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ABSTRACT: In the effort to enhance cardiovascular diagnostics, deep learning-based heart sound classification
presents a promising solution. This research introduces a novel preprocessing method: iterative k-means clustering
combined with silhouette score analysis, aimed at downsampling. This approach ensures optimal cluster formation
and improves data quality for deep learning models. The process involves applying k-means clustering to the dataset,
calculating the average silhouette score for each cluster, and selecting the cluster with the highest score. We evaluated this
method using 10-fold cross-validation across various transfer learning models from different families and architectures.
The evaluation was conducted on four datasets: a binary dataset, an augmented binary dataset, a multiclass dataset, and
an augmented multiclass dataset. All datasets were derived from the HeartWave heart sounds dataset, a novel multiclass
dataset introduced by our research group. To increase dataset sizes and improve model training, data augmentation
was performed using heartbeat cycle segmentation. Our findings highlight the significant impact of the proposed
preprocessing approach on the HeartWave datasets. Across all datasets, model performance improved notably with the
application of our method. In augmented multiclass classification, the MobileNetV2 model showed an average weighted
Fl-score improvement of 27.10%. In binary classification, ResNet50 demonstrated an average accuracy improvement of
8.70%, reaching 92.40% compared to its baseline performance. These results underscore the effectiveness of clustering
with silhouette score analysis as a preprocessing step, significantly enhancing model accuracy and robustness. They
also emphasize the critical role of preprocessing in addressing class imbalance and advancing precision medicine in
cardiovascular diagnostics.

KEYWORDS: Heart sound; murmurs; cardiovascular diseases (CVDs); transfer learning; convolutional neural network
(CNN); deep learning; K-means; silhouette analysis

1 Introduction

Cardiovascular diseases (CVDs) are the leading cause of death worldwide, taking millions of lives every
year, and the death rate is increasing drastically day by day [1]. In 2016 alone, 17.9 million people—almost
31% of all global deaths—died from CVDs, compared to 13 million deaths recorded in 1990 [2]. Recently, a
significant upward trend in death rates has been observed in developing countries. In fact, rheumatic heart
disease is the most common form of CVD in young adults in the developing world, with an estimated 300,000
new cases each year [3].
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The heart, being one of the most important organs of the human body, emits sounds during the
mechanical activity of the valves and produces two distinct sounds: Lub and Dub, known as S1 and S2,
respectively [4]. In addition to S1 and S2, a third heart sound (S3) and a fourth heart sound (S4) can
occur in abnormal heartbeats. The signal from S1 to the following S2 is known as a heartbeat cycle or
segment [5]. Sometimes, due to structural defects in the heart valves, a noisy sound known as a murmur
is also observed [6]. Since the invention of the stethoscope in the 18th century, auscultation has been the
most common and reliable non-invasive method for examining these sound features using a stethoscope. It
is widely used for screening and diagnosing CVDs by cardiologists [7,8]. In addition to auscultation, various
cardiac diagnostic modalities—such as echocardiograms—are commonly employed to detect cardiovascular
diseases, as they provide insights into a range of structural and functional abnormalities of the heart [9].
However, these advanced methods may not always be available and are often costly, heart sounds (HS), also
known as phonocardiograms (PCG), provide a cheap and efficient means of diagnosing CVDs. But effective
cardiac auscultation requires trained and skilled physicians, as studies show that only 4 out of 10 CVD cases
are accurately identified by medical students and primary care physicians, and errors greatly depend on the
subjectivity of the analyst [10-13].

The main goal of automatic heart sound analysis is to achieve accurate classification of the cardiovascular
diseases present in the cardiac heartbeat cycle. Typically, automatic heart sound and murmur analysis
involves several phases: data acquisition and preprocessing, segmentation, feature extraction and selection,
and classification [14]. Each phase comprises various methods, and the choice of method significantly
influences the model’s performance.

To address the limitations of traditional diagnostic techniques and reduce reliance on expert interpreta-
tion, researchers have increasingly turned to artificial intelligence (AI) and machine learning solutions. In the
era of Al, a considerable amount of deep learning-based work has been done on automatic disease detection
using both 1D (time domain) [15-17] and 2D (time-frequency) [18-22] physiological signals. In the same
vein, deep learning has emerged as a powerful tool for heart sound and murmur classification, particularly
through the utilization of time-frequency representations and other features extracted from heart sounds.
Many studies have used time-frequency representations as images, making them suitable for CNN image
models, such as [23].

Among the various deep learning strategies, transfer learning has emerged as a particularly effective
approach for improving classification performance on limited or specialized datasets. Transfer learning has
been utilized to leverage pre-trained DL models, primarily trained on large-scale datasets such as ImageNet,
for heart sound classification. Pre-trained models, especially those trained on ImageNet, have demonstrated
good performance on time-frequency representations extracted from heart sounds [24]. Transfer learning
approaches have involved using classic machine learning classifiers and feed-forward neural networks,
with fine-tuning of pre-trained models proving to be particularly effective in adapting to heart sound
datasets [8,24-26].

While model architecture and training strategies are often emphasized, preprocessing remains a
foundational yet sometimes overlooked step that can significantly influence classification outcomes. The
preprocessing phase is crucial in deep learning models as it enhances performance by highlighting important
features and reducing noise and irrelevant information [27]. By ensuring that only high-quality data is used,
preprocessing prevents the model from learning incorrect or irrelevant patterns [28]. This process eventually
improves model accuracy by selecting better features and eliminating poor-quality or irrelevant data [29].
For example, in image processing, selecting high-quality data can significantly boost the model’s ability to
recognize patterns by providing more consistent and varied input [30].
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For the task of automated classification using Phonocardiogram (PCG) signals, significant research
has primarily focused on datasets from the PhysioNet/CinC Challenge [31], PASCAL datasets [32], and
publicly available datasets on GitHub [33]. These collections largely concentrate on binary classifications—
distinguishing between healthy and unhealthy states—or on a limited number of common valvular diseases.
A recent unique dataset, named the HeartWave dataset [34], encompasses a broad spectrum of approximately
nine distinct heart sound classes, including some not present in any other dataset. This dataset includes con-
ditions such as Normal, Aortic Stenosis, Aortic Regurgitation, Pulmonic Stenosis, Pulmonary Regurgitation,
Tricuspid Stenosis, Tricuspid Regurgitation, Mitral Stenosis, and Mitral Regurgitation. Notably, Pulmonic
Stenosis, Tricuspid Stenosis, and Tricuspid Regurgitation are among the rarest, difficult-to-diagnose classes.
In this study, we use the multiclass HeartWave dataset.

All available heart sound datasets, except for one public dataset on GitHub [33], suffer from severe
class imbalance. This imbalance poses a significant challenge because deep learning models tend to favor the
majority class, leading to biased predictions and poor generalization on underrepresented classes. Balancing
such datasets is particularly difficult due to the scarcity of rare cardiovascular conditions and the variability in
recording quality and duration. Moreover, many existing studies overlook effective preprocessing techniques
that could mitigate these challenges. While some works [23,35] attempt data selection in preprocessing, their
biclustering-based approach relies on arbitrary sample counts—retaining clusters with more samples and
discarding those with fewer—without assessing cluster quality. This highlights the difficulty of designing
systematic, reliable preprocessing strategies that can adapt to the heterogeneous and complex nature of heart
sound data. In this context, we argue that robust and data-driven preprocessing methods are still lacking and
urgently needed for effective CVD classification.

In this study, we propose a novel downsampling method that systematically selects high-quality
samples from overrepresented classes using cluster-based analysis. Unlike random reduction techniques, our
approach prioritizes cluster cohesion and separation to retain diagnostically meaningful data while achieving
class balance.

Our proposed approach entails utilizing iterative K-means clustering and silhouette scores to enhance
data quality during the downsampling process before feeding it into deep learning models. We apply K-means
clustering to divide the data into two clusters, grouping data with similar characteristics. We then calculate
the average silhouette score for each cluster. The silhouette score measures how similar each data point is
to its own cluster compared to other clusters. We retain the cluster with the highest average silhouette score
and exclude the cluster with the lowest average score. This process is repeated iteratively until the number of
data samples per cluster is reduced to match the number of samples in the smallest class in the dataset. Our
method improves data quality by considering the nature of heart sounds and murmurs, which is challenging
due to their strong similarities.

Our primary contributions include:

1.  Proposing a novel preprocessing method, iterative clustering with silhouette analysis aimed at down-
sampling, to improve the accuracy of heart sound and murmur classification.

