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Abstract

Electrocardiogram (ECG) signals play a critical role in the early detection of cardiac arrhythmias,
which remain a major cause of morbidity and mortality worldwide. While deep learning approaches
have achieved high classification accuracy, their increasing complexity often limits interpretability
and practical applicability. This study presents a systematic and interpretable framework for multi-
class ECG arrhythmia classification, examining the effects of signal processing, feature extraction,
feature selection, and evaluation strategies on classification performance. Experiments were con-
ducted on the MIT-BIH Arrhythmia Database using two feature representations: (i) morphological
and temporal features, and (ii) a compact wavelet-based representation. Sequential Forward Feature
Selection (SFFS) revealed that classification performance saturates at approximately 15 features, indi-
cating that most discriminative information is captured within a compact subset. Using this feature
space, the support vector machine (SVM) achieved the best overall performance, reaching 98.54%
accuracy with stable results across different configurations. The wavelet-based representation fur-
ther improved performance balance, yielding lower Golden Distance (GD) values (as low as 0.0249),
indicating more consistent behavior across evaluation metrics. Overall, the results demonstrate that
carefully designed feature extraction and selection enable classical machine learning methods, partic-
ularly SVM, to achieve high and reliable performance, providing an interpretable alternative to more
complex black-box models in ECG arrhythmia classification.

Keywords: ECG signal processing, feature engineering, classical machine learning, arrhythmia detection,
model evaluation

1 Introduction

The human heart is a vital organ responsible for
continuous blood circulation throughout the body
via the cardiovascular system, ensuring the deliv-
ery of oxygen and nutrients to tissues and the
removal of metabolic waste products [1–3]. This

process is supported by coordinated cardiac struc-
tures and regulated blood flow, enabling efficient
and stable circulation [4–6].

The coordinated function of the heart is gov-
erned by electrical impulses that control rhythmic
contraction and relaxation [7]. Cardiac rhythm is
initiated by the sinoatrial (SA) node, which acts
as the natural pacemaker, and propagates through
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the cardiac conduction system to ensure synchro-
nized contraction of the heart muscle [8, 9]. These
electrical activities, including depolarization and
repolarization processes governed by action poten-
tials, are essential for maintaining stable cardiac
function, and abnormalities in these processes may
lead to arrhythmias [10–13].

The electrocardiogram (ECG) is a non-invasive
technique widely adopted to record the electri-
cal activity of the heart and evaluate cardiac
rhythm [14–16]. Variations in ECG waveforms,
including the P wave, QRS complex, and T
wave, provide essential information for identifying
arrhythmias and other cardiac disorders.

Cardiac signal analysis is a fundamental com-
ponent of modern cardiology and biomedical engi-
neering, enabling the assessment of heart rate vari-
ability (HRV), QT interval monitoring, arrhyth-
mia detection, and diagnosis of various cardiac
conditions [17–19]. With the advancement of wear-
able devices and continuous monitoring systems,
ECG analysis is increasingly used for real-time
health assessment and early diagnosis [20–24].

In ECG signal analysis, morphological char-
acteristics and temporal patterns, such as the
QRS complex and R–R intervals, are extensively
used to extract meaningful features for classifica-
tion tasks [25, 26]. These features play a crucial
role in distinguishing normal and abnormal car-
diac rhythms and support the development of
automated diagnostic systems.

Several publicly available ECG databases are
widely used for developing and evaluating classi-
fication algorithms. Among them, the MIT-BIH
Arrhythmia Database is one of the most com-
monly used benchmark datasets for arrhythmia
detection and classification [27]. Other datasets,
such as the Apnea-ECG Database and the Kaggle
ECG dataset, further support the development of
machine learning-based approaches [28, 29].

Despite significant progress in ECG-based
arrhythmia classification, several challenges
remain. Many existing studies focus primar-
ily on maximizing classification accuracy using
complex models, often overlooking the inter-
pretability of feature representations and the
contribution of individual processing stages.
In addition, the relative importance of feature
selection versus classifier choice is not system-
atically analyzed, limiting the understanding
of model behavior in practical applications and

reducing the transparency of decision-making
processes [30, 31].

Motivated by these challenges, this study
adopts a structured and interpretable approach
to ECG classification. The aim of this study is
to develop a systematic and interpretable frame-
work for multi-class ECG arrhythmia classifica-
tion, focusing on the interaction between signal
processing, feature extraction, feature selection,
and evaluation strategies. The main contributions
of this study are summarized as follows:

• A systematic and educational framework for
ECG arrhythmia classification is proposed, cov-
ering signal preprocessing, feature extraction,
feature selection, and evaluation.

• Morphological, temporal, and time–frequency
(wavelet) features are analyzed to assess their
impact on classification performance.

• The effectiveness of wrapper-based Sequential
Forward Feature Selection (SFFS) in reduc-
ing redundant features and highlighting fea-
ture dominance over classifier choice is demon-
strated.

• A multidimensional evaluation framework
based on the Golden Distance (GD) approach
alongside conventional metrics is introduced,
enabling robust performance assessment in
imbalanced multi-class problems [32, 33].

• An instructive guide for future researchers
is provided, detailing preprocessing, feature
extraction, feature selection, and classifier eval-
uation steps.

Unlike conventional studies that primarily
focus on maximizing classification accuracy, this
work systematically analyzes the interaction
between feature extraction, feature selection, and
classifier behavior, demonstrating that feature
representation and selection have a more signifi-
cant impact on performance than classifier choice.

1.1 Related Work

Recent research on ECG-based arrhythmia classi-
fication has been dominated by deep learning (DL)
approaches, particularly convolutional neural net-
works (CNN) and hybrid architectures [31, 34,
35]. These models can achieve high classification
performance by learning feature representations
directly from raw ECG signals. In addition, recent
studies have extended machine learning and deep
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learning methods to broader clinical and diagnos-
tic problems in cardiovascular signal analysis [36].
However, despite these advances, the limited inter-
pretability of such models remains an important
concern, especially in clinical settings where trans-
parent and explainable decisions are required [30,
37]. This limitation restricts their practical adop-
tion in scenarios where model transparency and
clinical validation are essential.

As a result, classical machine learning meth-
ods, such as support vector machines (SVM)
and k-nearest neighbors (k-NN), are still widely
used [38, 39]. These methods rely on handcrafted
features derived from ECG signals, including mor-
phological, temporal, and frequency-domain char-
acteristics. Since these features are closely related
to physiological indicators such as QRS duration
and RR interval dynamics, they provide a more
interpretable basis for clinical decision-making.
Nevertheless, their performance is highly depen-
dent on the quality and relevance of the extracted
features, making feature design a critical and
non-trivial task.

In addition, recent studies have demonstrated
the effectiveness of statistical and temporal
feature-based approaches combined with feature
selection techniques for arrhythmia classification.
For example, Kaya [40] proposed a machine
learning-based framework for the detection of
Bundle Branch Block (BBB) using higher-order
statistical and temporal features, where feature
selection methods such as forward selection, back-
ward elimination, and genetic algorithms were
employed. Comparative evaluations using k-NN,
SVM, and neural networks showed that carefully
selected feature subsets can achieve very high
classification accuracy on the MIT-BIH dataset.
These findings further support the importance of
feature quality and selection strategies in improv-
ing classification performance, while also high-
lighting the dependency of results on the chosen
feature subset.

Despite this advantage, handcrafted feature-
based approaches also face important challenges.
One of the most common issues is the curse of
dimensionality, where large feature sets introduce
redundancy and may reduce classification perfor-
mance while increasing computational cost [41].
To address this problem, many studies combine
signal processing techniques, such as the discrete

wavelet transform (DWT), with feature selec-
tion methods to obtain more compact and infor-
mative feature sets [42, 43]. Recent work has
also explored advanced signal enhancement and
denoising strategies to improve ECG processing
pipelines [44]. However, determining an optimal
balance between feature richness and model sim-
plicity remains an open challenge.

Among these methods, wrapper-based feature
selection approaches, particularly Sequential For-
ward Floating Selection (SFFS), have been widely
used due to their ability to dynamically include
and exclude features during the selection pro-
cess [41]. This flexibility helps overcome the lim-
itations of simple greedy methods and enables
the identification of more representative feature
subsets. Nevertheless, these methods may still
involve increased computational cost, especially
when applied to large feature spaces.

Another important issue in ECG classification
studies is model evaluation. Since class imbalance
is common in ECG datasets, relying on a sin-
gle metric may lead to incomplete or misleading
conclusions. For this reason, recent studies have
increasingly emphasized the use of more compre-
hensive evaluation measures, including balanced
accuracy, precision, recall, F1-score, and Cohen’s
kappa [25]. In this context, the Golden Distance
(GD) metric has been proposed as a comprehen-
sive performance measure that combines multiple
evaluation criteria into a single index [25]. This
allows a more balanced comparison of classifica-
tion models by considering different aspects of per-
formance simultaneously, although its adoption in
the literature is still relatively limited.

Finally, although many existing studies report
strong classification results, fewer studies provide
a systematic explanation of how preprocessing,
feature extraction, feature selection, and evalua-
tion stages interact within a unified framework.
This gap limits the interpretability and repro-
ducibility of existing approaches and highlights
the need for more structured and educational
frameworks in ECG-based classification studies.

