
Accuracy, Recall, F1-score, PR-AUC

Statistical Analysis
Wilcoxon Test, Effect Size Analysis

N\ (
J

/oY Yo W oW oW aYe

Practical Evaluation
Confusion Matrix, TP/FP Trade-off

Screening Interpretation
G J

Source: (Research Results, 2026)
Figure 1. Experimental Pipeline for Comparing
Standard and CCN

The study started with the acquisition of
the Cleveland Heart Disease dataset from the UCI
Machine Learning Repository. This dataset was
selected because it is one of the most widely used
benchmark datasets in cardiovascular prediction
research, allowing direct comparison with previous
studies. However, its relatively small sample size
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and single-center origin should be considered when
interpreting the generalizability of the findings.

After data acquisition, an initial data
understanding stage was conducted to examine
class distribution, feature characteristics, and
potential data quality issues. This stage was
necessary because preprocessing decisions may
influence downstream model behavior and
evaluation outcomes. The initial data preparation
stage included examination of missing values,
potential outliers, and feature characteristics.
Following this inspection, the controlled
experiment constructed the Standard and CCN
representations  from the five  selected
cardiovascular  variables  before  classifier
evaluation. This separation allowed the subsequent
analysis to focus specifically on differences arising
from feature representation.

The study then implemented two
alternative feature representation strategies. The
first strategy retained the selected cardiovascular
variables in their conventional numerical
representation, with z-score standardization
incorporated within the pipelines of scale-sensitive
classifiers. The second strategy applied CCN, in
which the same wunderlying variables were
represented using clinically meaningful reference
points, contextual ratios, physiological
relationships, and retained continuous values. This
design was intended to isolate the effect of feature
representation  while maintaining identical
experimental conditions across models.

The model development stage involved five
classification algorithms representing different
learning paradigms: Logistic Regression (linear
model), Support Vector Machine with RBF kernel
(kernel-based model), Random Forest (tree-based
ensemble model), Multilayer Perceptron (neural
network model), and Naive Bayes (probabilistic
model). The selection was deliberately designed to
investigate whether clinically informed feature
representation affects different model families in
distinct ways rather than assuming uniform
benefits across classifiers.

To reduce evaluation bias and improve
robustness, model validation was performed using
repeated stratified 10-fold cross-validation with
five repetitions, resulting in 50 evaluation folds.
Stratification preserved class proportions in each
fold, while repetition reduced variance caused by a
single random partition. For scale-sensitive
classifiers, statistical scaling was incorporated
within the corresponding model pipeline, with
scaling parameters estimated from the training
partition and subsequently applied to the
corresponding validation partition.
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The evaluation stage consisted of two
complementary perspectives. First, predictive
performance was assessed using Accuracy, Recall,
F1-score, and PR-AUC. Recall was designated as the
primary metric because false negative predictions
may delay the identification of patients requiring
further cardiovascular assessment. Second,
statistical significance was examined using the
Wilcoxon signed-rank test, complemented by effect
size analysis to distinguish between statistical
significance and practical relevance.

Finally, a practical screening-oriented
analysis was conducted through confusion matrix
aggregation and trade-off evaluation. This stage was
included  because statistically  significant
improvements do not automatically imply clinical
usefulness. The analysis therefore examined
whether increases in true positive detection were
accompanied by increases in false positives,
providing a more realistic assessment of the
potential impact of CCN in screening-oriented
decision support systems.

Normalization Schemes

To systematically evaluate the influence of
feature representation on classification
performance, two normalization scenarios were
implemented in this study: Scheme A (Standard
Statistical Normalization) and Scheme C (Clinical
CCN). Both schemes were applied within identical
cross-validation  pipelines to ensure that
performance differences reflect representation
effects rather than algorithmic variation.

A. Standard Statistical Normalization (Scheme
A)

Scheme A represents the five selected
cardiovascular variables—age, trestbps, chol,
thalach, and oldpeak—in their conventional
continuous numerical form. For scale-sensitive
classifiers, Z-score standardization was
incorporated within the corresponding model
pipeline, with the scaling parameters estimated
from the training partition. Random Forest was
evaluated using the same conventional numerical
feature representation without scale-dependent
standardization. In this approach, z-score
normalization is used to standardize each feature
according to its distribution within the training
data. The transformation is defined as:

X =— (1)

where x represents the original feature value, u is
the mean, and o is the standard deviation estimated
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from the corresponding training partition. This
transformation was applied within the pipelines of
the scale-sensitive classifiers to reduce differences
in numerical scale while preserving the continuous
representation of the original variables. This
normalization ensures zero mean and unit variance,
thereby preventing scale dominance and improving
convergence behavior for distance based and
gradient based models.