2. Applying the proposed method to the HeartWave dataset, we conducted a thorough benchmarking
study using a set of pretrained models to demonstrate the effectiveness of the approach in both binary
and multiclass classification, with and without data augmentation.

3. Validating the effectiveness of the proposed method in classifying rare and challenging-to-diagnose
classes within datasets, highlighting the potential of the proposed method in handling complex
classification tasks.
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The paper is structured as follows: In Section 2, recent studies on the classification of heart sounds
and murmurs are reviewed in depth. In Section 3, we provide a detailed definition of the silhouette
score technique. In Section 4, the datasets used in the study are presented along with their preprocessing
approaches. Section 5 provides a detailed overview of the proposed preprocessing approach. Section 7
demonstrates the experimental settings, followed by the presentation of the results in Section 8. A compara-
tive discussion, an outline of future research directions, and a discussion of the limitations of the results are
provided in Section 9. Finally, the conclusions of this work are summarized in Section 10.

2 Related Work

In this section, we explore the methods of heart sounds and murmurs for classifying heart diseases
has been been proposed. Heart sound (PCG) signals can be transformed using either 1D or 2D approaches
to prepare the data for deep learning models. 1D transformations preserve the original waveform of the
PCG signals, feeding the data into models as time-series input, typically used in 1D-CNN architectures. For
instance, Oh et al. [36] applied a 1D CNN model to classify heart sounds directly from their 1D waveform.
Similarly, Lee and Kwak [37] and Bao et al. [38] incorporated 1D wavelet transforms in addition to their 2D
methods. 2D transformations, in contrast, convert PCG signals into time-frequency representations, such
as spectrograms, which can be processed by 2D-CNN models. Notable examples include the Short-Time
Fourier Transform (STFT) employed by Singh et al. [39] and Chen et al. [40], as well as the discrete wavelet
transform (DW'T) used by Das et al. [41]. These 2D transformations capture both temporal and frequency
features, allowing for more comprehensive feature extraction in classification tasks. Whether using 1D or 2D
transformations, these techniques are critical for converting raw PCG signals into usable formats for deep
learning models.

Denoising is essential for improving the classification performance of heart sounds, particularly when
dealing with noisy PCG or murmur data. Numerous researchers have employed filtering techniques to
reduce noise and enhance signal quality. Chen et al. [40] applied a Butterworth filter to remove noise from
PCG signals before converting them into spectrograms. Similarly, Marocchi et al. [42] used filtering to
remove spikes from PCG signals as part of the preprocessing phase. Additionally, Li et al. [43] introduced a
denoising autoencoder (DAE) for feature extraction, significantly improving model performance. Moreover,
the studies in [44-46] denoised the PCG signals to enhance clarity. These studies underscore the importance
of denoising techniques in enhancing heart sound classification accuracy by minimizing the impact of noise
on the data.

Data augmentation has been widely adopted to address the challenges posed by limited datasets and to
improve heart sound classification model performance. Das et al. [4]1] employed augmentation techniques
such as time-stretching and pitch-shifting to diversify the dataset. Boulares et al. [23] used heartbeat cycle
segmentation to generate additional training samples. Similarly, Barnawi et al. [35] combined heartbeat cycle
segmentation with clustering for sample selection. These augmentation strategies enhance the generalization
capabilities of models by artificially expanding the dataset and enabling the models to learn from a broader
variety of samples.

Imbalanced datasets can lead to biased classification models that favor the majority class, resulting
in poor recall for minority classes—often the most clinically significant. This skews performance metrics
like accuracy, giving a false sense of model effectiveness while overlooking rare or complex conditions.
In heart sound classification, such imbalance can hinder the detection of critical abnormalities, reduce
model generalizability, and compromise clinical reliability. In [47], the authors addressed the limitations of
relying solely on either ECG or PCG signals for diagnosing coronary artery disease (CAD), emphasizing the
importance of multimodal signal analysis. Leveraging the strength of deep learning for feature extraction,
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they proposed a hybrid ensemble architecture that combines convolutional neural networks (CNN) and
bidirectional long short-term memory (BiLSTM) models. However, the study did not consider the issue of
class imbalance in the PhysioNet/CinC Challenge 2016 dataset, which contains 2575 normal samples and only
655 abnormal samples. As a result, the proposed model is likely biased toward the majority (normal) class,
potentially affecting its generalizability and diagnostic reliability for detecting abnormal heart conditions.

In [48], the authors proposed WCFormer, an interpretable wavelet convolution transformer for heart
sound-based CVD diagnosis. The model integrates wavelet convolution and a global-local feature extractor
to enhance interpretability and classification accuracy. Although it achieved strong results, the study used a
pre-balanced dataset collected in a controlled laboratory environment, which may limit its generalizability
to real-world clinical settings.

In [46], a recent study, the authors combined deep learning with explainable AI (XAI) to enhance heart
sound classification. Using the HeartWave dataset with expert-guided manual segmentation, they addressed
limitations of automatic segmentation

Lilhore et al. [45] proposed an attention-based CNN-BiLSTM model that incorporates spatial attention
in the CNN layers and temporal attention in the BiLSTM to enhance heart sound classification. The model
was evaluated on the PCG and PASCAL datasets, demonstrating improved accuracy. The PASCAL dataset
used is imbalanced, which may bias the classifier toward majority classes. The study did not address this class
imbalance, potentially affecting the reliability of the results.

Liet al. [44] proposed CAFusionNet, a multi-scale CNN architecture that integrates channel attention
mechanisms and transfer learning to improve heart sound classification. However, the study employed
two imbalanced datasets, which may bias the classifier toward majority classes. This potential bias was not
addressed, possibly affecting the model’s generalization and reliability.

Han and Shaout [49] developed ENACT-Heart, an ensemble framework that combines CNNs and
Vision Transformers (ViTs) within a mixture of experts (MoE) architecture, achieving high classification
accuracy. However, the study does not address the class imbalance present in the PASCAL dataset, which
may affect the reliability and generalizability of the results.

Addressing imbalance is therefore essential to ensure fair and accurate Al-driven diagnosis. Sample
selection strategies have been explored in various studies, with some relying on random selection methods
that fail to address class imbalances. For example, Barnawi et al. [35] used random cluster selection,
discarding clusters with fewer samples, which resulted in an imbalanced dataset. Similarly, Boulares et al. [23]
applied random segment selection without employing clustering metrics, worsen class imbalance. These
random selection techniques, while simple and straightforward, often fail to consider class distribution,
leading to potential biases in model training. In contrast, the proposed work emphasizes systematic sample
selection to balance the data, ensuring that all classes are equally represented and reducing the impact
of imbalanced data. A comparison between existing related work and our proposed work is outlined
in Table 1. Fig. 1 summarizes the general framework used in this study, starting with the HeartWave dataset,
followed by denoising the PCG signals, transforming the PCG signals into mel spectrogram images, applying
the proposed sample selection method, and concluding with the use of pretrained deep learning models to
evaluate the impact of the proposed method on classifying heart sounds to detect cardiovascular diseases
(CVDs).
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Table 1: Comparison of methods in existing works and proposed work

Author Denoising Transformation method Augmentation Sample selection
1D 2D
Han et al. [49], (2025) X X
Lietal. [44], (2025) X X X
Lilhore et al. [45], (2025) X X
Alrabie et al. [46], (2025) X X X
Wang et al. [48], (2025) X X
Kalatehjari et al. [47], (2025) X X
Singh et al. [39], (2024) X X
Das et al. [41], (2023) X X
Marocchi et al. [42], (2023) X X
Bao et al. [38], (2023) X X X
Lee et al. [37], (2023) X X X
Chen et al. [40], (2023) X X
Barnawi et al. [35], (2023) X X X
Singh et al. [25], (2023) X X
Boulares et al. [23], (2021) X X X X
Li et al. [43], (2019) X X
Alqudah et al. [50], (2020) X
Ghosh et al. [51], (2020) X
Oh et al. [36], (2020) X
Baghel et al. [52], (2020) X X
Deperlioglu et al. [53], (2020) X X
Deng et al. [54], (2020) X X
Krishnan et al. [55], (2020) X X
Proposed work X X X X
( - }’ ‘ AT e ety | Modeistor
Classification

Figure 1: Framework of the proposed work

3 Silhouette Score

There are many techniques used to estimate the clustering performance, such as the Rand index [56],
the adjusted Rand index [56], the distortion score, the Davies-Bouldin index (DBI) [57], the Calinski-
Harabasz index [58] and the silhouette score [59]. The silhouette score considers both intra-cluster cohesion
and inter-cluster separation; this provides a more balanced assessment of clustering quality compared
to other methods. Additionally, the silhouette score provides insights by evaluating each individual data
point, facilitating detailed analysis of cluster boundaries and potential misclassifications [59]. Due to the
comprehensive and intuitive nature of the silhouette score, in this work, we employ the silhouette score to
evaluate clustering performance. The silhouette score s(x;) for the point x; is defined as [60]:
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b(x;) —a(xi)

s(xi) = max(b(x;),a(x;))