2 Materials and Methods

The proposed methodology is structured as a
four-stage pipeline, as illustrated in Figure 1. In
the first stage, ECG signals are acquired from
the MIT-BIH Arrhythmia Database and imported
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1. ECG Data Acquisition
Import ECG signals from the

MIT-BIH Arrhythmia Database

2. Preprocessing
Noise reduction, R-peak detection,

QRS/RRI feature extraction

3. Feature Selection
Sequential Forward Feature Selection (SFFS)

to remove redundant and
non-informative features

4. Classification
k-NN and SVM classifiers;
performance evaluated using
Golden Distance (GD) and

conventional metrics

Fig. 1: Block diagram of the proposed ECG
arrhythmia classification framework, showing the
sequential stages from data acquisition to classifi-
cation.

into the analysis environment. In the second
stage, preprocessing is performed to enhance sig-
nal quality, including noise reduction and extrac-
tion of QRS complexes and R–R intervals. In the
third stage, feature selection is conducted using
the Sequential Forward Feature Selection (SFFS)
algorithm, which iteratively selects the most infor-
mative and non-redundant features based on
validation performance. This step reduces fea-
ture dimensionality while preserving discrimina-
tive information. In the final stage, the selected
feature vectors are classified using k-nearest neigh-
bor (k-NN) and support vector machine (SVM)
classifiers. Model performance is evaluated using
both conventional classification metrics and the
Golden Distance (GD) metric, which provides a
multidimensional assessment of performance.

2.1 MIT-BIH Arrhythmia Database

The MIT-BIH Arrhythmia Database, hosted
on PhysioNet and maintained by MIT’s Com-
putational Physiology Laboratory, is a widely
used benchmark dataset for studies on cardiac
arrhythmias [45]. The database contains two
synchronously recorded ECG channels, Modified
Lead II (MLII) and V1. In this study, only the

MLII channel was utilized, as it provides more
distinct QRS complexes and is commonly used
as a reference in arrhythmia classification, ensur-
ing signal quality and comparability with previous
studies.

The database consists of 48 recordings, each
approximately 30 minutes in duration, provided as
raw .dat files. In addition to the signal data, aux-
iliary files are available for each recording: .atr
files contain heartbeat annotations, .hea files pro-
vide header information, and .xws files include
waveform-related data (available for some record-
ings). This structure enables access to both raw
ECG signals and corresponding annotation data
for detailed analysis.

The .dat files in the MIT-BIH Arrhythmia
Database serve as the primary data source in this
study, containing two-channel ECG recordings of
approximately 30 minutes in duration. The sig-
nals are sampled at 360 Hz, resulting in 648,000
samples per channel, as given in Equation 1:

30× 60× 360 = 648,000 (1)
Accordingly, each recording forms a 648,000×2

data matrix due to the simultaneous acquisition
of two channels. Auxiliary files, including .atr,
.hea, and .xws, are used to provide annotation
and metadata information required for further
analysis.

The .atr files in the MIT-BIH Arrhythmia
Database contain annotations for each QRS com-
plex, manually labeled by expert cardiologists
to indicate the corresponding arrhythmia type.
These annotations serve as reliable ground truth
data for supervised ECG analysis and classifica-
tion tasks. Table 1 [27] summarizes the annota-
tion symbols and their corresponding heartbeat
classes.

The .hea files in the MIT-BIH Arrhythmia
Database provide metadata for each recording,
including signal length, sampling parameters, and
channel information. In this study, the primary
data sources are the .dat and .atr files, while
.hea files are used for data verification and orga-
nization. R-wave positions and arrhythmia class
labels are directly obtained from the .atr annota-
tions and utilized throughout the pipeline for seg-
mentation, feature extraction, and performance
evaluation.

The MIT-BIH Arrhythmia Database serves
as a standard benchmark for the development
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Table 1: Heartbeat Symbols and Groups

Group Description Sub symbols

N (Normal) Normal or non-ectopic beats N, L (LBBB), R (RBBB), j (nodal escape), e (atrial escape)
S (Supraventricular) Supraventricular premature beats A (aberrant atrial), a (atrial premature), S (supraventricular premature),

J (nodal premature)
V (Ventricular) Ventricular premature beats V (ventricular escape), E (premature ventricular contraction)

F (Fusion) Normal and ectopic fusion beats F (fusion ventricular-normal)
U (Unidentified) Uncertain or unclassifiable Q (unclassifiable), / (paced), p (paced), U (unknown), f (fusion paced-

normal)

LBBB and RBBB denote Left Bundle Branch Block and Right Bundle Branch Block, respectively.

and evaluation of ECG-based arrhythmia classi-
fication methods. In this study, heartbeat anno-
tations are grouped into five classes following
common practice in the literature, enabling con-
sistent evaluation and comparison of classification
performance [28].

R peaks were extracted from the annotation
files, and QRS segments were generated using
20 samples before and 30 samples after each R
peak, ensuring full coverage of the QRS complex
given the MIT-BIH sampling frequency. The seg-
ments were grouped into five classes commonly
used in the literature—normal (N), supraventric-
ular (S), premature ventricular (V), faulty (F),
and unknown/other (U)—by combining the corre-
sponding MIT-BIH labels.

The extracted QRS segments were stored as
class-specific matrices, and the first 100 segments
per class were selected and plotted. The result-
ing representations illustrate amplitude variations
across segment samples and highlight morphologi-
cal differences among heartbeat classes, providing
a visual reference for morphological diversity and
supporting subsequent classification and feature
extraction stages (Figure 2).

The primary objective of this study is to
develop an automated system for the classifica-
tion of cardiac arrhythmias based on ECG signals,
where each QRS complex is assigned to one of five
predefined classes (N, S, V, F, or U). For a typical
30-minute recording, all detected QRS complexes
are labeled according to this classification scheme.

Such a system facilitates efficient analysis of
long-term ECG recordings by providing rapid
and consistent classification results. To train the
proposed model, a representative subset of QRS
segments from each class is selected, enabling the
model to learn discriminative patterns and accu-
rately classify QRS complexes into the defined
categories.

Prior to classification, a preprocessing stage
is applied to accurately detect QRS complexes
and isolate them from other ECG signal compo-
nents. The training dataset is constructed using
cardiologist-annotated signals provided in the
database.

Since the original annotation scheme contains
a larger set of labels, these labels are reorga-
nized into five standard classes (N, S, V, F, U)
by mapping the corresponding MIT-BIH annota-
tions, following common practices in the litera-
ture [29]. This relabeling step ensures consistency
and enables effective multi-class classification.

2.2 Educational Illustrations:
Demonstration of the
Pan–Tompkins Algorithm

Although expert annotations from the MIT-BIH
database are used for QRS detection in the main
analysis, the Pan–Tompkins algorithm—a well-
established method for real-time QRS detection—
is presented here for illustrative and educational
purposes. A representative ECG segment from
Record 105 (MLII channel, first 6,000 samples) is
used to demonstrate the key processing stages of
the algorithm.

The algorithm detects QRS complexes through
a sequence of processing stages. First, band-
pass filtering (cascaded high- and low-pass filters)
is applied to remove baseline drift and high-
frequency noise. The signal is then differentiated
to emphasize rapid slope changes, squared to
enhance high-amplitude variations, and smoothed
using moving-window integration to obtain an
energy envelope corresponding to the QRS dura-
tion. Finally, adaptive thresholding is employed
to identify R-wave locations [32]. This processing
pipeline enables accurate real-time QRS detection
and provides a reliable basis for subsequent feature
extraction.
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Fig. 2: Representative QRS segments illustrating morphological variations across different heartbeat
classes in the MIT-BIH Arrhythmia Database.

For visualization purposes, a single-channel
ECG segment (Record 105, MLII channel) was
selected as a representative example. A 0.15-
second Hanning window was applied during the
moving-window integration stage, approximat-
ing the typical QRS duration while reducing
edge effects. In addition, the minimum distance
between consecutive R peaks was set to 0.6 s (cor-
responding to approximately 100 bpm) to prevent
false detections.

Figure 3 illustrates the integrated Pan–
Tompkins workflow.

Figure 4 summarizes the preprocessing and
R-peak detection results for the first 6,000 sam-
ples (approximately 16.7 s, fs = 360 Hz). The
six subplots present the original signal, filtered
signal, derivative, squared signal, moving-window
integration output, and detected R-peaks, respec-
tively. The red triangles in the final subplot

indicate the detected R-peak locations, confirm-
ing reliable QRS isolation and accurate detection
performance.

R-peaks play a central role in ECG analy-
sis [33], serving as reference points for cardiac
cycle timing and signal segmentation. The inter-
vals between consecutive R-peaks, known as R–R
intervals (RRI), are fundamental for heart rate
and rhythm analysis, including the detection of
arrhythmia, tachycardia, and bradycardia. In this
study, RR intervals and RRI are used interchange-
ably to represent the time difference between
consecutive R-peaks. In addition, R-peaks provide
temporal reference points for identifying P, Q, S,
and T waves, supporting both morphological and
dynamic ECG analysis.

Accurate R-peak detection is therefore essen-
tial for reliable feature extraction [45], segmenta-
tion, and subsequent classification tasks. Segmen-
tation enables the isolation of individual cardiac
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Raw ECG Signal

Preprocessing
HPF 0.5 Hz
LPF 20 Hz
Notch 50 Hz

Pan–Tompkins

1. Differentiation
(Emphasizes QRS slopes)

2. Squaring
(Negative → Positive, high-
amplitude reinforcement)

3. Moving Window Integration
(QRS energy envelope)

4. Adaptive Thresholding
(Detects R-peaks)

R-peak Sequence
(Segmentation & Feature Extraction)

Fig. 3: Integrated workflow of the Pan–Tompkins
algorithm for ECG signal processing and R-peak
detection.

cycles for detailed analysis, whereas inaccurate
segmentation may lead to distorted waveform
interpretation and reduced classification perfor-
mance [46].

During segmentation, each R-peak defines the
onset of a cardiac cycle, partitioning the ECG
signal into individual heartbeat units for morpho-
logical analysis, feature extraction, and classifi-
cation [47]. The resulting R–R intervals (RRI),
defined as the temporal differences between con-
secutive R-peaks, provide key information for
heart rate and rhythm analysis, including the
detection of tachycardia, bradycardia, and irregu-
lar arrhythmias.