The objective of Scheme Aisto preserve the
continuous statistical structure of the data while
ensuring numerical stability during model training.
The following numeric attributes were normalized
under Scheme A: age, resting blood pressure
(trestbps), serum cholesterol (chol), maximum
heart rate achieved (thalach), ST depression
(oldpeak). Table 3 summarizes the conventional
numerical representation used in Scheme A. The
five selected cardiovascular variables were retained
as continuous measurements, while z-score
standardization was applied within the pipelines of
scale-sensitive classifiers during model evaluation.

Table 3. Conventional Numerical Representation
Used in Scheme A

Variable Standard Representation
age Continuous numerical value
trestbps Continuous numerical value
chol Continuous numerical value
thalach Continuous numerical value
oldpeak Continuous numerical value

Source: (Research Results, 2026)

B. CCN (Scheme C)

Scheme C applies Clinical Contextual
Normalization (CCN), a clinically informed feature-
representation strategy that incorporates clinically
meaningful reference points and physiological
relationships into selected cardiovascular variables.
Unlike Scheme A, which retains the conventional
continuous numerical representation, CCN
combines clinically anchored categorical, ratio-
based, physiologically derived, and continuous
representations. The transformations were defined
as follows.

Age (age). Age was retained as a continuous
variable:

age, = age

Resting Blood Pressure (trestbps). Resting blood
pressure was represented using three operational
categories inspired by commonly used clinical
blood-pressure reference thresholds [23]. In the
implemented transformation, values were mapped
as >0-120 mmHg, >120-140 mmHg, and >140-300
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mmHg, corresponding to CCN category values of 0,
1, and 2, respectively.

0, trestbps < 120
trestbps.q,: = 11,120 < trestbps < 140
2,trestbps > 140

Serum Cholesterol (chol). Rather than converting
cholesterol into discrete categories, serum
cholesterol wasrepresented as a ratio relative to the
clinically established reference value of 200 mg/dL
[24]

chol

cholyqtip = m

Maximum Heart Rate (thalach). Age-predicted
maximum heart rate was first calculated using the
equation proposed by Tanaka et al. [25]:

hrmax,,..q = 208 —0.7(age)

The achieved maximum heart rate was then
represented relative to this age-predicted value:

thalach
thalacyqtio = PR (2)
TMaXpred

ST Depression (oldpeak). Exercise-induced ST
depression was retained as a continuous variable:

oldpeak;, = oldpeak

Thus, the CCN model input consisted of five
representations corresponding to the same five
underlying cardiovascular variables used in Scheme
A: agen, trestbpscat, cholratio, thalachratio, and oldpeakn.
The variable hrmaxpres served only as an
intermediate physiological quantity for calculating
thalachratio and was not included as an additional
model predictor. To illustrate the contextual feature
transformation applied in this study, a sample of the
dataset after clinical normalization is presented in
Table 4. The table illustrates how the selected
clinical variables are represented using a
combination of operational categories, contextual
ratios, physiological relationships, and retained
continuous values.

Table 4. Example of Clinical Contextual Feature

Representation
age_ trestbps_c chol_rat hrmax_pr thalach_rat oldpeak
h at io ed io _h
63 2 1.165 163.9 0.915 2.3
67 2 1.430 161.1 0.670 1.5
67 0 1.145 161.1 0.801 2.6
397
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age_ trestbps_c chol_rat hrmax_pr thalach_rat oldpeak

h at io ed io _h
37 1 1.250 182.1 1.027 3.5
41 1 1.020 179.3 0.959 1.4

Source: (Research Results, 2026)

Note: hrmaxpreda is presented to illustrate the
physiological derivation of thalachrato. It is an
intermediate quantity and was not included as an
additional predictor during model training.
Therefore, both Scheme A and Scheme C used five
corresponding model-input features.