©)

where x; is a point in cluster 7, a(x;) is the average distance of x; to all other points in the cluster 7y
(intra-cluster dissimilarity), and

b(x;) = min{d,(x;)} (2)

where d;(x;) is the average distance from a(x;) to all points in cluster for 7; (between dissimilarity).
From Eq. (1), the value of the Silhouette score can range between —1 and 1. A negative value is unwanted
as it indicates that a(x;) is greater than b(x;), meaning intra-cluster dissimilarity is greater than between-
cluster dissimilarity. A positive value is obtained when a(x;) < b(x;), and the silhouette score reaches its
maximum of 1 when a(x;) = 0. The greater the positive s(x;) value of an element, the higher the probability
it is clustered correctly. Elements with negative s(x; ) values are more likely to be misclustered [59]. In other
words, a silhouette score near +1 indicates that the data point is far away from the neighboring clusters,
and the value 0 indicates that the data points are on or very close to the decision boundary between two
neighboring clusters and negative values indicate that those points might have been assigned to the wrong
cluster [60]. The average silhouette score for the entire clustering result is the average s(x;) of all points and
the average silhouette score for a cluster is the average s(x;) for all points in the cluster [60]. The average
silhouette score for a cluster 7y is defined as:

S(m) = — 3 s(x) ()

|7Tk| Xi€T)

where 71 is the cluster, |7x| is the number of points in the cluster, and s(x;) is the silhouette score of point
x;. In this study, we analyze the average silhouette score for each cluster. Fig. 2 illustrates the process of
calculating the silhouette score for a point X; in cluster C;. The figure shows the intra-cluster distances A
(average distance) between X; and other points in cluster Cy, cluster Cy (indicated by the purple lines), and
the inter-cluster distances B (minimum average distance) between X; and points in other clusters, C; and Cy
(indicated by the blue lines). After calculating silhouette values for each point, these can be averaged to give
an overall measure of cohesion for the cluster. The average silhouette score for each cluster helps evaluate the
whole quality of the cluster.

€

S(X;))=1—A/B

Figure 2: Illustration of silhouette score calculation for a point X; in cluster C;. The average intra-cluster distance A
is calculated within cluster C; (Purple lines), and the minimum inter-cluster distance B is calculated between X; and
points in clusters C; and Cy (Blue lines). The silhouette score S(X;) is derived from these distances
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Moreover, Algorithm 1 outlines the step-by-step process for calculating the average silhouette score for
each cluster. The iterative k-means clustering method leverages the silhouette score to optimize clustering
quality. The silhouette score evaluates how similar samples within a cluster are to each other (intra-cluster
similarity) while ensuring they are well-separated from samples in other clusters (inter-cluster separation).
By iteratively refining the clustering process based on silhouette scores, the method systematically selects
the most cohesive clusters and discards less meaningful ones. This process ensures that only high-quality
clusters are retained, preserving meaningful data. As a result, the refined dataset allows machine learning
models to learn more effectively, leading to improved performance metrics such as accuracy, precision, recall,
and weighted Fl-score. The combination of k-means clustering and silhouette analysis provides a robust
mechanism to handle class imbalance, ensuring better representation of all classes and ultimately enhancing
model generalization.

Algorithm 1: Silhouette Score with Cluster Averages

1 Require: Dataset X = {x1,X3,...,X,}, cluster labels L = {I}, I, ..., l,,}, distance function d(x;, x;).
2 Ensure: Silhouette score for each data point S(x;) and average silhouette score for each cluster S(7y).
3 1. Let K be the total number of clusters.
4 2. Initialize clusters my < {x; | l; =k} fork=1,2,...,K.
5 3. For each data point x; € X:
6  a. Compute the average intra-cluster distance:
a(i) = |my,| -1 ijE,jii A(xi: %))
b. Compute the average inter-cluster distance:
7 For each cluster 7z, where ¢ # [;:

8 Compute
_ 1

be(i) =— ¥ d(xi,xj)

|7Tc| XJ‘ETIC

Assign b(i) = min ., b (i).
9 c. Compute the silhouette score for x;:
S(x;) = b(x;)—a(x;)
max(a(x;), b(x;))
10 4. For each cluster 7, k=1,2,...,K:

1 Compute the average silhouette score for cluster 7:
1
S(m) = — ¥ S(xi)
|7Tk| Xi €My
4 Materials

4.1 Experimental Dataset

The HeartWave dataset was collected, which includes rare and difficult-to-diagnose diseases, for which
no comprehensive dataset previously existed. Current public heart sound datasets are limited in both quantity
and the variety of labeled cases, and they lack some of the most common and difficult-to-diagnose classes.
This Study utilized the HeartWave dataset [34], a collaborative effort between King Abdulaziz University
and three hospitals. The dataset, consisting of 1353 records, provides label annotations at record levels and
specifies the chest area from which each recording was obtained. Patient distribution within the dataset
comprises 401 recordings from healthy individuals and 952 recordings from patients with various diseases.
Predominantly, mitral regurgitation is the most represented condition among diseased patients, followed
by aortic regurgitation—both associated with rheumatic fever. Notably, classes like pulmonic stenosis and
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pulmonic regurgitation have relatively fewer samples compared to other disease classes. The HeartWave
dataset includes rare and difficult-to-diagnose classes, each with its own distinct features. These features
share similarities based on several characteristics, such as the timing within the cardiac cycle (systolic,
diastolic, or both), intensity, shape, pitch, radiation, and location. Despite significant overlap in the frequency
spectra of heart sounds, murmurs are often more disordered in nature. The faint similarities between these
characteristics further complicate accurate diagnosis [61].

An important aspect of the HeartWave dataset is the inclusion of murmur grades ranging from 1
to 6, accurately reflecting the varying severity and characteristics of murmurs encountered in real-world
scenarios. The assignment of murmur grades was conducted through echocardiography referencing. The
average record duration is 21.57 s, and all sound records are stored in wave (.wav) format. An overview of
the dataset is presented in Table 2.

Table 2: A comprehensive summary of the HeartWave dataset

Diagnosis Recordings Signal-to-Noise Ratio (SNR) Duration (s)
Normal 401 0.00318 18.32
Aortic regurgitation 172 0.00298 25.06
Aortic stenosis 104 0.00346 25.69
Pulmonic stenosis 17 0.00304 20.81
Pulmonary regurgitation 19 0.00403 19.89
Tricuspid stenosis 18 0.00318 19.95
Tricuspid regurgitation 147 0.00310 23.52
Mitral stenosis 100 0.00347 25.27
Mitral regurgitation 375 0.00274 24.61
Overall 1353 0.00324 22.57

In this work, we use this dataset as four different datasets: binary dataset, augmented binary dataset,
mulitlcass dataset, and augmented mulitlcass dataset. In the binary dataset, unhealthy classes merged as
abnormal classes, and healthy class remained as normal class. In an augmented binary dataset, we use cardiac
heartbeat cycle segmentation as an augmentation method to increase the size of the dataset. In the mulitlcass
dataset, we merged three classes, pulmonic stenosis, pulmonic regurgitation, and tricuspid stenosis, as one
class and named it the diffcult_rare class due to their small size. In the augmented multiclass dataset, cardiac
heartbeat cycle segmentation was applied specifically to the clusters with the highest Silhouette Score after
the initial clustering step in multiclass dataset, rather than directly to the original dataset classes. This process,
as outlined in the proposed preprocessing approach, was designed to balance the dataset and improve data
quality, making it more suitable for training deep learning models.

Table 3 presents the binary and multiclass datasets without augmentation, while Table 4 summarizes
the corresponding datasets with augmentation.