Heart rate (HR) is computed from R–R inter-
vals as their inverse in beats per minute, enabling
dynamic assessment of cardiac activity. HR anal-
ysis captures both instantaneous rate and rhythm

stability, forming the basis for heart rate vari-
ability (HRV) analysis and providing temporal
references for P, Q, S, and T waves [48].

Segmentation based on R-peaks and RRI sup-
ports systematic analysis of both morphological
and temporal ECG features, forming a foundation
for monitoring and classification. In this study,
RRI values were calculated from consecutive R-
peak positions using both direct index differences
and the NumPy diff function, yielding identi-
cal results; the diff function was adopted for
computational efficiency.

The locs variable obtained from R-peak
detection represents the sample indices of detected
R-peaks, providing temporal reference points for
each cardiac cycle. The R–R interval (RRI) is
defined as the difference between consecutive R-
peak locations, as given in Equation 2.

RRIi = locs[i+ 1]− locs[i] (2)

By converting sample indices to time using the
sampling frequency fs, R–R interval (RRI) values
can be expressed in seconds. The instantaneous
heart rate (HR) is then computed from RRI as
shown in Equation 3 [49]:

HR(t) =
60

RRI(t)
(3)

The mean heart rate over the observation
period is obtained by averaging all instantaneous
HR values, as given in Equation 4:

µHR =
1

N

N∑
i=1

HR(i) (4)

This formulation enables the evaluation of
both instantaneous heart rate variability and over-
all cardiac behavior. The mean HR is a commonly
reported parameter in ECG analysis.

After preprocessing and R-peak detection,
QRS segmentation was performed to decompose
the ECG signal into individual cardiac cycles. For
illustration, a single channel from record 100 of
the MIT-BIH Arrhythmia Database (first 6000
samples, ≈ 16.7 s, fs = 360 Hz) was analyzed.
Segments were generated around each R-peak,
including 20 samples (≈ 55 ms) before and 80 sam-
ples (≈ 222 ms) after the peak, thereby isolating
the QRS morphology.

The resulting superimposed segments
(Figure 5) highlight the repetitive structure and
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Fig. 4: Preprocessing and R-peak detection for the first 6,000 samples (≈ 16.7 s, fs = 360 Hz). The six subplots
show: (a) original signal, (b) filtered signal, (c) derivative, (d) squared signal, (e) moving-window integration, and
(f) detected R-peaks (red triangles). Horizontal and vertical axes represent sample number and amplitude [mV],
respectively.

morphological consistency of QRS complexes.
This observation confirms that R-peak-centered
segmentation provides accurate and reliable ref-
erence points for subsequent analysis, feature
extraction, and classification tasks.

2.3 Working Framework

All analyses were conducted in Python (version
3.11.7) using the Anaconda Navigator environ-
ment, with Visual Studio Code employed as the
development platform. Signal processing and fea-
ture extraction were implemented using standard
scientific computing libraries, including NumPy
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Fig. 5: QRS segments centered on R-peaks in a 6000-sample ECG segment (≈ 16.7 s) from record 100 of the
MIT-BIH Arrhythmia Database, extracted using a sample window of [−20,+80].

and SciPy, while the WFDB Python package was
utilized for handling the MIT-BIH Arrhythmia
dataset.

2.4 Preprocessing and Noise
Management in Cardiac Signal
Processing

ECG analysis requires preprocessing prior to
segmentation or feature extraction. This stage
aims to remove unwanted components and noise,
thereby improving the accuracy and reliability of
subsequent analyses.

In the signal processing literature, noise is
defined as any unwanted component added to a
signal during recording, transmission, or process-
ing that obscures the true characteristics of the
signal [50]. In ECG signals, such noise can distort
waveform morphology and lead to inaccurate anal-
ysis, misinterpretation, and incorrect detection of
cardiac events [51].

The main types of noise affecting ECG sig-
nals include low-frequency baseline drift, high-
frequency muscle activity (EMG) noise, pow-
erline interference, and electrode motion arti-
facts. Baseline drift, typically occurring in the
0–0.5 Hz range, arises from respiratory move-
ments, patient posture, or electrode placement,
and can interfere with accurate ST-segment anal-
ysis. Muscle activity noise is characterized by
high-frequency and irregular components caused

by patient movements, tremors, or involuntary
contractions, which can hinder the detection of
P and T waves. Powerline interference is a sinu-
soidal disturbance at 50 or 60 Hz, depending on
the region, and complicates the analysis of high-
frequency components. Electrode motion artifacts
result from abrupt changes in electrode–skin con-
tact, adversely affecting signal segmentation and
waveform detection [52].

In preprocessing, the Fourier transform (FT)
is employed to analyze the frequency components
of ECG signals and to identify different types
of noise [53]. In the frequency domain [54], low-
frequency baseline drift can be mitigated using
high-pass or band-pass filters, while powerline
interference, which appears as a peak at a specific
frequency, can be effectively suppressed using a
notch filter. High-frequency, irregular muscle noise
can be attenuated using a low-pass filter.

In this study, a high-pass filter with a cutoff
frequency of 0.5 Hz was applied to suppress base-
line drift, while a low-pass filter with a cutoff fre-
quency of 20 Hz was used to reduce high-frequency
muscle noise while preserving the QRS morphol-
ogy. Additionally, a notch filter in the 49–51 Hz
range was employed to eliminate mains interfer-
ence. All signals were processed in millivolts (mV),
as provided by the database.

In addition to conventional filtering
approaches, advanced data-driven denoising tech-
niques have recently gained increasing attention
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in ECG signal processing [44]. Methods such
as wavelet-based denoising, adaptive filtering,
and deep learning-based models (e.g., diffusion
probabilistic models) have been shown to provide
improved noise suppression while preserving sub-
tle morphological characteristics of ECG signals.
However, in this study, a relatively simple and
well-established filtering strategy was preferred
to maintain interpretability, reproducibility, and
consistency with the proposed framework. Nev-
ertheless, the integration of advanced denoising
techniques represents a promising direction for
future research.

This preprocessing stage produced cleaner and
more reliable signals, facilitating the accurate
determination of characteristic features. In partic-
ular, QRS complex detection is critical for iden-
tifying heartbeat timing and serves as the foun-
dation for subsequent feature extraction. In this
study, QRS locations were not estimated auto-
matically; instead, they were obtained directly
from expert annotations in the MIT-BIH Arrhyth-
mia Database, thereby ensuring high reliability for
subsequent analysis and evaluation.

The MIT-BIH Arrhythmia Database records
used in this study were sampled at 360 Hz
with 11-bit resolution and a ±10 mV dynamic
range. Filtering was performed using third-
order Butterworth high-pass and low-pass filters,
applied with the forward–backward zero-phase
(filtfilt) method to prevent phase distortion.

2.5 Feature Extraction in Cardiac
Signal Analysis

Clinical information derived from electrocardio-
graphy (ECG) signals extends beyond direct
inspection of the raw waveform and is significantly
enhanced through feature extraction across mul-
tiple domains. Feature extraction constitutes a
fundamental stage in biomedical signal process-
ing and directly influences the performance of
classification and diagnostic algorithms. Typically,
features are categorized into three groups: time-
domain, frequency-domain, and time–frequency-
domain features.

In the time domain, the morphological charac-
teristics of the ECG signal—including the ampli-
tudes, durations, and intervals of the P, QRS, and
T waves—can be directly measured and provide
critical information about cardiac function [38].

Frequency-domain analysis examines the distribu-
tion of signal energy to extract spectral features
associated with physiological processes. However,
since ECG signals are inherently non-stationary,
analyses limited to either the time or frequency
domain may be insufficient. In such cases, time–
frequency methods enable the simultaneous exam-
ination of temporal and spectral components,
providing a more comprehensive representation of
the signal.

In addition to time-domain analyses,
frequency-domain methods play a crucial role in
feature extraction from ECG signals. One of the
most widely used approaches is the Fast Fourier
Transform (FFT) [53], which computes the fre-
quency spectrum of the signal and enables the
analysis of its energy distribution across different
frequency bands. The FFT of a discrete signal
x(n) is defined as X(f) =

∑N−1
n=0 x(n)e

−j2πfn/N ,
which provides a representation of the signal in
the frequency domain. The Power Spectral Den-
sity (PSD), derived from the FFT, quantitatively
represents how the signal’s energy is distributed
among its frequency components.

Relative power values—particularly within the
very low frequency (VLF), low frequency (LF),
and high frequency (HF) bands—are widely used
in clinical and analytical studies, as they facilitate
comparisons across individuals and signals of vary-
ing lengths. However, a fundamental limitation
of FFT-based analysis is that the resulting spec-
trum reflects an average frequency distribution
over the entire signal. Consequently, short-term
or transient events may be overlooked, limiting
the ability of FFT to fully capture the dynamic
characteristics of non-stationary biological signals.

Because FFT-based methods are limited in
handling non-stationary signals, the Short-Time
Fourier Transform (STFT) was developed to ana-
lyze time-varying frequency components [55]. In
this approach, the signal is segmented into win-
dows of a specified length, and a Fourier trans-
form is applied to each segment to obtain a
time–frequency representation. The STFT of a
signal x(t) is defined as STFT{x(t)}(t, f) =∫
x(τ)w(τ − t)e−j2πfτdτ , which enables the anal-

ysis of localized frequency content over time. This
allows the observation of temporal variations in
the frequency content of the ECG signal and
facilitates the analysis of transient events.
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A key advantage of STFT is its ability to
perform frequency analysis on non-stationary sig-
nals [56]. However, its reliance on a fixed window
size introduces an inherent limitation: a wide win-
dow improves frequency resolution at the expense
of time resolution, whereas a narrow window
enhances time resolution but degrades frequency
resolution. This time–frequency resolution trade-
off is particularly critical in biomedical signal
analysis, where both low- and high-frequency com-
ponents must be accurately characterized simul-
taneously.