The contextual transformation was
designed to incorporate clinically meaningful
reference points and physiological relationships
directly into feature representation. The
transformations were heterogeneous rather than
uniformly categorical: resting blood pressure was
represented  categorically, cholesterol and
maximum heart rate were expressed through
contextual ratios, while age and oldpeak retained
their continuous values. Consequently, CCN
modifies the representation of selected variables
without uniformly discretizing the entire feature
space. This design preserves correspondence with
the five underlying cardiovascular variables while
introducing clinical context into selected
representations.

Tables 3 and 4 illustrate two different
feature-representation strategies applied to the
same underlying cardiovascular variables. Scheme
A retains the variables in their conventional
continuous numerical form, with z-score
standardization incorporated for scale-sensitive
classifiers. In contrast, CCN introduces clinically
motivated categorical, ratio-based, and
physiological representations while retaining
selected variables continuously. Consequently,
performance differences between the two schemes
should be interpreted as effects associated with
alternative representations of the same underlying
clinical information rather than as the consequence
of adding different clinical predictors.

Conceptual Comparison Between Scheme A and
Scheme C

Scheme A retains the conventional
continuous numerical representation of the five
selected cardiovascular variables and applies
statistical scaling where required by the classifier.
In contrast, Scheme C introduces clinical context
through a combination of categorical, ratio-based,
physiologically derived, and continuous
representations. Therefore, the principal distinction
between the two schemes lies in how the same
underlying clinical information is represented for
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machine learning rather than in the inclusion of
additional predictor variables. Both schemes were
evaluated using the same classifier configurations
and repeated stratified cross-validation framework.
Accordingly, the observed performance differences
were examined primarily in relation to the
alternative feature-representation strategies rather
than differences in classifier configuration. For
model evaluation, five classification algorithms
were implemented: Logistic Regression, Support
Vector Machine with RBF kernel, Random Forest,
Multilayer Perceptron (MLP), and Naive Bayes. The
experimental evaluation employed repeated
stratified 10-fold cross-validation with five
repetitions, resulting in 50 evaluation folds.

While existing studies predominantly
emphasize  algorithmic optimization, model
ensembling, and hyperparameter tuning, this study
focuses on the role of feature representation in
medical classification. CCN introduces clinically
informed representations through a combination of
reference-based categorization, contextual ratios,
and physiological relationships while preserving
selected variables in continuous form. The approach
is evaluated across heterogeneous classifier
families using a common repeated cross-validation
framework, paired statistical testing, effect-size
analysis, and screening-oriented confusion-matrix
interpretation. This design enables the study to
examine whether alternative representations of the
same underlying cardiovascular information
produce different responses across learning
algorithms.

RESULTS AND DISCUSSION

To evaluate the impact of normalization
strategy, two experimental pipelines were
implemented. Pipeline A retained the five selected
variables in their conventional numerical
representation, with z-score standardization
incorporated within the pipelines of scale-sensitive
classifiers, whereas Pipeline C utilized CCN through
clinically motivated categorical, ratio-based,
physiological, and continuous representations. All
classifiers were trained and evaluated under
identical cross-validation conditions to ensure fair
comparison. The performance differences reported
in this section therefore reflect the influence of
feature representation rather than algorithmic
tuning. This section presents the experimental
results and provides a comprehensive discussion of
their implications in relation to the research
objective, namely evaluating the impact of CCN on
heart disease classification performance.
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Performance Comparison Between
Normalization Schemes

The first analysis compares classification
performance between the standard statistical
normalization scheme and the CCN scheme. The
average results across 50 cross-validation folds are

summarized in Table 5.

Table 5. Average Classification Performance Across
Normalization Schemes

Dataset Model Accuracy Recall Fl-score PR-AUC
Clinical LR 0.7089  0.6589  0.6720 0.7835
Clinical MLP 0.6876  0.6012  0.6357 0.7643
Clinical NB 0.7194 0.5982  0.6575 0.7936
Clinical RF 0.7097 0.6585 0.6733 0.7791
Clinical SvC 0.6852  0.5992  0.6349 0.7291
Standard LR 0.7162  0.6704 0.6819 0.7893
Standard ~ MLP 0.6798  0.5869  0.6226 0.7591
Standard NB 0.7168 0.6315 0.6686 0.7900
Standard RF 0.7044 0.6525 0.6675 0.7737
Standard SVC 0.7247 0.6138 0.6684 0.7686