Table 3: Binary and multiclass dataset without augmentation

Dataset Class name Sample number
Binar Normal 360
Y Abnormal 842
Aortic regurgitation 153
Aortic stenosis 100

(Continued)
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Table 3 (continued)

Dataset Class name Sample number
Multiclass Mitral regurgitation 319
Mitral stenosis 88
Normal 360
Difficult_Rare 54
Tricuspid regurgitation 133

Table 4: Binary and multiclass dataset with augmentation

Dataset Class name Augmentation
Augmented binary Normal 836
Abnormal 1394
Augmented multiclass ~ Aortic regurgitation 242
Aortic stenosis 131
Mitral regurgitation 249
Mitral stenosis 292
Normal 100
Difficult_Rare 429
Tricuspid regurgitation 11

4.2 Data Prepossessing
4.2.1 Filtering

Due to the presence of various types of noise in the collected heart sound signals and the concentration
of diagnostically relevant information within a specific frequency range, a 4th-order low-pass Butterworth
Infinite Impulse Response (IIR) filter with a cutoft frequency of 600 Hz was applied. This choice is motivated
by the characteristics of the HeartWave dataset [34], which includes pathological conditions that produce
frequency components extending up to 600 Hz. To ensure these important diagnostic features are preserved
and not inadvertently removed, 600 Hz was selected as the cutoft point. This filtering process is essential for
isolating the relevant frequency components and enhancing overall signal quality [46]. Moreover, the signal-
to-noise ratio (SNR) refers to the proportion between the power of the desired signal and the power of the
background noise [62]. We retained only the PCG signals with SNR values greater than or equal to zero to
ensure that the dataset includes recordings with at least non-negative signal quality. An SNR > 0 indicates
that the signal power is equal to or greater than the noise power, providing a basic but effective threshold
for distinguishing usable signals from those that are severely degraded or noise-dominant. This criterion
helps exclude poor-quality recordings that could negatively affect the performance of deep learning models,
thereby ensuring that the classification is based on meaningful and interpretable heart sound features.

4.2.2 Cardiac Heartbeat Cycle Segmentation

The cardiac heartbeat cycle, characterized by the initiation of two distinct heart sounds the first heart
sound (S1) and the second heart sound (S2), stems from the heart’s electrical activity driving its mechanical
actions. In an electrocardiogram (ECG) signal, SS1 typically follows the QRS complex (comprising the Q
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wave, R wave, and S wave), which represents ventricular depolarization While ECG signals offer insight into
cardiac heartbeat cycles, detecting valvular heart diseases necessitates extracting additional parameters such
as S1, S2, systolic, and diastolic durations. However, ECG acquisition poses practical challenges for patients.
Murmurs, when present, can obscure the onset of heart sounds, complicating the automated segmentation
of cardiac heartbeat cycles without ECG reliance. To overcome this hurdle, we adopted a heartbeat cycle
segmentation approach outlined in [23,63].

4.2.3 Transformation Method

In this research, the Short-Time Fourier Transform (STFT) technique was employed to generate mel
spectrograms from one-dimensional Phonocardiogram (PCG) signals, transforming them into 224 x 224
pixel images. STFT was a well-established and frequently used method for feature extraction from one-
dimensional acoustic samples, as it effectively preserved information in both spectral and temporal domains.
The STFT was defined mathematically as:

STFT(r, ) = [wya(t)-Wa(t—T)-e_jwtdt 4)

In this equation, W, () represented the window function, and y,(t) was the signal undergoing
transformation. For all heart sound samples in this study, STFT was applied using a Hann window length
of 1024 and a hop length of 256, resulting in a detailed STFT mel spectrogram with 40 mel bands. This
spectrogram provided a visual representation of the signal in both time and frequency domains, highlighting
the high-frequency and low-frequency components.

5 Proposed Pre-Processing Approach

In this section, We present a novelty iterative k-means clustering leverage average silhouette analysis
approach. Which leverages K-means clustering and Silhouette analysis to achieve effective downsampling.
The proposed method combines K-means clustering with silhouette scoring to systematically reduce the
number of samples in each class. The proposed method combines K-means clustering with silhouette scoring
to systematically reduce the number of samples in each class. The process begins by identifying the class with
the smallest number of samples, which is set as the target. K-means is then applied to the other classes to
form clusters.

After clustering, the average silhouette score is calculated for each cluster to assess its quality. The
cluster with the highest average score is selected. If the number of samples in the selected cluster exceeds
the target (the number of samples in the smallest class), K-means clustering is repeated, and the silhouette
score is recalculated. This clustering and evaluation process is repeated iteratively. If the number of samples
in the selected cluster is less than the target, samples from the other cluster are transferred to reach the
target size. This iterative procedure continues until all classes are downsampled to match the size of the
smallest class. Once all classes have equal sample sizes, the dataset is considered balanced, and the iterative
K-means clustering process is terminated. Fig. 3 illustrates the downsampling process, iterative clustering,
and silhouette score calculations, demonstrating how the dataset is balanced and Fig. 4 illustrates the
clustering and scoring process, where a pretrained VGG16 model is used as a feature extractor to process
the images.

In our context, downsampling refers to a specific type of sample selection technique aimed at balancing
the dataset by reducing the number of samples in overrepresented classes while retaining the most repre-
sentative samples based on cluster cohesion and separation. This ensures that the resulting datasets are both
balanced and of high quality for training deep learning models.
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Figure 3: Flowchart of the proposed method: Classes larger than the minimum are clustered, silhouette scores are
calculated, and the highest scoring cluster is selected. If the cluster size exceeds the target, clustering is repeated.
Otherwise, compensation is applied, and the process iterates until class sizes are balanced
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Figure 4: Steps in the cluster and score process: Feature extraction using VGGI16, K-Means clustering, and average
silhouette score calculation

The extracted features are then used as input for K-Means clustering, which partitions the data into two
clusters. Finally, the average silhouette score is calculated for each cluster to assess their quality.

Furthermore, to concisely describe the proposed method, it is presented in the form of Algorithm 2.
The method systematically adjusts class sizes to match the smallest class in the dataset, thereby ensuring a
balanced distribution across all classes. Initially, the smallest class size is identified and designated as the
target. For each overrepresented class, features are extracted using a pretrained model such as VGGI6, and
K-means clustering is applied to partition the samples into two clusters. The average silhouette score is
computed for each cluster to evaluate its quality, and the cluster with the higher score—indicating better
intra-cluster cohesion and inter-cluster separation—is selected. If the selected cluster size exceeds the target,
K-means is reapplied to refine the partitioning. If the cluster size is smaller than the target, additional samples
from the other cluster are transferred to reach the desired size. If the cluster size equals the target, no further
adjustment is needed. This iterative process is repeated for each class until all classes are downsampled to the
target size, resulting in a balanced and high-quality dataset suitable for training deep learning models.

Algorithm 2: Iterative Clustering with Minimum Class Size Matching and Silhouette Analysis

Input: Dataset D
Output: Balanced Classes with Sample Size Matching Target

(Continued)
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Algorithm 2 (continued)

1 Step 1: Identifying Target Class Size

2 1.1. Target = min(class size in D);

3 Step 2: Clustering and Score Process

4 for each class C € D, excluding the class with sample size Target do
5 2.1. F = VGGI16(C);

6 (Extract features)
7 2.2. Apply K-Means to F to form C; and C,, with N; = |Cy| and N, = |C;[;

8 2.3. 81 = Silhouette(C;), S, = Silhouette(C,);

9 2.4. Cpest = argmax(S;, S3);

10 (Select best cluster)
11 2.5.if |Cpest| > Target then

12 Return to step 2.2 and reapply K-Means;

13 end

14 else if |Cpest| < Target then

15 Go to step 2.6;

16 end

17 else

18 Proceed with Cy.q as final cluster for class C;

19 end

20 2.6. Adjust | Cpes| by transferring samples from the other cluster to match Target;

21 (Compensate cluster size)
22 end

23 Step 3: Return Balanced Clusters
24 Return clusters where each class has size Target;

In certain cases, if the size of the selected cluster (i.e., the one with the higher average silhouette score)
is smaller than the target class size, additional samples are selectively transferred from the other cluster (with
the lower silhouette score) to meet the target size. While this lower-scoring cluster typically reflects lower
cohesion and separation, it still consists of original data samples and should not be interpreted as entirely
meaningless or irrelevant. Rather, it serves as a secondary source from which representative samples can
be drawn when necessary. This strategy ensures that the downsampling process remains systematic and
quality-guided, rather than relying on arbitrary or random sample removal. Ultimately, this helps maintain
a balanced, high-quality dataset for training deep learning models.

6 Downsampling Approach

In this section, we applied the proposed preprocessing approach to the four datasets: a binary dataset,
augmented binary dataset, a multiclass dataset, and augmented multiclass dataset augmented. We will
analyze each of these datasets using the proposed preprocessing approach in the next subsections.