The Wavelet Transform (WT) was developed
to overcome the time–frequency resolution limita-
tions of traditional methods. By decomposing the
signal across multiple scales and shifts, WT pro-
vides high temporal resolution for short-duration,
high-frequency components and high frequency
resolution for long-duration, low-frequency com-
ponents. This property makes it particularly well-
suited for ECG analysis, enabling the effective
detection of rapid events such as QRS com-
plexes as well as slower morphological compo-
nents, including P and T waves. The Continuous
Wavelet Transform (CWT) of a signal x(t) is
defined as W (a, b) =

∫
x(t)ψ∗ ( t−b

a

)
dt, where a

and b denote the scale and translation parameters,
respectively.

WT can be implemented as either the Con-
tinuous Wavelet Transform (CWT) or the Dis-
crete Wavelet Transform (DWT). Although CWT
provides a highly detailed time–frequency repre-
sentation, its high computational cost limits its
practical applicability. In contrast, DWT offers a
more compact and computationally efficient rep-
resentation, making it more suitable for feature
extraction and classification tasks [42].

Because wavelet-based features can be high-
dimensional and potentially redundant, dimen-
sionality reduction techniques are commonly
employed. Principal Component Analysis (PCA)
reduces feature dimensionality by retaining com-
ponents that capture the majority of the vari-
ance, thereby enhancing classification perfor-
mance while reducing computational complexity
and mitigating the risk of overfitting [43].

Morphological features extracted from elec-
trocardiography (ECG) signals are derived from
the fundamental waveforms of cardiac electrical
activity. These features include the amplitudes,
durations, and intervals of the P wave, QRS

complex, and T wave, and they provide direct
clinical insight into cardiac function. For exam-
ple, the peak amplitude and width of the QRS
complex reflect the characteristics of ventricular
depolarization, while the P wave corresponds to
atrial depolarization and the T wave represents
ventricular repolarization. Consequently, morpho-
logical features serve as a fundamental reference
for identifying cardiac arrhythmias and structural
abnormalities [57].

Temporal features capture timing patterns
and sequential relationships within the ECG sig-
nal [58]. These features quantify correlations and
temporal variations between consecutive QRS
complexes. For instance, feature C11 represents
the maximum correlation between a QRS complex
and the subsequent QRS complex, C22 represents
the maximum correlation between a QRS complex
and the preceding QRS complex, and Cxy denotes
the maximum correlation between a QRS complex
and reference (template) QRS complexes. Such
temporal analyses play a critical role in detect-
ing arrhythmias, particularly short-term rhythm
disturbances, and, when combined with morpho-
logical features, enhance the discriminative power
of classification algorithms [59].

To further enhance both morphological and
temporal representations, wavelet-based decom-
position was applied to the ECG signals. This
approach provides high temporal resolution for
abrupt events such as QRS complexes, as well as
high frequency resolution for slower components
such as P and T waves.

In this study, three main feature groups were
extracted from the ECG signals: morphologi-
cal, temporal, and time–frequency (wavelet-based)
features. Each recording was processed using the
wfdb library, and R-wave positions and class labels
were obtained directly from the annotation files.
The signals were preprocessed using high-pass and
low-pass filters to suppress baseline drift and high-
frequency noise. Forward–backward zero-phase
filtering (filtfilt) was applied to preserve mor-
phological characteristics while avoiding phase
distortion.

As a fundamental step in feature extraction,
QRS-centered segments were defined around each
R wave. Although the physiological duration of
the QRS complex is typically 80–120 ms, a wider
window was selected to include buffer regions
before and after the QRS complex, ensuring
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robust extraction of morphological, temporal, and
wavelet-based features. Accordingly, fixed-length
segments of 200 samples were extracted, consist-
ing of 80 samples before and 120 samples after
each R wave.

The pre-R interval ensures that the onset of
the Q wave is captured, while the post-R interval
preserves the complete S wave and the early tran-
sition toward repolarization. This R-centered seg-
mentation strategy is consistent with commonly
used approaches in the literature and provides a
stable and uniform window for subsequent feature
extraction.

In preliminary experiments, several window
lengths within the selected range were evaluated.
Minor variations in window size did not signifi-
cantly affect classification performance; however,
overly short windows failed to capture essen-
tial waveform components, whereas excessively
long windows introduced redundant information.
Accordingly, the selected window length provides
a balanced and robust trade-off between physio-
logical relevance and classification performance.

Morphological features were extracted using
correlation coefficients computed between the cur-
rent ECG segment and the preceding segment,
the succeeding segment, and a reference segment.
These coefficients quantify the morphological sim-
ilarity between consecutive heartbeats. The corre-
lation coefficient between two signals x and y is
defined as given in Equation 5.

rxy =

∑N
i=1(xi − x̄)(yi − ȳ)√∑N

i=1(xi − x̄)2
∑N

i=1(yi − ȳ)2
(5)

where x̄ and ȳ denote the mean values of the
respective signals.

Temporal features were derived from sequences
of consecutive RR intervals. Specifically, three
consecutive intervals (RR0, RR1, RR2), their
mean value (RRm), interval ratios (RR0/RR1,
RR2/RR1, RRm/RR1), and the mean of the
preceding 20 RR intervals were used as time-
based features. These features capture both short-
and long-term rhythm variations associated with
arrhythmias and enhance the discriminative capa-
bility of the classification algorithm.

In addition to morphological and temporal
features, a discrete wavelet transform (DWT)

was applied to each QRS segment. Four lev-
els of decomposition were performed using the
Daubechies 6 (db6) wavelet, producing detail coef-
ficients that capture short-term, abrupt changes
and approximation coefficients that represent
slower signal variations. These wavelet coefficients
were combined with morphological correlation
features to construct the morphological feature
vector.

Finally, a unified feature vector was con-
structed for each R wave by combining mor-
phological, temporal, and wavelet-based features,
with corresponding class labels representing the
five heartbeat classes. All features were extracted
on a per-beat (R-wave–centered) basis, without
record-level aggregation or averaging prior to
classification. This strategy enhances classifica-
tion performance by jointly representing morpho-
logical characteristics, temporal dynamics, and
time–frequency information. The resulting high-
dimensional feature set was subsequently opti-
mized using feature selection techniques and
employed for model training.

2.6 Feature Conditioning

Before being fed into the classifier, the extracted
features were subjected to a feature condition-
ing stage. The main objective of this step is to
optimize the feature space, improve classification
performance, reduce the risk of overfitting, and
ensure computational efficiency [39].

Feature conditioning generally involves two
main approaches: feature selection and feature
mapping. In feature selection, features are chosen
according to predefined criteria without alter-
ing their original structure, and redundant and
non-informative features are removed. In con-
trast, feature mapping transforms the original
features into a new space; for example, Princi-
pal Component Analysis (PCA) linearly combines
features to maximize variance, while Linear Dis-
criminant Analysis (LDA) focuses on maximizing
class separability [60]. These methods enable high-
dimensional data to be represented in a more
compact and discriminative form.

In this study, rather than explicitly mapping
features into a new space using PCA or LDA, fea-
ture scaling and feature selection were employed.
Specifically, Sequential Forward Feature Selection
(SFFS) was applied to identify an informative
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subset of features while preserving their original
representation.

After feature extraction, feature scaling is a
critical step to ensure effective classifier perfor-
mance. ECG-derived features often differ in units
and magnitude; for instance, morphological corre-
lation coefficients and RR intervals can vary sub-
stantially in scale. Without scaling, features with
larger numerical ranges may dominate the learn-
ing process, leading to biased model behavior,
particularly in distance-based and gradient-based
classifiers.

In this study, all features were normalized
using Z-score standardization [61]. Each feature
value x was transformed as

z =
x− µ

σ
(6)

where µ and σ denote the mean and standard
deviation, resulting in zero mean and unit vari-
ance. This normalization ensures equal feature
weighting and improves numerical stability during
model training. Importantly, the mean and stan-
dard deviation were computed exclusively from
the training data and subsequently applied to the
validation and test sets, preventing data leak-
age between training and evaluation stages and
enabling an unbiased assessment of model perfor-
mance.

2.7 Feature Selection and SFFS

In ECG-based classification studies, feature
extraction methods such as wavelet transforms,
time–frequency analysis, and morphological mea-
surements typically produce a high-dimensional
feature space. This space often includes redun-
dant, highly correlated, or weakly informative
features, which can increase sensitivity to noise
and lead to overfitting, thereby degrading general-
ization to unseen data. Feature selection addresses
this issue by systematically identifying features
that effectively discriminate between classes while
preserving complementary information when used
jointly [54].

Unlike filter-based methods, which assess
features individually using statistical criteria,
wrapper-based approaches integrate the classifier
into the selection process and explicitly evaluate
feature interactions and their combined contribu-
tion to classification performance. To leverage this

advantage, Sequential Forward Feature Selection
(SFFS) was employed in this study [41]. Formally,
SFFS aims to identify the optimal feature subset
given by

S∗ = argmax
S⊆F

J(S) (7)

where F denotes the full feature set and J(S)
represents the validation performance obtained
using the selected subset S. Accordingly, SFFS
incrementally constructs an optimal feature sub-
set by eliminating redundant and non-informative
features while maximizing classifier performance,
resulting in a compact and discriminative feature
set with improved generalization capability [62].

The puzzle metaphor used in this study
illustrates the relationship between information
integrity and redundancy in feature selection. The
structure on the right represents complementary
features that collectively form a coherent and
meaningful whole, each contributing distinct infor-
mation to the classification model. In contrast, the
structure on the left depicts repeated instances
of the same feature type, highlighting redundancy
caused by duplicated information. Such repeti-
tive features do not introduce new information,
increase computational cost, and may negatively
affect model performance. As shown in Figure 6,
treating features as “puzzle pieces” schematically
demonstrates how redundancy disrupts informa-
tion integrity, whereas complementary features
strengthen the overall model.

Fig. 6: The concept of information integrity and
redundancy in feature selection.