Source: (Research Results, 2026)

Table 5 demonstrates that the effect of CCN
varies across classifier families. RF and MLP showed
numerical increases in mean recall under CCN,
whereas LR, SVC, and NB showed lower mean recall
than under the Standard representation. These
differences indicate that alternative
representations of the same underlying
cardiovascular variables may interact differently
with the learning characteristics of individual
classifiers. However, differences in mean
performance alone do not establish statistical
superiority; therefore, the reliability of these
changes was further evaluated using paired fold-
level statistical testing. Accordingly, the
effectiveness of CCN should be interpreted as a
classifier-dependent phenomenon rather than as a
general preprocessing improvement applicable to
all machine-learning algorithms. To formally
represent the primary evaluation metricused in this
study, recall is defined as:

Recall = —% (3)
TP+FN

where TP represents the number of correctly
classified positive cases (true positives), and FN
represents the number of false negatives. In this
study, recall was prioritized because false-negative
predictions correspond to positive cases that are
not identified by the classifier. The numerical
decreases observed for SVC and NB further
illustrate that clinically informed representation is
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not necessarily beneficial for every classifier. One
possible  explanation is that the CCN
transformations modify feature distributions and
numerical relationships in ways that interact
differently with classifier assumptions. Kernel-
based methods such as SVC depend on the geometry
of the input feature space, whereas probabilistic
classifiers such as NB are sensitive to the
distributional characteristics of the represented
variables. Importantly, however, these mechanisms
should be interpreted as plausible explanations
rather than established causal effects. The
subsequent paired statistical analysis distinguishes
which observed recall changes were sufficiently
consistent across folds to reach statistical
significance. Additionally, the average recall across
repeated cross-validation folds is computed as:

= 1
R=2Yi1Ri )

where Ri denotes the recall value obtained in fold i,
and k is the total number of evaluation folds (k=50
in this study). This formulation ensures that
performance estimation reflects stability across
multiple data partitions rather than a single split.

Statistical Significance Analysis

To determine whether the performance
differences between the Standard and CCN schemes
were statistically significant, the Wilcoxon signed-
rank test was applied to paired recall values
obtained from the repeated cross-validation folds.
The test was used to assess whether the paired
recall differences were systematically centered
around zero without assuming normality of the
paired differences. Let di= Rccn,i = Rstandard,i represent
the difference in recall for fold i, where i = 1,2,...,n

and n = 50. The signed-rank quantity can be
expressed as:

—\'n
W = XiLisgn(dy).R; (5)
where:

di = paired difference between schemes
sgn(di) = sign of the difference (+1 or -1)
Ri=rank of the absolute difference |dil

The test evaluates whether the paired
differences are systematically centered around zero
based on their signed ranks. Under the null
hypothesis, the distribution of positive and negative
ranks is symmetric. A p-value below 0.05 indicates
statistically significant performance differences
between normalization schemes. The results are
summarized in Table 6.
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Table 6. Statistical Comparison Using Wilcoxon

Signed-Rank Test
p- Effec

Mod ARec  value Effec.tt Interpreta
el all (Reca  size magni tion
ude
11 r
LR -0.01 0.01 -0.3 Modera 5 Significant
15 86 33 te 0 Decrease
-0.01 0.122 -0.2 5 Not
SV 46 2 19 Small 4 gignificant
RF +0.00 0.643 +0.0 Negligi 5 Not
59 4 65 ble 0  Significant
+0.01  0.219 +0.1 5 Not
MLP s 5 74 Smal 4 gionificant
-0.03 <0.0 -0.5 5  Significant
NB 33 01 60 "8 o Decrease

Source: (Research Results, 2026)

Table 6 presents the paired Wilcoxon signed-
rank analysis of recall differences between Standard
representation and CCN across the 50 matched
cross-validation folds. The results demonstrate a
heterogeneous and classifier-dependent response
to CCN. Logistic Regression showed a statistically
significant decrease in recall (ARecall =-0.0115,p =
0.0186, r = -0.333), corresponding to a moderate
effect. Naive Bayes exhibited the largest statistically
significant recall reduction (ARecall = -0.0333, p <
0.001, r = -0.560), with a large effect size. In
contrast, Random Forest showed a small numerical
increase in recall (ARecall = +0.0059), but the
difference was not statistically significant (p =
0.6434, r = 0.065). MLP similarly exhibited a
numerical recall increase (ARecall = +0.0143)
without statistical significance (p = 0.2195, r =
0.174). SVC showed a numerical recall reduction
(ARecall = -0.0146), although the paired difference
was also not statistically significant (p = 0.1222,r =
-0.219).