6.1 Binary Clustering Downsampling

In the binary dataset, the normal class has 360 samples, and the abnormal class has 842 samples. Fig. 5
shows binary clustering downsampling approach. We applied the proposed algorithm in order to balance
the dataset. The aim is to keep the normal class 360 as it the minimum class and use the proposed method to
downsampling the abnormal class. For the abnormal class, after the first iteration of K-means clustering, the
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first cluster has 263 samples with an average silhouette score of 0.1, and the second cluster has 579 samples
with an average silhouette score of 0.21. The second cluster is retained as it has the higher average silhouette
score and its sample number is bigger than the normal class. A second iteration of K-means clustering
on the retained 579-sample abnormal cluster results in two new clusters: the first with 270 samples and
an average silhouette score of —0.02, and the second with 307 samples and an average silhouette score of
0.16. The second cluster (307 samples) is retained and added 53 samples from the 270 cluster to be 360
samples. For both classes, normal and abnormal 360 samples considered. Fig. 6 shows the silhouette values
distribution of this clustering. For Cluster 307, the majority of the silhouette values are positive, clustering
around 0.15 to 0.25, indicating relatively well-clustered and better clustering quality compared to Cluster
270. The silhouette values for Cluster 270 are centered around 0, with values ranging roughly between —0.25
and 0.25, and a significant concentration of silhouette values around the 0 mark. This near-zero and slightly
negative average silhouette score indicates that the data points in Cluster 270 are poorly clustered and suggest
potential overlaps.

Binary Clustering Downsampling Approach ® Retain cluster
Exclude Cluster
Average Silhouette Score

Normal Abnormal
360 842

Figure 5: Binary clustering downsampling approach
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= Cluster Avg Silhouette

Frequency
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Figure 6: (Continued)
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Figure 6: An example of clustering: Cluster 0 was retained due to its higher average silhouette score, whereas Cluster
1 was discarded

6.1.1 Augmented Binary Dataset Clustering Downsampling

In the augmented binary dataset. We use our augmentation method for both classes, normal and
abnormal 360. The result of the augmentation, the number of samples for the normal class is 836 and kept
as minimum class, and for the abnormal class, it is 1394. The proposed method applied to abnormal class
to downsampling. For the abnormal class, after the first K-means clustering to the 1394, the first cluster has
320 samples with an average silhouette score of 0.07, and the second cluster has 1074 samples with an average
silhouette score of 0.21. The second cluster (1074 samples) is retained as it has a higher average silhouette score
and the its sample number is bigger than normal class. Applying a second iteration of K-Means clustering to
the abnormal second cluster (1074 samples), the first cluster has 450 samples with an average silhouette score
0f 0.03, and the second cluster has 624 samples with an average silhouette score of 0.06. The cluster with 624
samples is retained and 212 samples added (compensation) to it from 450 cluster to be 836 samples. Fig. 7
shows augmented binary dataset clustering downsampling approach.

Augmented Binary Dataset Clustering Downsampling Approach
@ Retain cluster
Exclude Cluster

MNormal Abnormal
836 1394 Average Silhouette Score

Figure 7: Augmented binary dataset clustering downsampling approach
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6.1.2 Multiclass Dataset Downsampling Clustering Approach

In the multiclass dataset, the combined (difficult and rare) class contains only 54 samples, so difficult
and rare class considered the minimum class. We use our proposed method to downsampling others classes.

The aortic regurgitation class consists of 153 samples. Applying K-means clustering, the first cluster
contains 100 samples with an average silhouette score of 0.12, while the second cluster contains 53 samples
with an average silhouette score of 0.26. The second cluster is retained due to its higher average silhouette
score and one sample added to it.

The aortic stenosis class is composed 0of 100 samples. The first cluster contains 81 samples with an average
silhouette score of 0.18, and the second cluster contains 19 samples with an average silhouette score of 0.22.
The second cluster is retained. 35 samples were added to the second cluster from the first cluster, the becomes
54 samples.

The mitral regurgitation class consists of 319 samples. The first cluster contains 202 samples with an
average silhouette score of 0.06, while the second cluster contains 117 samples with an average silhouette score
of 0.22. Applying k-means to the second cluster 117, resulted in two clusters, the first cluster was 37 samples
with an average silhouette score of 0.07, and the second cluster was 80 with an average silhouette score of 0.15.
Applying k-means to the second cluster 80 got the two clusters, the first cluster 35 with an average silhouette
score of 0.01 and the second cluster 45 with an average silhouette score of 0.11. 9 samples were added to 45
cluster for balancing.

The mitral stenosis class contains 88 samples. The first cluster has 23 samples with an average silhouette
score of 0.09, and the second cluster has 65 samples with an average silhouette score of 0.26. K-means applied
to second cluster resulted in two clusters, first cluster samples number is 23 and 0.1 an average silhouette
score and second cluster 54 samples with 0.13 it retained as its samples equal to the minimum class.

The normal class contains 360 samples. Applying K-means clustering, the first cluster has 273 samples
with an average silhouette score of 0.13, and the second cluster has 87 samples with an average silhouette
score of 0.27. The second cluster is retained. After applying K-means clustering to 87 clusters two clusters
were generated, the first cluster with 41 samples with a 0.03 average score and the second cluster with 46 with
an average score of 0.15. Nine samples added to the second cluster resulting in a final set of 54 samples.

Lastly, the tricuspid regurgitation class contains 133 samples. Applying K-means clustering, the first
cluster has 79 samples with an average silhouette score of 0.1, and the second cluster has 54 samples
with an average silhouette score of 0.19. The second cluster is retained as it has the same sample number
of the minimum class and a higher average silhouette score. Fig. 8 explicitly describes multiclass dataset
downsampling clustering approach.

6.1.3 Augmented Multiclass Dataset Downsampling Clustering

In the augmented multiclass dataset downsampling clustering approach, we first selected the best
clusters with the highest average silhouette scores from the multiclass dataset. Next, we applied heartbeat
cycle augmentation. Finally, we use the proposed sample selection method to downsample the dataset
classes to match the size of the smallest class (balancing). Fig. 9 shows the augmented multiclass Dataset
downsampling clustering.
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Figure 8: Multiclass dataset downsampling clustering approach
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Figure 9: Augmented multiclass dataset downsampling clustering approach

The aortic regurgitation class consisted of 242 samples. Implementing the initial K-means clustering, the
first cluster had 94 samples with an average silhouette score of 0.09, while the second cluster had 148 samples
with an average silhouette score of 0.15. The second cluster was retained due to its better average silhouette
score. In the next K-means clustering iteration, the first cluster had 19 samples with an average silhouette
score of 0.19 and was discarded. The second cluster had 129 samples with an average silhouette score of 0.31.
In the next K-means clustering iteration, the first cluster had 32 samples with an average silhouette score of
0.12 and the second cluster had 97 samples with an average silhouette score of 0.27. Later cluster kept and 3
samples added to it to equal the minimum class in the dataset which is normal class 100 sample size.

The aortic stenosis class contained 131 samples. Applying the first K-means clustering, the first cluster
had 31 samples with an average silhouette score of 0.13, and the second cluster had 100 samples with an
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average silhouette score of 0.14. The latter cluster was retained due to its higher average silhouette score with
and its samples number matching the minimum class.

The mitral regurgitation class consists of 249 samples. After applying the first K-means clustering, the
first cluster is 74 and the average silhouette score 0.11 and the second cluster is 175 samples with an average of
silhouette score is 0.14, this cluster kept. In the second K-means clustering, the first cluster is 96 samples with
an average of silhouette score is 0.00. The second cluster is 79 samples and the average of silhouette score is
0.11. This cluster retained as an optimal cluster of mitral regurgitation with addition 21 samples from the first
cluster to be balanced with minimum class.

The mitral stenosis class consists of 292 samples. After implementing the first K-means clustering, The
first cluster is 195 samples with an average of silhouette score is 0.20 and the second cluster is 97 samples with
average of silhouette score is 0.27 and it retained as better cluster for mitral stenosis with 3 samples added.

The difficult and rare class contains of 429 samples. After applying first K-means iteration clustering,
the first cluster is 267 samples and the average of silhouette score is 0.08. The second cluster is 162 with an
average of silhouette score is 0.12, this cluster retained. after applying second K-means iteration clustering,
the first cluster is 62 and the average of silhouette score is 0.14. The second cluster is 100 samples with an the
average of silhouette score is 0.18. The second cluster retained an optimal cluster of the difficult and rare class.

The tricuspid regurgitation class consists of 111 samples. After applying first K-means iteration clus-
tering, the first cluster had 20 samples with 0.15 score and the second cluster had 91 samples with higher
score 0.22, later cluster kept and 9 samples were added to it for balancing. Table 5 displays the outcomes of
downsampling applied to binary and multiclass datasets, both with and without the use of augmentation.