Figure 7 illustrates the key differences
between filter- and wrapper-based feature selec-
tion approaches [63]. Filter methods rank fea-
tures using statistical criteria independent of the
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classifier, offering high computational efficiency
but ignoring inter-feature dependencies. In con-
trast, wrapper methods evaluate feature subsets
directly based on classifier performance, explic-
itly accounting for interactions between features.
Using sequential search strategies such as SFFS,
wrapper approaches identify feature combinations
that maximize classification performance, albeit
at the cost of increased computational complexity.

In the proposed study, the SFFS method starts
with an empty feature set. At each iteration, fea-
tures that have not yet been selected are evaluated
by adding them individually to the current set. For
each candidate addition, the model is trained and
the resulting classification accuracy on the valida-
tion set is computed from the confusion matrix.
The feature whose inclusion yields the greatest
improvement in validation accuracy is then added
to the selected set and removed from the search
space. This procedure is repeated until the prede-
fined max iter criterion is reached. Consequently,
the model incrementally identifies the features
that contribute most to validation performance,
and the final feature subset used for classification
consists of those that achieve the highest accuracy.

2.8 Arrhythmia Classification
Pipeline

For formal clarity, the proposed arrhythmia classi-
fication framework can be summarized as follows.
Let x ∈ Rn denote a preprocessed ECG segment
centered on an R peak. After feature extraction,
each segment is represented by a feature vector

f = ϕ(x) ∈ Rd,

where ϕ(·) denotes the feature extraction map-
ping and d is the total number of extracted
features. Then, SFFS selects an informative subset
of feature indices

I∗ ⊆ {1, 2, . . . , d},

corresponding to the optimal subset defined in
Equation 7. The reduced feature vector fI∗ is sub-
sequently used for classification, and the predicted
class label is obtained as

ŷ = h(fI∗),

where h(·) denotes the classifier, implemented in
this study using either k-NN or SVM.

The k-Nearest Neighbor (k-NN) algorithm is
a heuristic classification method that assigns class
labels based on geometric proximity in the fea-
ture space [64]. Its fundamental assumption is that
samples with similar characteristics are located
close to each other. The class of a new sam-
ple is determined by the majority label among
its k nearest neighbors in the training set. In
this study, Euclidean distance was used, as it
is widely preferred for continuous and normal-
ized biomedical features. Since k-NN does not
involve an explicit training phase, model perfor-
mance is directly influenced by the structure of the
feature space and the selected features. Accord-
ingly, the compact and information-dense feature
subsets obtained via SFFS enhance k-NN perfor-
mance by clarifying neighborhood relationships.
For this reason, k-NN was adopted as a simple yet
effective benchmark classifier for pattern-oriented
tasks such as ECG arrhythmia classification [65].

Support Vector Machines (SVMs) are margin-
based classifiers that aim to determine the optimal
decision boundary (hyperplane) that maximizes
the separation between classes [66]. Through ker-
nel functions, SVMs can transform nonlinear clas-
sification problems into linearly separable ones
in a higher-dimensional feature space. In this
study, the radial basis function (RBF) kernel
was employed, as it provides a smooth and flex-
ible decision surface capable of modeling local
similarities and within-class variations commonly
observed in biomedical signals. SVMs are inher-
ently resistant to overfitting because the decision
boundary is determined only by a subset of critical
samples known as support vectors. This prop-
erty, combined with the information-dense feature
subsets selected by SFFS, enables an effective rep-
resentation of morphological and time–frequency
differences between classes [67]. Accordingly, SVM
was used as a complementary classifier to con-
trast margin-based decision behavior with the
distance-based k-NN approach.

The k-NN and SVM models were employed as
complementary classification approaches because
they rely on fundamentally different decision
mechanisms. The k-NN classifier assigns class
labels based on geometric proximity in the fea-
ture space; therefore, the number of neighbors,
which is its primary hyperparameter, was initially
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Feature Scoring Sorting Selected Features

Filter approach: Features are evaluated independently; the classifier is not involved in the process.

Feature Set
Search Strategy

(SFFS)
Generate Candidate

Subset
Fit Classifier
and Evaluate

Measure
Performance

Select Best
Subset

Update Based on
Performance

Wrapper approach: Feature combinations are evaluated through the classifier.

Fig. 7: Comparison of filter and wrapper feature selection approaches.

set to k = 3, a commonly adopted baseline in
studies involving small and heterogeneous biomed-
ical datasets. Euclidean distance was chosen as
the similarity metric because it effectively reflects
neighborhood relationships in normalized contin-
uous feature spaces. The influence of varying the
number of neighbors within the range k = 3 to
k = 11 on classification performance is examined
separately in the Results section [68]. In addi-
tion, the compact and information-dense feature
subsets obtained through SFFS improve the def-
inition of neighborhood structures in the feature
space, thereby enhancing the spatial discrimina-
tion capability of the k-NN classifier.

SVM learns a decision boundary that maxi-
mizes the margin between classes, and the RBF
kernel was used to provide a flexible representa-
tion for nonlinear patterns. The kernel parameter
γ was set to auto, and the regularization coeffi-
cient C was set to 1000 as initial values, based
on ranges commonly reported in the literature.
The impact of a wider hyperparameter range on
model performance is further evaluated in the
Results section [69]. The decision mechanism of
SVM, which relies only on support vectors, com-
bined with informative feature subsets selected by
SFFS, enables a more accurate representation of
morphological and time–frequency characteristics
across classes. Together with k-NN, this approach
allows the data space to be analyzed from both
geometric proximity and margin-based separation
perspectives, providing a comprehensive view of
the multiclass arrhythmia classification problem.

The performance of all classification models
was evaluated using a repeated holdout valida-
tion scheme [70]. Data splitting was performed
at the beat level, where ECG beats were ran-
domly divided into training and test sets without
explicit patient-level grouping. Although beat-
level splitting may introduce subject overlap
between training and test sets, this study focuses
on evaluating feature representation and selec-
tion behavior under a controlled experimental
setting rather than subject-independent general-
ization. The dataset was initially partitioned into
training (70%) and test (30%) subsets. To guide
the SFFS procedure, the training set was further
divided into an internal training subset (70% of
the training data) and a validation subset (30%).
Feature selection was conducted exclusively using
this internal train–validation split. The optimal
feature subset was then used to retrain the model
on the full training set. Final performance eval-
uation was performed on the held-out test set,
which remained completely unseen during feature
selection and model optimization.

This validation strategy was adopted to ensure
a clear separation between feature selection, model
development, and final testing, thereby prevent-
ing information leakage during the SFFS process.
Although cross-validation is widely used, it was
not preferred in this study because the objec-
tive is to provide a clear and reproducible com-
parison under a controlled experimental setup.
In addition, repeated cross-validation combined
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with wrapper-based feature selection would signif-
icantly increase computational cost without pro-
viding additional meaningful insight into model
behavior.

The computational complexity of the proposed
framework is primarily governed by three stages:
feature extraction, feature selection, and classi-
fication. Feature extraction is performed on a
per-beat basis and scales linearly with the num-
ber of ECG beats and the number of extracted
features. The SFFS stage represents the most
computationally demanding component, as it iter-
atively evaluates candidate feature subsets using
an internal validation set. To control this cost,
the maximum number of iterations and the step
size were deliberately constrained. The final clas-
sification stage using k-NN and SVM introduces
relatively low computational overhead compared
to feature selection, particularly during inference.
Overall, the proposed pipeline exhibits manage-
able computational complexity and is well suited
for offline analysis and educational benchmarking
purposes.

2.9 Performance Evaluation

Because the MIT-BIH Arrhythmia Database
exhibits a highly imbalanced class distribution,
performance assessment was not based solely
on overall accuracy. Instead, balanced accuracy,
Cohen’s kappa, and macro-averaged performance
metrics were emphasized to ensure fair evaluation
across both majority and minority arrhythmia
classes. Within this framework, k-nearest neighbor
(k-NN) and support vector machine (SVM) clas-
sifiers were implemented and analyzed to examine
how different decision mechanisms affect classi-
fication performance when identical feature rep-
resentations are used for ECG-based arrhythmia
detection.

In the first stage, a confusion matrix was
constructed to analyze correct and incorrect clas-
sifications in the test set on a per-class basis. Using
this matrix, accuracy, precision, recall, and F1-
score were computed for each class [71], and their
macro-averaged counterparts (Macro-Precision,
Macro-Recall, and Macro-F1) were obtained to
summarize class-wise performance. Given the pro-
nounced class imbalance in the MIT-BIH Arrhyth-
mia Database, balanced accuracy was adopted to

ensure equal weighting of sensitivity and speci-
ficity across classes, thereby preventing dominant
majority classes from masking minority-class per-
formance. In addition, Cohen’s kappa coefficient
was employed to account for agreement occurring
by chance, providing a more reliable measure of
classifier consistency beyond raw accuracy [72].
Together, these metrics enable a comprehensive
evaluation of both overall performance and class
discrimination capability.

To obtain a more robust and reliable esti-
mate of model generalization, repeated holdout
validation was adopted using 10 independent ran-
dom splits. For each split, the complete pipeline,
including feature selection, classifier training, and
evaluation, was re-executed. The resulting perfor-
mance metrics were then aggregated and reported
as mean ± standard deviation. This approach
explicitly quantifies the variability introduced by
data partitioning and provides a more reliable
assessment of model stability and generalization.

Although multiple classifier configurations are
compared, formal statistical significance test-
ing was not included. Instead, model behavior
was interpreted through repeated holdout vali-
dation, class-balanced performance metrics, con-
fusion matrix analysis, and the Golden Distance
(GD) framework.