The Wilcoxon signed-rank test was
conducted using 50 paired fold-level recall scores
obtained from the repeated cross-validation
scheme (10 folds x 5 repeats). Effect-size analysis
was used alongside the p-value to characterize the
magnitude and direction of the paired differences.
Only LR and NB showed statistically significant
differences, and both effects represented decreases
in recall under CCN. RF and MLP showed positive
numerical recall changes, but these differences
were not statistically significant, while the
numerical decrease observed for SVC was also not
statistically significant. These findings indicate that
CCN does not produce a uniform performance
advantage across classifier families. Instead, its
effect depends on the interaction between the
alternative feature representation and the learning
characteristics of each classifier.

To further illustrate the impact of CCN, a
comparative visualization of recall performance
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across models is presented in Figure 2. The graph
displays the average recall obtained under both
normalization schemes for each classification
algorithm.

074 Normalization Method

N Clinical
0.6 Standard
0.5+
0.4
0.3+
0.29
014
0.0 4
LR SVC RF MLP NB

Classification Model

@

Mean Recall

Source: (Research Results, 2026)
Figure 2. Comparison of Recall Performance
Between Standard and Clinical Normalization

Figure 2 illustrates the classifier-
dependent recall responses to CCN. RF and MLP
showed numerical increases in mean recall,
whereas LR, SVC, and NB showed numerical
decreases relative to the Standard representation.
Among the evaluated classifiers, MLP exhibited the
largest positive numerical recall change (ARecall =
+0.0143), followed by RF (ARecall = +0.0059).
However, as demonstrated by the paired statistical
analysis in Table 6, neither increase was statistically
significant. Therefore, Figure 2 should be
interpreted as a descriptive visualization of model-
specific recall changes rather than evidence that a
particular classifier family consistently benefits
from CCN.

Trade-Off Analysis of Detection and False Alarm

Beyond statistical averages, practical
screening systems must balance sensitivity and
false alarms. Table 7 summarizes the aggregated
confusion matrix comparison.

Table 7. Aggregated Confusion Matrix Comparison

for MLP
Scheme TP FP FN TN
Standard 408 198 287 622
CCN 418 196 277 624
Change +10 -2 -10 +2

Source: (Research Results, 2026)

Table 7 presents the aggregated confusion-
matrix results for MLP across the repeated cross-
validation evaluations. Under CCN, the aggregated
number of true-positive predictions increased from
408 to 418, while false-negative predictions

Accredited Rank 2 (Sinta 2) based on the Decree of the Dirjen Penguatan RisBang Kemenristekdikti
No.225/E/KPT /2022, December 07, 2022. Published by LPPM Universitas Nusa Mandiri



JITK (JURNAL ILMU PENGETAHUAN

DAN TEKNOLOGI KOMPUTER)

VOL. 12.NO. 1 AUGUST 2026
P-ISSN: 2685-8223 | E-ISSN: 2527-4864
DOI: 10.33480/jitk.v12i1.8299

decreased from 287 to 277. False-positive
predictions also decreased slightly from 198 to 196,
accompanied by an increase in true negatives from
622 to 624. Thus, the MLP results show a favorable
descriptive screening pattern, with more positive
predictions correctly identified without an
accompanying increase in false-positive
predictions. Because these counts are aggregated
across repeated cross-validation folds, they should
be interpreted as cumulative prediction outcomes
rather than as counts of unique patients. To analyze
detection reliability and false alarm control
simultaneously, a trade-off visualization is
presented in Figure 3. The graph plots the change in
true positives (ATP) on the vertical axis and change
in false positives (AFP) on the horizontal axis.