Table 5: Results of downsampling for binary and multiclass datasets, with and without augmentation

Dataset Class name No preprocessing Balanced Augmented and balanced
Binary Normal 360 360 836
Abnormal 842 360 836
Multiclass  Aortic regurgitation 153 54 100
Aortic stenosis 100 54 100
Mitral regurgitation 319 54 100
Mitral stenosis 88 54 100
Difficult_Rare 54 54 100
Normal 360 54 100
Tricuspid regurgitation 133 54 100

6.2 Transfer Learning

Transfer learning is a machine learning methodology that leverages a pre-trained model developed for
a specific task as the foundation for solving a different, but related, task. This approach reuses the knowledge
acquired from one domain to enhance the performance of a model in a new, potentially distinct yet related
domain [64]. In our study, we employed eight pre-trained models to classify heart diseases, categorizing
them into two groups: heavyweight and lightweight models. The heavyweight models, including ResNet152,
ResNet50, VGG19, ConvNeXtSmall, and DenseNet201, are characterized by greater depth, larger sizes, and
a higher number of parameters. Conversely, the lightweight models, consisting of MobileNetV2, MobileNet,
and EfficientNetV2B0, are designed with smaller sizes, shallower depths, and fewer parameters. An overview
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of the eight neural network models utilized in this study presented is in Table 6. We analyze the structure of
MobileNetV2 as an example lightweight model and ResNet150 as an example heavyweight model.

Table 6: Comparison of different neural network models [65]

Type Model Depth Size (MB) Parameters
Heavyweight ResNet152 311 232.00 60.4 M
ResNet50 107 98.00 25.6 M
VGGI9 19 549.00 143.7 M
ConvNeXtSmall - 192.29 50.2M
DenseNet201 402 80.00 202 M
Lightweight ~ MobileNetV2 105 14.00 35M
MobileNet 55 16.00 43 M
EfficientNetV2B0 - 29.00 72M

MobileNetV2 and ResNetl52 differ significantly in their architectural design and complexity.
MobileNetV2 is a lightweight model optimized for efficiency, employing an inverted residual structure with
bottleneck layers. It utilizes depthwise separable convolutions to reduce computational costs, which split
traditional convolutions into depthwise and pointwise operations. This design results in fewer parameters
and layers, making MobileNetV2 compact and well-suited for resource-constrained environments like
mobile devices [66]. Fig. 10 shows the architecture of MobileNetV2 model, it consists of an initial fully
convolutional layer with 32 filters, followed by 19 residual bottleneck layers.
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Figure10: MobileNetV2 architecture: The diagram illustrates the core building blocks of the MobileNetV2 architecture,
highlighting the inverted residual structure. The left block shows the stride-1 configuration, with residual connections,
while the right block depicts the stride-2 configuration, which reduces spatial dimensions without residual connections

In contrast, ResNetl52 is a heavyweight model designed for high-capacity learning and superior
performance on complex tasks. It features a much deeper architecture composed of residual blocks intercon-
nected by skip connections. These skip connections mitigate the vanishing gradient problem, enabling the
effective training of very deep networks and allowing ResNet152 to capture intricate patterns in data. Unlike
MobileNetV2, ResNetl52 incorporates standard convolutions in its residual blocks, which significantly
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increases its computational demands while enhancing its ability to extract detailed features [67]. Fig. 11
illustrates the architecture of ResNetl50, showcasing its extensive depth and complexity. Structurally,
MobileNetV2 is characterized by its compactness and computational efficiency, making it well-suited for
resource-constrained tasks, whereas ResNetl52 excels in scenarios requiring high accuracy and detailed
feature representation.
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Figure 11: ResNetl50 architecture: The structure includes an initial convolutional layer, five stages of residual blocks
with bottleneck layers, and a final average pooling layer followed by a fully connected layer for classification

To adapt these pre-trained architectures originally designed for image data for heart sound classification,
we converted the 1D heart sound signals into 2D time-frequency spectrogram images. This transformation
allowed the models to process the data in a format they were trained to recognize. Additionally, we
augmented the models by adding three dense layers to enable the learning of more complex functions and
improve classification performance.

7 Experiments
7.1 Evaluation Criteria

To assess the performance of classifier models, overall accuracy and Weighted F1 Score were being
employed to measure their effectiveness.

7.1.1 Accuracy

Accuracy is a fundamental metric that measures the overall correctness of a classification model [68].
It is defined as:

TP + TN
TP + FN + FP + TN

Accuracy =

(5)

7.1.2 Weighted F1 Score

The weighted F1 score is a variation of the F1 score that takes into account the support (the number of
true occurrences) of each class [68]. It is particularly useful in imbalanced datasets where some classes are
more common than others.

precision; x recall;
X

Fl; =2 (6)

precision; + recall;
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true positive,

(7)

precision; = — —
true positive, + false positive,

true positive,

(8)

recall; = — -
true positive; + false negative,

When using the weighted F1 score of each class, it is multiplied by its support, so classes with more
instances have a bigger influence on the overall result. To normalize the result, it is then divided by the total
number of instances. This metric important in our case due to the class imbalance present in the dataset. It
accounts for both precision and recall while considering the support (i.e., the number of instances) of each
class, making it a more informative metric for imbalanced multiclass classification tasks.

7.1.3 Area Under the ROC Curve (AUC)

The AUC is a widely used metric to evaluate the performance of classification models. It represents
the probability that a randomly chosen positive sample is ranked higher by the model than a randomly
chosen negative sample. The AUC value ranges from 0 to 1, where a value of 1 indicates perfect classification,
0.5 represents random guessing, and 0 indicates perfect misclassification. The AUC is computed from the
ROC curve, which plots the True Positive Rate (TPR) against the False Positive Rate (FPR) at various
threshold values. The mathematical formula for AUC is given as: The Area Under the ROC Curve (AUC) is
mathematically defined as:

1
AUC = fo TPR(t) dFPR(?) 9)

where:

+ True Positive Rate (TPR) is the proportion of correctly identified positive samples:

TPR < .T'rue Positives . (10)
True Positives + False Negatives

« False Positive Rate (FPR) is the proportion of incorrectly identified negative samples:

EPR False Positives

(11)

~ False Positives + True Negatives

To ensure a comprehensive and reliable evaluation of the proposed method, we employed three
complementary performance metrics—Accuracy, Weighted F1 Score, and AUC—to rigorously assess its
effectiveness and robustness across diverse evaluation dimensions.

7.2 Experimental Setup

The pretrained deep learning architectures are implemented using the TensorFlow and Keras frame-
works. The training and evaluation of all models are conducted on an NVidia A100 GPU. For binary
classification tasks, the binary crossentropy loss function is utilized, while for multiclass classification
tasks, the categorical crossentropy loss function is employed. Both models utilize the Adam optimizer.
The batch size is configured to 5. To prevent overfitting, we use early stopping callback with validation
accuracy, patience of 10 epochs and restoring the best weights. We also used a learning rate schedule with an
exponential decay, starting at 0.0001 and decaying by 4% every 100K steps so that the model converges stably.



2502 Comput Model Eng Sci. 2025;144(2)

8 Results

This study aimed to investigate the effectiveness of the proposed preprocessing method, Iterative
Clustering with Silhouette Analysis, in the classification of heart sounds and murmurs. The proposed
preprocessing method was applied to four different datasets: a binary dataset, an augmented binary dataset,
a multiclass dataset, and an augmented multiclass dataset. We evaluated the performance of this method
using 10-fold cross-validation with pretrained deep learning models. The heavyweight models included
ResNet50, ResNetl152, VGGI19, DenseNet201, and ConvNeXtSmall, while the lightweight models included
MobileNet, MobileNetV2, and EfficientNetV2B0. These models were assessed for their effectiveness in
enhancing classification accuracy for cardiovascular diseases. Key metrics, including accuracy, weighted F1
score, and AUC (Area Under the ROC Curve), were calculated across all folds, and their averages were
reported. In this section, we present the experimental results.

8.1 Binary Dataset Classification

The experiment was conducted using the binary dataset both without the proposed preprocessing
method (baseline) and with it applied. Overall, the average accuracy and weighted F1 score of all models
showed significant improvements after applying the proposed preprocessing method, as compared to the
baseline results (see Table 7). Specifically, the Area Under the Curve (AUC) improvement ranged from 8.1%
to 18.95%, the Weighted F1 Score improvement ranged from 8.4% to 9.3% as a result of data balancing, and
the average accuracy improvement ranged from 7.8% to 8.7%.