The mathematical definitions of the perfor-
mance metrics are organized into two tables.
Table 2 lists the symbolic definitions of parameters
shared across all metrics, while Table 3 presents
the main evaluation metrics, including accu-
racy, precision, recall, F1 score, balanced accu-
racy, macro-averaged metrics, and Cohen’s kappa,
together with their formulas. This structure avoids
repeated symbol definitions and improves clarity.
The term Macro-Metric denotes the arithmetic
mean of class-wise Precision, Recall, and F1 val-
ues, yielding Macro-Precision, Macro-Recall, and
Macro-F1 scores that are independent of class
distribution and assign equal weight to all classes.

In the second stage of performance analysis,
the Golden Distance (GD) method was employed
to condense multiple evaluation metrics into a sin-
gle summary value. Metrics defined on the same
scale are mapped into a multidimensional space
using polar coordinates to form a performance
polygon. From this polygon, two quantities are
derived: the normalized area value (NAV), rep-
resenting overall performance, and the distance
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Table 2: Parameters Used in Performance
Metrics

Parameter Definition
TPi Number of true positives for class i
TNi Number of true negatives for class i
FPi Number of false positives for class i
FNi Number of false negatives for class i
K Number of classes
κ Kappa coefficient
po Observed accuracy
pi Expected accuracy

of the centroid from the origin (DCO), reflecting
the balance among metrics. A higher NAV indi-
cates stronger performance, whereas a lower DCO
indicates a more balanced distribution.

To eliminate the dependency on metric order-
ing, NAV and DCO are averaged over all pos-
sible permutations of the evaluation metrics.
The Golden Distance (GD) is then defined as
the Euclidean distance between the averaged
(NAV,DCO) coordinates and the ideal reference
point (1, 0):

GD =

√
(1−NAV)2 + (DCO)2 (8)

A lower GD value indicates a model that
achieves both high overall performance and a
balanced distribution across evaluation metrics.

This evaluation enables an objective compari-
son of the effects of SFFS-selected feature subsets
on the classifiers and provides a multidimensional
perspective on model strengths and weaknesses.
The Results section presents the detailed metric
values and corresponding GD outputs and dis-
cusses the observed performance differences. Since
GD is constructed from multiple normalized met-
rics and reflects their joint geometric structure,
small variations in individual metrics result in
gradual rather than abrupt changes in GD. It is
important to note that GD is intended for rel-
ative comparisons within the same experimental
setup, and direct comparison of absolute GD val-
ues across different studies is not recommended
unless identical datasets, metrics, and normaliza-
tion procedures are employed.

3 Results

This section presents the experimental results
of the proposed ECG arrhythmia classification
framework, emphasizing how preprocessing, fea-
ture representation, feature selection, and clas-
sifier design collectively influence classification
performance. Rather than focusing solely on max-
imizing accuracy, the analysis aims to provide a
comprehensive understanding of how methodolog-
ical choices at each stage affect class discrimina-
tion, robustness, and overall model behavior.

The proposed framework was evaluated using
two different feature representations: (i) a hand-
crafted feature set composed of morphological and
temporal descriptors, and (ii) a compact repre-
sentation in which morphological features were
transformed into a wavelet-based form while pre-
serving temporal descriptors. For both represen-
tations, the most informative feature subsets were
selected using Sequential Forward Feature Selec-
tion (SFFS), and classifier performance was eval-
uated. The evaluation metrics include total accu-
racy, balanced accuracy, macro precision, macro
recall, macro F1-score, Cohen’s kappa, confusion
matrices, ROC analysis, and the Golden Distance
(GD) metric as a holistic indicator of overall
performance.

The first feature representation consists of 203
morphological and 8 temporal features, capturing
QRS morphology, amplitude variations, duration
characteristics, and temporal dynamics. In the
second representation, the morphological compo-
nent is transformed into a wavelet-based form,
reducing it to 47 features while preserving the
same 8 temporal descriptors. This transformation
compresses the high-dimensional and partially
correlated morphological feature space into a more
compact and informative representation, reduc-
ing dimensionality and computational complex-
ity while retaining discriminative time–frequency
characteristics.

To identify compact and informative feature
subsets, Sequential Forward Feature Selection
(SFFS) was applied using validation-set accuracy
as the selection criterion. The impact of subset
size was analyzed progressively, and the opti-
mal operating point was determined based on the
saturation behavior of validation performance.
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Table 3: Performance Metrics and Their Mathematical Definitions Used in This Study.

Metric Formula Explanation

Accuracy

∑K
i=1 TPi∑K

i=1(TPi + FNi)
Overall success rate

Precision
TPi

TPi + FPi

Positive predictive accuracy

Recall (Sensitivity)
TPi

TPi + FNi

True positive rate

Specificity
TNi

TNi + FPi

True negative rate

F1-score 2 ·
Precision · Recall

Precision + Recall
Harmonic mean of precision and recall

Macro-Metric
1

K

∑K
i=1 Metrici Unweighted average across all classes

Balanced Accuracy
Recall + Specificity

2
Accuracy sensitive to class imbalance

Cohen’s Kappa
Coefficient

κ =
po − pi

1 − pi

Agreement corrected for chance

As shown in Tables 4 and 5, both classi-
fiers exhibit a rapid increase in validation accu-
racy during the early iterations, followed by a
saturation-like behavior as the number of selected
features increases. For the k-NN classifier, valida-
tion accuracy rises sharply from 70.16% to 98.34%
within the first 15 features, after which only minor
improvements are observed.

Similarly, the SVM classifier reaches 98.57%
accuracy at 15 features. Beyond this point,
increasing the number of features leads to small
fluctuations rather than consistent improvement,
with a peak of 98.93% observed at 27 features,
followed by a slight decrease at 30 features.

These findings indicate that most discrimina-
tive information is captured within the first 15
selected features, while additional features provide
limited and inconsistent gains and may intro-
duce redundancy. Accordingly, a 15-feature subset
(numf = 15) was selected as a balanced and com-
putationally efficient configuration for subsequent
experiments.

Classifier performance was evaluated across
different feature representations and hyperpa-
rameter configurations to assess the impact of
model complexity and feature design on clas-
sification outcomes. For the k-NN classifier,
both Morphological+Temporal and Morphologi-
cal+Temporal+Wavelet feature sets were exam-
ined using k = 3, 5, and 7, while for the SVM clas-
sifier, multiple combinations of the regularization
parameter C and kernel parameter γ were sys-
tematically explored. The resulting performance

metrics, including total accuracy, balanced accu-
racy, macro precision, macro recall, macro F1-
score, Cohen’s kappa, and GD, are reported in
Tables 6–9.

To obtain a more robust estimate of generaliza-
tion performance, repeated holdout validation was
conducted using 10 independent random splits.
For each split, the entire training, feature selec-
tion, and evaluation pipeline was repeated, and
the resulting metrics were aggregated as mean ±
standard deviation. This procedure enables the
variability induced by data partitioning to be
explicitly quantified and provides a more reliable
assessment of model stability.

Tables 6 and 7 summarize the repeated-
holdout performance of the k-NN classifier for
the Morphological+Temporal and Morphologi-
cal+Temporal+Wavelet feature sets, respectively.
In both representations, the best overall perfor-
mance is obtained at k = 3. As k increases to 5
and 7, a slight but consistent decline is observed in
total accuracy, macro-level metrics, and Cohen’s
kappa, suggesting mild oversmoothing in the deci-
sion boundaries.

Comparing the two feature representations,
the inclusion of wavelet-based features leads to
a marginal improvement in total accuracy at
k = 3, along with a noticeable reduction in GD
(from 0.0398 to 0.0363), indicating a more bal-
anced overall performance. While differences in
macro-level metrics remain limited, these results
suggest that the wavelet-based representation
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Table 4: Validation performance of SFFS-selected feature subsets for the k-NN classifier (k = 3, Euclidean
metric).

Iteration Number of Selected Features Newly Added Features (Indices) Validation Accuracy (%) ∆ Accuracy

0 3 54, 49, 46 70.16 —
1 6 16, 13, 15 96.55 +26.40
2 9 52, 18, 50 97.50 +0.95
3 12 14, 30, 48 97.98 +0.48
4 15 10, 32, 33 98.34 +0.36
5 18 29, 25, 45 98.34 0
6 21 51, 40, 19 98.34 0
7 24 24, 12, 31 98.69 +0.36
8 27 11, 53, 21 98.69 0
9 30 36, 22, 44 98.69 0

Table 5: Validation performance of SFFS-selected feature subsets for the SVM classifier (RBF kernel,
C=1000, γ = auto).

Iteration Number of Selected Features Newly Added Features (Indices) Validation Accuracy (%) ∆ Accuracy

0 3 54, 46, 49 73.84 —
1 6 17, 16, 53 95.24 +21.40
2 9 14, 40, 45 97.38 +2.14
3 12 10, 31, 32 98.22 +0.83
4 15 20, 21, 50 98.57 +0.36
5 18 52, 15, 19 98.81 +0.24
6 21 33, 18, 37 98.81 0.00
7 24 12, 44, 43 98.81 0.00
8 27 51, 47, 11 98.93 +0.12
9 30 34, 26, 48 98.81 -0.12

provides complementary discriminative informa-
tion by capturing time–frequency characteris-
tics beyond purely morphological and temporal
descriptors.

The SVM results, summarized in Tables 8
and 9, show that classification performance
remains consistently high across the tested hyper-
parameter configurations. Variations in C and γ
result in only minor changes in total accuracy,
macro-level metrics, and Cohen’s kappa, indi-
cating that the classifier is relatively robust to
moderate hyperparameter variations within the
selected feature space.

Comparing the two feature representations,
the inclusion of wavelet-based features leads to
slightly higher accuracy and notably lower GD
values, indicating a more balanced and stable
performance. In addition, the reduced standard
deviation observed in the wavelet-based configura-
tion reflects improved robustness across different
data partitions.

Taken together, the k-NN and SVM results
indicate that both feature quality and classifier
design contribute to classification performance.
While well-selected features enable high perfor-
mance across different classifiers, SVM generally

achieves slightly higher accuracy and more stable
results, particularly when combined with wavelet-
based representations.