[SpsitrarZopé:
erodse i TF(1yan

J/[l"

cefesse in FP (1)

JHR

Change in True Positives (ATP)

&B

-30 -20 -10

o 10 20 30 40 50
Change in False Positives (AFP)

Source: (Research Results, 2026)
Figure 3. Descriptive Trade-Off of Changes in True-
Positive and False-Positive Predictions

Figure 3 provides a descriptive visualization
of changes in true-positive and false-positive
predictions under CCN relative to the Standard
representation. The upper-left quadrant (ATP > 0
and AFP < 0) represents a potentially favorable
screening pattern because additional positive cases
are correctly detected without an increase in false-
positive predictions. MLP and RF are positioned in
this quadrant, indicating favorable descriptive
trade-offs in their aggregated prediction outcomes.
However, these patterns should be interpreted
together with the inferential results in Table 6.
Neither the recall increase for MLP nor that for RF
was statistically significant. Therefore, their
position in the favorable quadrant indicates a
descriptive screening pattern rather than evidence
of statistically reliable superiority of CCN.
Conversely, the responses of the other classifiers
further demonstrate that the direction of the CCN
effect is model dependent.

Reducing false-negative predictions while
avoiding unnecessary increases in false-positive
predictions is an important practical consideration
in the screening-oriented interpretation of the
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present results. From a screening-oriented
perspective, the MLP results are noteworthy
because the aggregated prediction outcomes under
CCN included 10 more true-positive predictions and
10 fewer false-negative predictions, while false
positives decreased by two. This pattern suggests
that, for MLP in the present experiment, the
alternative feature representation produced a
favorable descriptive balance between positive-
case detection and false-alarm control. However,
these values represent aggregated prediction
outcomes across repeated cross-validation folds
and should not be interpreted as 10 additional
unique patients detected.

The magnitude and reliability of this pattern
should also not be overstated. The paired recall
difference for MLP was not statistically significant
(p = 0.2195, r = 0.174), and comparable benefits
were not consistently observed across the other
classifiers. Accordingly, the MLP trade-off provides
complementary descriptive information to the fold-
level statistical analysis rather than evidence of a
general clinical benefit of CCN. These findings
motivate further investigation of CCN in screening-
oriented applications, particularly to determine
whether the favorable descriptive pattern observed
for MLP can be reproduced in larger and externally
validated clinical cohorts.

Descriptive Analysis of Feature Representation
Scale

An additional descriptive analysis examined
how the numerical scale of selected features
changed after CCN transformation. Because CCN
includes categorical and ratio-based
representations, the resulting features are
expressed on scales that differ from those of the
original measurements. Table 8 therefore reports
the standard deviations of the corresponding
representations as a descriptive illustration of these
scale changes rather than as a direct measure of
improved statistical stability.

Table 8. Descriptive Standard Deviation of
Standard and CCN Feature Representations

Underlying SD of Standard SD of CCN
Variable Representation Representation
trestbps 17.5997 0.7275
chol 51.7769 0.2589
thalach 22.8750 0.1258
oldpeak 1.1611 1.1611
age 9.0387 9.0387

Source: (Research Results, 2026)

Note: Standard deviations across the two
representation schemes are descriptive and are not
directly comparable as measures of variance
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reduction because several CCN features are expressed
on transformed numerical scales.

Table 8 illustrates that CCN changes the
numerical scale of several feature representations.
The standard deviations of age and oldpeak remain
unchanged because these variables retain their
original continuous values. In contrast, cholesterol
is expressed relative to a reference value of 200
mg/dL, maximum heart rate is represented as a
ratio to age-predicted maximum heart rate, and
resting blood pressure is represented categorically.
Consequently, their numerical dispersion differs
from that of the original measurements.

These differences should not be interpreted
as evidence that CCN inherently reduces noise or
improves feature stability, because the transformed
variables are expressed on different numerical
scales. Instead, the table provides a descriptive view
of how clinically informed transformations alter the
statistical representation presented to the learning
algorithms. Such changes in representation may
contribute to the classifier-dependent responses
observed in Tables 5 and 6, but the present
experiment does not isolate the specific mechanism
responsible for each model's response. Therefore,
relationships  between transformed feature
distributions and classifier behavior should be
regarded as hypotheses for further investigation
rather than causal explanations established by the
current results.

Clinical Implication

The potential clinical relevance of CCN lies
in incorporating clinically meaningful reference
points and physiological relationships into selected
feature representations rather than relying
exclusively on conventional numerical
representation. In the present implementation,
resting blood pressure was represented
categorically, cholesterol was expressed relative to
a clinical reference value, maximum heart rate was
contextualized using an age-predicted physiological
relationship, while age and exercise-induced ST
depression retained their continuous values. This
approach is intended to reduce the semantic gap
between selected clinical measurements and their
representation for machine-learning analysis.