Table 7: Comparison of average accuracy, weighted F1 score, and Avg. AUC for baseline and proposed preprocessing
method on binary dataset

Avg. Accuracy (%) Weighted F1 Score (%) Avg. AUC (%)
Type Model i i X
Baseline Proposed Improvement Baseline Proposed Improvement Baseline Proposed Improvement
Heavyweight ResNet152 84.5 92.5 8.0 83.7 92.3 8.6 78.47 91.00 12.53
ResNet50 83.7 92.4 8.7 83.5 92.4 8.9 79.78 90.40 10.62
VGG19 83.8 92.1 8.3 83.2 92.1 8.9 82.35 90.45 8.10
DenseNet201 82.9 91.1 8.2 82.2 91.1 8.9 73.72 89.10 15.38
ConvNeXtSmall 80.6 89.2 8.6 79.6 88.9 9.3 76.12 87.00 10.88
Lightweight MobileNetV2 82.7 91.1 8.4 81.7 91.0 9.3 76.30 95.25 18.95
MobileNet 82.9 90.7 7.8 82.3 90.7 8.4 75.72 90.47 14.75
EfficientNetV2B0 83.2 91.0 7.8 81.8 91.0 9.2 74.02 89.81 15.79

ResNet50 emerged as a standout model, achieving the highest average weighted F1 score of 92.4%, with
a significant improvement of 8.9% from its baseline score. Additionally, it recorded a notable average AUC
improvement of 10.62%, highlighting the preprocessing method’s impact on this heavyweight model.

ResNet152 led in accuracy, attaining the highest average accuracy of 92.5%, with an 8.0% improvement.
It also recorded an 8.6% improvement in weighted F1 score and a substantial 12.53% gain in average AUC,
showcasing its robust performance when paired with the preprocessing method.

Among lightweight models, MobileNetV2 stood out with the highest average AUC after preprocessing
at 95.25%, marking a remarkable gain of 18.95%, the largest improvement across all models. This was
accompanied by significant improvements in average accuracy (86.1%) and weighted F1 score (85.9%). Sim-
ilarly, EfficientNetV2B0 demonstrated the highest average AUC improvement among lightweight models, at
15.79%, reflecting the scalability of the preprocessing method for simpler architectures.

DenseNet201 exhibited strong generalization capabilities, with a 15.38% AUC improvement, rising from
73.72% to 89.1%, and consistent gains in accuracy and weighted F1 score. ConvNeXtSmall, despite having
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the lowest baseline arage accuracy (80.6%), showed strong adaptability, with an 8.6% accuracy gain, a 9.3%
improvement in weighted F1 score, and a 10.88% increase in AUC.

Overall, lightweight models, particularly MobileNetV2 and EfficientNetV2B0 exhibited the largest AUC
improvements, underscoring the efficiency of the preprocessing method in enhancing simpler architectures.
Among heavyweight models, ResNet152 and ResNet50 consistently achieved high accuracy and weighted F1
scores, reflecting their robustness with the proposed method.

Fig. 12 show the confusion matrices of the performance of the kfold10 ResNet152 model in classifying
heart diseases without using proposed preprocessing method on the binary dataset and after applying
proposed method. The ResNet152 model illustrates the true positive rates (TPR) for the normal and abnormal
classes. Initially, without the proposed preprocessing method, the true positive rate for the normal class
was 0.64. However, with the implementation of the proposed preprocessing method the true positive rate
improved significantly to (TPR = 1.0). For the abnormal class, the initial true positive rate was 0.95% before
applying the proposed preprocessing method. Post application of proposed method, the true positive rate
slightly decreased to 0.92. The results confirm that the proposed preprocessing method effectively optimize
the dataset balance, improving model performance across a range of models architectures.

1.0

0.8
0.083

0.6

-0.0

Abnormal

Abnormal

True Class
True Class

- 0.4

Narmal

-0.2

Abnarmal Narmal Abnormal Normal
Predicted Class Predicted Class

(a) (b)

Figure 12: Confusion matrices for the kfoldl0 ResNetl52 model showing the true positive rates for normal and
abnormal classes: (a) Before applying the proposed preprocessing method, and (b) after applying the proposed
preprocessing on the binary dataset

As an example, Fig. 13 illustrates the two ROC AUC curves representing the performance of the
MobileNetV2 model on the k-foldl binary dataset before and after applying the proposed preprocessing
method. Prior to preprocessing, the model achieved an AUC of 0.79591, reflecting a limited ability to
distinguish between Normal and Abnormal classes, as indicated by a less pronounced True Positive Rate
(TPR) curve. However, after applying the proposed preprocessing method, the AUC improved significantly
to 0.94595, demonstrating enhanced model performance. The sharper ROC curve after preprocessing
highlights the model’s increased confidence and accuracy in classifying the two classes, thereby showcasing
the effectiveness of the proposed method in improving classification outcomes.

These findings confirm the robustness and scalability of the proposed preprocessing method for binary
heart sound classification task, regardless of model complexity.
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Figure 13: Receiver operating characteristic (ROC) curves and AUC values for the MobileNetV2 model on the k-foldl
binary dataset, illustrating the true positive rates for normal and abnormal classes: (a) Performance before applying the
proposed preprocessing method, highlighting baseline results, and (b) enhanced performance after implementing the
proposed preprocessing method, demonstrating its impact on classification accuracy

8.2 Augmented Binary Dataset Classification

The results of this experiment indicate that the proposed method leads to varying degrees of improve-
ment across different models. Average AUC improvements ranged from 3.96% to 12.68%, weighted F1 score
improvements ranged from 0.2% to 5.3%, and average accuracy improvements ranged from 0.1% to 4.8%, as
shown in Table 8.

Table 8: Comparison of metrics for baseline and proposed preprocessing method on augmented binary dataset

Type Model Avg. Accuracy (%) Avg. Weighted F1 Score (%) Avg. AUC (%)
Baseline Proposed Improvement Baseline Proposed Improvement Baseline Proposed Improvement
Heavyweight ResNet152 84.5 86.1 1.6 83.7 86.1 2.4 78.47 88.83 10.36
DenseNet201 82.9 84.4 1.5 82.2 84.4 2.2 73.72 86.01 12.29
ResNet50 83.7 85.6 1.9 83.5 85.4 1.9 79.78 86.95 717
VGGI19 83.8 83.9 0.1 83.2 83.9 0.7 82.35 86.31 3.96
ConvNeXtSmall 80.6 81.0 0.4 79.6 79.8 0.2 76.12 80.95 4.83
Lightweight MobileNet 82.9 87.7 4.8 82.3 87.6 5.3 75.72 88.40 12.68
MobileNetV2 82.7 86.1 3.4 81.7 85.9 4.2 76.30 86.91 10.61
EfficientNetV2B0 83.2 83.5 0.3 81.8 83.4 1.6 74.02 85.12 11.10

Lightweight models showed exceptional performance improvements with the proposed preprocessing
method. MobileNet emerged as the top-performing lightweight model, achieving the highest average
accuracy (87.7%) and weighted F1 score (87.6%). It recorded substantial gains of 4.8% in accuracy and 5.3%
in weighted F1 score. Additionally, MobileNet achieved the highest improvement in average AUC, with a
remarkable gain 0f12.68%, showcasing the preprocessing method’s efficiency in enhancing lightweight archi-
tectures. MobileNetV2 also stood out, recording a 10.61% gain in average AUC and significant improvements
of 4.2% in weighted F1 score and 3.4% in average accuracy, further validating the method’s effectiveness for
lightweight models.
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Among heavyweight models, DenseNet201 achieved the highest average AUC improvement (12.29%),
increasing from 73.72% to 86.01%. It also demonstrated improvements in accuracy (1.5%) and weighted
F1 score (2.2%), highlighting its ability to generalize effectively with the preprocessing method. Similarly,
ResNetl52 achieved the highest average accuracy among heavyweight models at 86.1%, reflecting a gain
of 1.6%. It also recorded notable improvements in weighted F1 score (2.4%) and average AUC (10.36%),
demonstrating its robustness and ability to leverage the preprocessing method effectively.

EfficientNetV2BO0 exhibited consistent performance improvements, achieving an 11.1% gain in average
AUC and modest gains in accuracy (0.3%) and weighted F1 score (1.6%). These results emphasize the
scalability of the proposed preprocessing method and its adaptability to simpler architectures. VGGI9, while
maintaining robust baseline performance, showed moderate improvements, achieving a 3.96% increase in
average AUC, along with smaller gains in weighted F1 score (0.7%) and accuracy (0.1%). This indicates
VGG19s strong baseline capabilities but limited adaptability to the preprocessing strategy.