To examine class-level behavior beyond aggre-
gate metrics, the confusion matrix of the best-
performing configuration, namely the SVM clas-
sifier with C = 1000 and γ = scale using the 15-
dimensional Morphological+Temporal+Wavelet
feature subset selected by SFFS, was analyzed.
As shown in Figure 8, the strong dominance of
diagonal elements and minimal off-diagonal errors
indicate effective inter-class separation.

This observation is consistent with the high
overall accuracy, near-perfect macro-level metrics,
and low GD value reported for this configuration,
confirming reliable and well-balanced classifica-
tion performance across all classes.

This result should be interpreted within the
scope of the present study. The observed per-
formance reflects the effectiveness of the selected
feature representation under a deterministic clas-
sification setting. While the SVM model demon-
strates stable and reliable behavior with the
proposed features, more complex or stochastic
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Table 6: Overall performance of the k-NN classifier using the Morphological+Temporal feature set under
repeated-holdout evaluation (mean ± standard deviation).

Metric k=3 k=5 k=7

Total Accuracy (%) 98.02 ± 0.28 97.80 ± 0.25 97.73 ± 0.46
Balanced Accuracy 0.99 ± 0.002 0.99 ± 0.002 0.99 ± 0.003
Macro Precision 0.98 ± 0.003 0.98 ± 0.003 0.98 ± 0.005
Macro Recall 0.98 ± 0.003 0.98 ± 0.002 0.98 ± 0.005
Macro F1-score 0.98 ± 0.003 0.98 ± 0.003 0.98 ± 0.005
Cohen’s Kappa 0.98 ± 0.003 0.97 ± 0.003 0.97 ± 0.006
GD 0.0398 0.0405 0.0407

Table 7: Overall performance of the k-NN classifier using the Morphological+Temporal+Wavelet feature
set under repeated-holdout evaluation (mean ± standard deviation).

Metric k=3 k=5 k=7

Total Accuracy (%) 98.05 ± 0.386 97.73 ± 0.369 97.27 ± 0.359
Balanced Accuracy 0.99 ± 0.002 0.99 ± 0.002 0.98 ± 0.002
Macro Precision 0.98 ± 0.004 0.98 ± 0.004 0.97 ± 0.004
Macro Recall 0.98 ± 0.004 0.98 ± 0.004 0.97 ± 0.004
Macro F1-score 0.98 ± 0.004 0.98 ± 0.004 0.97 ± 0.004
Cohen’s Kappa 0.98 ± 0.005 0.97 ± 0.005 0.97 ± 0.004
GD 0.0363 0.0407 0.0551

Fig. 8: Confusion matrix of the best-
performing SVM configuration (C = 1000,
γ = scale) using the 15-dimensional Morpholog-
ical+Temporal+Wavelet feature subset selected
by SFFS.

approaches, such as deep learning or ensemble-
based methods, may introduce additional variabil-
ity due to differences in model architecture and
optimization dynamics.

The holistic performance of the wavelet-
enhanced model was further analyzed using the

GD framework. Figure 9(a) illustrates the irregu-
lar hexagonal structure formed from six normal-
ized performance metrics and its centroid. The
near-symmetrical shape indicates that no single
metric dominates the evaluation disproportion-
ately.

Figure 9(b) combines the normalized area
value (NAV) and centroid-to-origin distance
(DCO) to compute GD as the Euclidean distance
from the ideal point (NAV = 1,DCO = 0).
To provide a conservative evaluation, the visu-
alization corresponds to the k-NN configuration
with the highest GD value (0.0551) among the
tested settings. Despite representing a less opti-
mal case, the resulting structure remains relatively
balanced, indicating that the proposed feature
representation maintains consistent performance
across evaluation metrics even under less favorable
conditions.

In contrast, the best-performing configuration,
namely the SVM classifier with the Morpholog-
ical+Temporal+Wavelet feature set, achieves a
substantially lower GD value (0.0249), further
confirming the robustness and effectiveness of the
proposed framework.

In addition to GD-based evaluation, discrimi-
native performance was also assessed using ROC
analysis. Figure 10 shows the macro-averaged
ROC curve for the SVM classifier using the Mor-
phological+Temporal+Wavelet feature set. The
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Table 8: Overall Performance Metrics of SVM Classifier for Morphological + Temporal Feature Set
Performances under Different Hyperparameter Configurations with Robust Evaluation (Mean ± Std).

Metric C = 1000, γ = auto C = 500, γ = auto C = 1000, γ = scale C = 500, γ = scale

Total Accuracy (%) 98.38 ± 0.208 98.42 ± 0.083 97.88 ± 0.125 98.42 ± 0.083
Balanced Accuracy 0.99 ± 0.001 0.99 ± 0.001 0.99 ± 0.001 0.99 ± 0.001
Macro Precision 0.98 ± 0.002 0.98 ± 0.001 0.98 ± 0.002 0.98 ± 0.001
Macro Recall 0.98 ± 0.002 0.98 ± 0.001 0.98 ± 0.002 0.98 ± 0.001
Macro F1-score 0.98 ± 0.002 0.98 ± 0.001 0.98 ± 0.002 0.98 ± 0.001
Cohen’s Kappa 0.98 ± 0.003 0.98 ± 0.001 0.97 ± 0.002 0.98 ± 0.001
GD 0.0392 0.0351 0.0402 0.0351

Table 9: Overall Performance Metrics of SVMClassifier for Morphological + Temporal +Wavelet Feature
Set Performances under Different Hyperparameter Configurations with Robust Evaluation (Mean ± Std).

Metric C = 1000, γ = auto C = 500, γ = auto C = 1000, γ = scale C = 500, γ = scale

Total Accuracy (%) 98.54 ± 0.042 98.42 ± 0.083 98.54 ± 0.042 98.42 ± 0.083
Balanced Accuracy 0.99 ± 0.000 0.99 ± 0.001 0.99 ± 0.000 0.99 ± 0.001
Macro Precision 0.99 ± 0.000 0.98 ± 0.001 0.99 ± 0.000 0.98 ± 0.001
Macro Recall 0.99 ± 0.000 0.98 ± 0.001 0.99 ± 0.000 0.98 ± 0.001
Macro F1-score 0.99 ± 0.000 0.98 ± 0.001 0.99 ± 0.000 0.98 ± 0.001
Cohen’s Kappa 0.98 ± 0.001 0.98 ± 0.001 0.98 ± 0.001 0.98 ± 0.001
GD 0.0249 0.0351 0.0249 0.0351

high AUC value indicates strong class separabil-
ity across different decision thresholds. Together
with the confusion matrix and GD analysis, this
result further confirms that the proposed feature
space enables robust and well-balanced multiclass
classification.

Overall, the results lead to three main con-
clusions. First, most of the discriminative infor-
mation is captured within a compact 15-feature
subset selected by SFFS. Second, the inclusion
of wavelet-based features provides a more bal-
anced and effective representation compared to
using only morphological and temporal features.
Third, while both k-NN and SVM achieve high
performance, SVM consistently provides slightly
higher accuracy and more stable results, par-
ticularly when combined with the wavelet-based
feature representation.

4 Discussion

In this study, the multi-class ECG arrhythmia
classification problem is addressed within a holis-
tic framework that aims not only to achieve high
accuracy but also to provide a clear and sys-
tematic understanding of how signal processing,
feature extraction, feature selection, and model

evaluation stages influence classification perfor-
mance. Although very high accuracy rates have
been reported on the same datasets in the liter-
ature, many of these approaches exhibit reduced
interpretability and methodological transparency
as model complexity increases [34].

In contrast, the proposed framework prioritizes
methodological clarity, analytical consistency, and
interpretability alongside performance, offering a
balanced approach to ECG classification.

The results indicate that morphological and
temporal features alone provide strong discrimi-
native capability. However, incorporating wavelet-
based representations, which transform morpho-
logical information into a more compact and
decorrelated form, leads to a significant reduc-
tion in feature dimensionality and a more consis-
tent and balanced classification performance. This
observation is in agreement with previous studies
demonstrating the effectiveness of time–frequency
representations in capturing the complex struc-
ture of ECG signals [35].

The SFFS-based feature selection results
in this study show that classification perfor-
mance saturates at approximately 15 features for
both classifiers, indicating that increasing feature
dimensionality beyond this point does not yield

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



Fig. 9: GD analysis: (a) Irregular hexagonal structure created based on six performance metrics and
the location of the center of gravity; (b) Distribution of the distance from the center of gravity to the
origin (DCO) with the Normalized Area Value (NAV) and the GD representation according to the ideal
performance point.

Fig. 10: Macro-averaged ROC curve of the SVM
classifier (C = 1000, γ = scale) using the 15-
dimensional Morphological+Temporal+Wavelet
feature subset selected by SFFS.

meaningful performance gains and may introduce
redundancy. This observation is consistent with
previous studies on the MIT-BIH dataset, which
report that a compact subset of morphological and
temporal features can achieve high accuracy and
stable performance [73].

Although feature selection stability across mul-
tiple data splits was not explicitly analyzed, the
consistent saturation behavior observed for both

k-NN and SVM suggests that the selected feature
dimensionality reflects an inherent structure of the
feature space rather than being dependent on a
specific partitioning of the data.

Furthermore, the results indicate that the
majority of discriminative information is concen-
trated within a relatively small subset of fea-
tures, supporting the effectiveness of SFFS in
identifying informative and non-redundant feature
combinations. This compact representation not
only reduces computational complexity but also
contributes to improved generalization by avoid-
ing overfitting associated with high-dimensional
feature spaces. In this context, the observed sta-
bility across repeated holdout evaluations further
reinforces the reliability of the selected feature
subset.