The empirical findings do not demonstrate
a uniform screening advantage of CCN. RF and MLP
showed positive numerical recall changes, but
neither difference was statistically significant.
Nevertheless, MLP exhibited a favorable descriptive
screening pattern in the aggregated repeated cross-
validation predictions, with 10 more true-positive
predictions and 10 fewer false-negative predictions
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while false positives decreased by two. Conversely,
LR and NB showed statistically significant recall
reductions under CCN. These heterogeneous
findings indicate that clinically informed
representation should not be assumed to improve
screening performance across classifier families.
From a future implementation perspective, CCN
could be investigated as a feature-representation
component within an offline clinical decision-
support  pipeline. Routine  cardiovascular
measurements could first be transformed into their
corresponding CCN representations before being
processed by a validated classification model.
However, such integration should only be
considered after external validation on larger,
multi-center, and clinically representative cohorts.
The present results should therefore be viewed as
methodological evidence regarding feature
representation rather than as validation of a
deployable clinical decision-support system.

The observed MLP trade-off warrants
careful interpretation. In screening-oriented
applications, reducing false-negative predictions is
generally desirable because missed positive cases
may delay further clinical assessment. In the
present experiment, the aggregated MLP
predictions under CCN showed more true positives
and fewer false negatives without an increase in
false positives. However, these counts were
accumulated across repeated cross-validation folds
and do not represent additional unique patients
detected. Moreover, the paired recall difference for
MLP was not statistically significant. Accordingly,
this pattern should be interpreted as a descriptive
screening signal that warrants external
investigation rather than as evidence of established
clinical benefit.

Several limitations should be considered
before translating these findings into clinical
practice. The study was conducted using the
Cleveland Heart Disease dataset, which contains
only 303 records and represents a single
benchmark population. Consequently, the observed
classifier-dependent effects may not necessarily
generalize to larger, multi-center, or
demographically  diverse  patient  cohorts.
Furthermore, the proposed normalization strategy
was evaluated in an offline experimental setting
rather than within an operational clinical workflow.
Future studies should therefore examine its
robustness using external validation datasets,
electronic health record data, and prospective
clinical decision-support environments.
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Overall Discussion

The findings of this study demonstrate that
feature  representation is an  important
methodological  factor in  heart disease
classification. Previous studies have predominantly
emphasized classifier = comparison, feature
selection, ensemble learning, or explainability-
oriented modeling [4], [6], [7]. In contrast, the
present results show that modifying the
representation of selected clinical variables can
alter model behavior, recall performance, and
screening-oriented trade-offs even when the
classifier configurations and validation procedures
are maintained.

This finding supports the view that feature
representation should be evaluated as part of model
design rather than treated merely as a routine
preprocessing step. A notable observation is that
the effect of CCN is strongly classifier dependent. RF
and MLP showed positive numerical changes in
recall under CCN, but neither difference was
statistically significant. RF exhibited a small
numerical recall increase (ARecall = +0.0059, p =
0.6434,r=0.065), whereas MLP showed the largest
positive numerical change (ARecall = +0.0143, p =
0.2195, r = 0.174). Although these results do not
establish statistical superiority, the aggregated MLP
predictions showed a favorable descriptive
screening pattern, with more true-positive and
fewer false-negative predictions without an
increase in false positives. Therefore, the positive
responses observed for RF and MLP should be
interpreted as model-specific descriptive patterns
rather than evidence that CCN consistently
improves predictive performance.

A different response was observed for LR,
SVC, and NB. Logistic Regression experienced a
statistically significant reduction in recall (ARecall =
-0.0115,p=0.0186, r =-0.333), corresponding to a
moderate effect, while Naive Bayes showed the
largest significant reduction (ARecall =-0.0333, p <
0.001, r = -0.560), corresponding to a large effect.
SVC also showed a numerical recall decrease
(ARecall = -0.0146), although the difference was
not statistically significant (p = 0.1222, r = -0.219).
These heterogeneous responses demonstrate that
clinically informed feature representation can
produce positive, negligible, or adverse
performance changes depending on the interaction
between the transformed feature space and the
learning characteristics of the classifier.

These findings highlight a broader
methodological issue in medical artificial
intelligence: clinical meaning and statistical
information are not necessarily equivalent.

Clinically motivated transformations can make
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selected representations more closely aligned with
medical reference points or physiological
relationships, but they can also modify the
numerical structure available to a learning
algorithm. In the present CCN implementation,
these changes are heterogeneous: resting blood
pressure is represented categorically, cholesterol
and maximum heart rate are expressed through
contextual ratios, while age and oldpeak remain
continuous. Consequently, the effect cannot be
attributed solely to discretization. Rather, each
classifier is exposed to an alternative
representation of the same underlying clinical
information, and its response depends on how that
representation interacts with its learning
characteristics.

From a research perspective, the study also
relates to the broader development of interpretable
cardiovascular ~ machine learning. Recent
cardiovascular prediction research has combined
predictive modeling with post-hoc interpretability
methods such as LIME and Shapley values [7], [8]. In
contrast, clinically informed feature representation
provides one possible avenue for incorporating
domain knowledge before model training. However,
the present study evaluates its effects on classifier
behavior and does not establish that CCN itself
improves model explainability. Future studies
should therefore directly evaluate whether
clinically informed representations improve
clinician understanding, explanation quality, or
trustin model outputs.

The novelty of this study therefore lies not in
proposing a new classifier or optimization
algorithm, but in systematically evaluating CCN as a
clinically informed feature-representation strategy
under controlled experimental conditions. Unlike
previous studies that primarily compare
algorithms, feature-selection approaches, or
ensemble architectures [4], [6], [15], [26], this work
isolates the feature-representation stage by
comparing alternative representations of the same
five underlying cardiovascular variables across
heterogeneous classifier families under a common
repeated cross-validation framework. The resulting
heterogeneous responses provide empirical
evidence that the influence of clinically informed
representation is classifier dependent rather than
universally beneficial.

Given these limitations, future studies should
validate these findings using larger multi-center
datasets, electronic health record data, and
prospective clinical implementations. The analysis
was conducted exclusively on the Cleveland Heart
Disease dataset, which contains only 303
observations and represents a single benchmark
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population. Consequently, the observed effects may
not generalize to broader patient populations,
different healthcare environments, or real-world
clinical settings. Furthermore, the study evaluated
CCN within an offline experimental framework
rather than an operational clinical decision-support
system.

CONCLUSION

This study investigated the effect of Clinical
Contextual Normalization (CCN) on heart disease
classification by comparing clinically informed
feature representations with  conventional
numerical representations across five machine-
learning classifiers. The results demonstrate that
the influence of CCN is classifier dependent rather
than uniformly beneficial. Random Forest showed a
small numerical increase in recall (ARecall =
+0.0059), but the paired difference was not
statistically significant (p = 0.6434, r = 0.065). MLP
exhibited the largest positive numerical recall
change (ARecall = +0.0143), although the difference
was also not statistically significant (p = 0.2195,r =
0.174). Nevertheless, its aggregated repeated cross-
validation predictions showed a favorable
descriptive screening pattern, with 10 more true-
positive and 10 fewer false-negative predictions
while false positives decreased by two. In contrast,
Logistic Regression showed a statistically
significant recall decrease (ARecall = -0.0115, p =
0.0186, r = -0.333), while Naive Bayes exhibited the
largest significant reduction (ARecall =-0.0333, p <
0.001, r = -0.560). SVC also showed a numerical
recall reduction (ARecall = -0.0146), but the
difference was not statistically significant (p =
0.1222,r=-0.219).

These heterogeneous responses indicate
that incorporating clinical context into feature
representation can alter classifier behavior, but its
effect depends on the characteristics of the learning
algorithm. Therefore, CCN should be evaluated
jointly with classifier selection rather than assumed
to provide universal predictive improvement. The
findings should be interpreted within the
limitations of the relatively small, single-cohort
Cleveland Heart Disease dataset. In addition, the
favorable MLP confusion-matrix pattern represents
aggregated repeated cross-validation predictions
rather than additional unique patients and does not
establish clinical benefit. Future research should
therefore validate CCN using larger external and
multi-center cohorts and investigate which
clinically informed transformations are beneficial
for particular classifier families before considering
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