Comparative analysis of the k-NN and SVM
classifiers shows that both achieve high and stable
performance on the SFFS-selected feature space.
For k-NN, the best results are obtained at a low
neighborhood size (k = 3), while increasing k
leads to a gradual decline in total accuracy, macro-
level metrics, and Cohen’s kappa. This behavior
suggests that larger neighborhood sizes introduce
oversmoothing in the decision boundaries, thereby
reducing the influence of locally discriminative
patterns. Consequently, preserving local structure
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appears to be critical for maintaining inter-class
separability in the proposed feature space.

In contrast, SVM demonstrates consistently
high performance across different hyperparame-
ter configurations, with only minor variations in
accuracy and macro-level metrics. This behavior
suggests that the learned decision boundaries are
relatively robust to moderate changes in model
parameters. Such stability can be attributed to
the compact and well-separated structure of the
selected feature space, which enables SVM to
effectively exploit global class boundaries.

Although both classifiers achieve compara-
ble performance levels, SVM generally provides
slightly higher accuracy and improved stability,
particularly when combined with the wavelet-
enhanced feature representation. This suggests
that, while local neighborhood information is suf-
ficient for effective classification, margin-based
methods such as SVM can more effectively utilize
the global geometry of the feature space, leading
to more stable and reliable decision boundaries.

For SVM, variations in the regularization
parameter C and the kernel parameter γ result
in only minor changes in performance, indicat-
ing that the SFFS-selected feature space provides
strong intrinsic discrimination among arrhythmia
classes. The consistently high balanced accuracy,
macro F1-score, and Cohen’s kappa further sug-
gest that the performance is not significantly
affected by class imbalance or chance agreement.

Overall, these results demonstrate that the
proposed feature extraction and selection strategy
produces a compact and well-separated feature
space, enabling both distance-based and margin-
based classifiers to achieve reliable and stable
classification performance.

A key observation is that the confusion matrix
obtained using the SFFS-selected wavelet-based
feature subset exhibits a strong diagonal structure
with minimal off-diagonal errors. This indicates
that the selected feature representation effectively
preserves inter-class separability.

These findings suggest that, once a compact
and well-separated feature space is established,
classification performance is largely driven by
the discriminative power of the features. Under
such conditions, different classical classifiers can
achieve comparable decision behavior, although
slight differences in performance and stability may
still arise.

The holistic evaluation using the GD met-
ric further confirms that the models achieve not
only high accuracy but also balanced and sta-
ble performance across multiple evaluation crite-
ria. Unlike many studies that focus primarily on
overall accuracy or F1-score, the GD framework
provides a multidimensional and more comprehen-
sive assessment of classifier performance. These
findings demonstrate that classical machine learn-
ing approaches remain a strong and interpretable
option for arrhythmia classification on the MIT-
BIH dataset.

To position the proposed framework within the
current literature, recent studies on the MIT-BIH
dataset were analyzed, as summarized in Table 10.

Most recent approaches rely on deep learning
architectures, including CNNs, attention mech-
anisms, and hybrid models, achieving accuracy
values exceeding 99%. While these models demon-
strate superior performance, they typically involve
complex architectures, high computational cost,
and limited interpretability.

In contrast, classical machine learning
approaches, as demonstrated by Singh et al. [80],
can achieve competitive accuracy when sup-
ported by effective feature design. The proposed
framework follows this paradigm by combin-
ing morphological, temporal, and wavelet-based
features with Sequential Forward Feature Selec-
tion (SFFS), resulting in a compact subset of
only 15 features. Despite its simplicity, the pro-
posed method achieves competitive performance
while maintaining full interpretability and low
computational complexity.

Compared to recent deep learning approaches
such as hybrid models [78], attention-based archi-
tectures [77], and explainable deep learning frame-
works [74], the proposed method offers a funda-
mentally different trade-off. Instead of maximizing
accuracy at the expense of complexity, it focuses
on achieving a balanced performance across multi-
ple evaluation metrics, as confirmed by the Golden
Distance (GD) analysis.

These results highlight that carefully designed
feature-based approaches remain a strong and
practical alternative for ECG arrhythmia clas-
sification, particularly in scenarios where inter-
pretability, efficiency, and reproducibility are crit-
ical.

Despite the promising results, several limita-
tions of this study should be acknowledged. First,
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Table 10: Comparison of recent ECG arrhythmia classification studies on the MIT-BIH dataset

Study Method Type Acc. (%) Key Contribution

Kavitha & Shakkeera
(2026) [74]

Cycle-CMCHA-GAN
+ SHAP

DL 99.87 Explainable deep learning framework with
SHAP-based interpretability

Cui et al. (2025) [75] Interpretable KAN DL 99.08 Interpretable neural architecture with
learnable activation functions

Elsheikhy et al.
(2025) [76]

Lightweight CNN +
Attention

DL 99.18 Multi-lead lightweight architecture for effi-
cient classification

Shah et al. (2025) [77] Self-attention Autoen-
coder

DL 99.71 Attention-based representation learning
with enhanced preprocessing

Zabihi et al. (2024) [78] ResNet-LSTM + RF Hybrid 99.26 Hybrid deep and classical learning frame-
work with feature fusion

Amhia et al.
(2024) [79]

SLT + CNN DL 99.40 Time–frequency analysis using Superlet
Transform with deep CNN

Singh et al. (2019) [80] ANN / SVM / RF ML 99.59 Comparative machine learning study with
handcrafted features

Proposed SFFS + SVM / k-
NN

ML 98.54 Compact, interpretable, and low-
complexity feature-based framework

the evaluation was conducted on a single bench-
mark dataset (MIT-BIH Arrhythmia Database),
which may limit the generalizability of the findings
to datasets with different acquisition conditions or
class distributions. Nevertheless, the proposed fea-
ture extraction and SFFS-based selection pipeline
is not inherently dataset-specific and can be
adapted to other annotated ECG datasets with
appropriate preprocessing.

Second, although a repeated holdout strategy
with an internal validation split was employed
to reduce bias, alternative validation approaches
such as k-fold cross-validation could further miti-
gate dependency on specific data partitions, albeit
at the cost of increased computational complexity.

Third, feature extraction and selection were
performed in an offline setting, and real-time
implementation aspects were not considered.
Finally, while classical machine learning models
were preferred to emphasize interpretability and
methodological transparency, comparisons with
deep learning-based approaches were not included
and represent an important direction for future
research.

5 Future Work

The proposed framework offers several advan-
tages, including interpretability through hand-
crafted and wavelet-based features, a compact and
computationally efficient representation enabled
by SFFS, and stable classification performance

across different classifiers and evaluation met-
rics. However, certain limitations should also be
acknowledged. The evaluation was conducted on
a single benchmark dataset, and the general-
izability of the results to different datasets or
real-world clinical settings remains to be further
validated. In addition, comparisons with deep
learning-based approaches were not included, and
real-time implementation aspects were not consid-
ered. These limitations motivate several directions
for future research.

The findings of this study highlight the critical
role of feature extraction and selection in deter-
mining classification performance. Future research
may focus on enriching the feature space by incor-
porating additional descriptors such as entropy,
fractal dimension, and nonlinear complexity mea-
sures to better capture the intrinsic dynamics of
ECG signals. Integrating these descriptors with
morphological, temporal, and wavelet-based fea-
tures may further enhance discrimination, particu-
larly for arrhythmia classes with subtle inter-class
differences.

A systematic comparison between SFFS and
alternative feature selection strategies, including
heuristic, evolutionary, and embedded approaches,
would provide a more comprehensive understand-
ing of the trade-offs between performance, dimen-
sionality, and computational complexity. In par-
ticular, investigating embedded feature selection
mechanisms within classifiers may offer deeper
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insight into the interaction between feature rele-
vance and decision boundary formation.

In addition, evaluating lightweight deep learn-
ing architectures on the SFFS-selected feature
space would enable a direct comparison between
classical machine learning and deep learning
paradigms. Approaches such as CNNs and RNNs
have demonstrated promising results in ECG
arrhythmia classification; however, they typically
require larger datasets and higher computational
resources. Future studies could explore the appli-
cation of such models on diverse ECG datasets to
enable automatic feature extraction while main-
taining interpretability and reproducibility.

Finally, validating the proposed framework on
multiple ECG datasets with varying acquisition
conditions and class distributions is essential to
assess robustness and generalizability. Incorporat-
ing practical considerations such as computational
cost, memory requirements, and decision latency
will also be important for evaluating the clin-
ical applicability of the approach in real-world
deployment scenarios.

6 Conclusion

This study presents a holistic and interpretable
framework for multi-class ECG arrhythmia clas-
sification, emphasizing the combined impact of
signal processing, feature extraction, feature selec-
tion, and evaluation strategies on overall per-
formance. Rather than focusing solely on accu-
racy, the proposed approach demonstrates how
methodological choices at each stage influence
classification outcomes.

The results show that morphological and tem-
poral features provide strong baseline discrimina-
tion, while wavelet-based representations enable
a more compact and decorrelated feature space,
leading to improved balance and stability with
reduced dimensionality. The SFFS-based feature
selection further reveals that a small subset of fea-
tures is sufficient to achieve high and stable perfor-
mance, indicating that increasing dimensionality
does not necessarily improve generalization.

Comparative analysis of k-NN and SVM indi-
cates that, once a well-structured feature space
is established, classical classifiers achieve reliable
and consistent performance, with SVM providing
slightly improved stability. The use of comple-
mentary evaluation metrics, including balanced

accuracy, Cohen’s kappa, and the Golden Distance
(GD), enables a comprehensive assessment beyond
overall accuracy.

Overall, the findings demonstrate that classical
machine learning approaches, when supported by
carefully designed feature engineering and selec-
tion, remain a powerful, transparent, and com-
putationally efficient solution for ECG arrhyth-
mia classification. The proposed framework also
offers a reproducible and interpretable reference
for future studies aiming to balance performance,
efficiency, and methodological clarity. Future work
will focus on enriching the feature space with
additional descriptors and validating the proposed
framework across diverse ECG datasets to further
assess its robustness and generalizability.
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