Lastly, ConvNeXtSmall, despite starting with a relatively low baseline accuracy of 80.6%, recorded a
4.83% improvement in average AUC. However, its gains in accuracy (0.4%) and weighted F1 score (0.2%)
were minimal, indicating limited responsiveness to the preprocessing strategy. This highlights the varying
adaptability of models to the proposed method.

Opverall, the proposed preprocessing method provided significant performance improvements across
diverse architectures. Lightweight models, particularly MobileNet and MobileNetV2, benefited the most,
with substantial gains across all metrics, especially in average AUC. Heavyweight models like DenseNet201
and ResNetl52 demonstrated strong improvements, especially in average AUC and weighted F1 scores,
validating the robustness of the preprocessing method. While ConvNeXtSmall and VGGI19 showed more
moderate adaptability, their improvements confirm the method’s effectiveness across different architectures
and complexities.

8.3 Multiclass Dataset Classification

The application of the proposed preprocessing method to the multiclass dataset demonstrated notable
improvements across various models. These gains included an increase in average AUC ranging from 3.2%
to 8.86%, improvements in average accuracy from 0.10% to 3.40%, and enhancements in average weighted F1
scores ranging from 1.20% to 4.70% after applying the method. Table 9 provides a comprehensive summary
of the average accuracy, average AUC and weighted F1 scores for the models, both without preprocessing
(baseline) and with the proposed preprocessing method, along with the percentage improvements observed
on the multiclass dataset.

Table 9: Comparison of metrics for baseline and proposed method on multiclass dataset

Type Model Avg. Accuracy (%) Weighted F1 Score (%) Avg. AUC (%)

Baseline Proposed Improvement Baseline Proposed Improvement Baseline Proposed Improvement

Heavyweight ResNet152 51.0 52.0 1.0 45.33 48.7 3.37 65.10 69.52 4.42

DenseNet201 49.2 52.5 3.3 44.1 47.4 33 66.93 70.30 3.37

VGGI19 49.8 50.3 0.5 43.7 46.8 31 61.56 68.82 7.26

ResNet50 49.8 52.0 2.2 44.7 47.4 2.7 63.08 70.02 6.94

ConvNeXtSmall 46.5 46.6 0.1 39.3 40.5 1.2 62.15 65.35 3.20

Lightweight MobileNet 47.9 51.3 3.4 42.7 47.4 4.7 62.51 70.19 8.86

MobileNetV2 47.1 49.3 2.2 40.7 453 4.6 61.25 70.10 7.68

EfficientNetV2B0 50.4 51.7 1.3 44.0 48.6 4.6 60.45 64.11 3.66

DenseNet201 reached the highest average accuracy of 52.5%, with a notable improvement of 3.3%.
Moreover, it recorded a 3.3% increase in weighted F1 score, reflecting its strong response to the balanced data
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presented by the proposed preprocessing method. This highlights the model’s ability to generalize effectively
when paired with the preprocessing strategy. MobileNet, a lightweight model, stood out by recording
the largest improvement in average AUC, with an impressive gain of 8.86%. It also achieved substantial
improvements in weighted F1 score (4.7%) and average accuracy (3.4%). These results underscore the
adaptability of the proposed preprocessing method in enhancing the performance of simpler architectures
like MobileNet. ResNet152, another heavyweight model, demonstrated the highest average weighted F1 score
of 48.7%, with a notable 3.37% improvement. This showcases its robustness and effectiveness in leveraging
the balanced data provided by the proposed preprocessing method, solidifying its position as a high-
performing architecture under the proposed approach. MobileNetV2, another lightweight model, showed
remarkable results, achieving an average AUC of 70.10% with a significant improvement of 7.68%. These
findings highlight the scalability of the proposed preprocessing method for lightweight models, which benefit
greatly from the enhanced data downsampling. Furthermore, ResNet50 recorded a significant improvement
of 6.94% in average AUC, alongside a 2.2% increase in accuracy. These results validate the impact of the
proposed preprocessing method on heavyweight architectures, demonstrating its capability to enhance even
complex models.

In summary, the downsampling proposed preprocessing method led to substantial improvements across
all metrics, with lightweight models like MobileNet and MobileNetV2 benefiting the most in terms of average
AUC and F1 score improvements. Heavyweight models like DenseNet201 and ResNetl52 also displayed
strong performance, particularly in accuracy and F1 scores. These findings confirm the robustness and
scalability of the proposed preprocessing method for multiclass heart sound classification.

8.4 Augmented Multiclass Dataset Classification

In our study on augmented multiclass dataset classification, the results demonstrated a remarkable
increase in average AUC, ranging from 11.13% to 21.25%, average accuracy, ranging from 13.40% to 22.9%,
and average weighted F1 scores, ranging from 16.5% to 27.1%. These findings highlight the significant
benefits of data balancing achieved through the proposed preprocessing method. Table 10 illustrates the
average accuracy, average weighted F1 scores and average AUC of the models with no preprocessing vs.
proposed preprocessing method, along with the percentage of improvements on the augmented multiclass
dataset classification.

Table 10: Comparison of metrics for baseline and proposed methods on augmented multiclass dataset

Type Model Avg. Accuracy (%) Avg. Weighted F1 Score (%) Avg. AUC (%)
Baseline Proposed Improvement Baseline Proposed Improvement Baseline Proposed Improvement
Heavyweight ResNet152 51.0 69.8 18.8 45.33 67.9 22.57 62.51 81.42 18.91
DenseNet201 49.2 67.3 18.1 44.1 64.3 20.2 66.93 78.06 11.13
VGG19 49.8 67.3 17.5 43.7 65.2 21.5 61.56 79.66 18.1
ResNet50 49.8 69.6 19.8 44.7 66.9 22.2 63.08 81.41 18.33
ConvNeXtSmall 46.5 61.9 15.4 39.3 58.2 18.9 62.15 77.21 15.06
Lightweight MobileNet 47.9 66.3 18.4 42.7 63.8 21.1 61.25 82.49 18.59
MobileNetV2 471 70.0 229 40.7 67.8 27.1 65.10 83.69 21.25
EfficientNetV2B0 50.4 63.8 13.4 44.0 60.5 16.5 60.45 77.39 16.94

MobileNetV2 demonstrated the most significant performance improvements across all metrics, making
it the most responsive model to the proposed preprocessing method. It achieved an exceptional 22.9%
increase in average accuracy, rising from 471% to 70.0%. Additionally, it recorded a remarkable 271%
improvement in weighted F1 score and a substantial 21.25% gain in average AUC, showcasing the method’s
effectiveness in enhancing this lightweight model.
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ResNet152, a heavyweight model, achieved the highest average AUC among all models, reaching 81.42%
with an impressive improvement of 18.91%. It also recorded the highest weighted F1 score of 67.9%, with a
significant gain of 22.57%, and an 18.8% increase in average accuracy. These results highlight ResNet152’s
robust generalization capabilities when paired with the proposed preprocessing method.

Among other lightweight models, MobileNet demonstrated substantial improvements, with an 18.4%
increase in average accuracy, a 21.1% gain in weighted F1 score, and an average AUC improvement of 18.59%.
These results confirm the efficiency of the proposed method in enhancing simpler architectures for multiclass
classification tasks.

For heavyweight models, DenseNet201 achieved notable gains, with a 20.2% improvement in weighted
F1 score, an 18.1% increase in average accuracy, and an 11.13% improvement in average AUC. These findings
underscore its adaptability and strong performance with the proposed preprocessing method. Similarly,
ResNet50 exhibited robust enhancements, with a 19.8% improvement in average accuracy, a 22.2% increase
in weighted F1 score, and an 18.33% gain in average AUC, reinforcing its effectiveness.

The confusion matrix in Fig. 14a illustrates the true positive rates (TPR) for each class before applying
the proposed preprocessing method. As expected in an imbalanced dataset, the model struggled to accurately
classify certain rare and difficult cases, with significant confusion observed between classes representing
similar heart conditions. For instance, the Aortic regurgitation class had a low TPR of 0.25, and a notable
portion of misclassifications were directed toward the Mitral regurgitation class, which itself had a TPR of
0.5. These results suggest that the model found it difficult to differentiate between these two conditions,
likely due to the similar clinical features they share. The highest classification accuracy was achieved for the
Normal class, with a TPR of 0.81, as this class tends to be overrepresented in the dataset. However, several
misclassifications were observed in more challenging cases, such as the Difficult Rare class, which had an
extremely low TPR of 0.17, and Mitral stenosis, which achieved a TPR of 0.67. Additionally, the Tricuspid
regurgitation class experienced frequent misclassification with the Aortic regurgitation class, with a TPR
of only 0.36. These findings highlight the limitations of the model in correctly identifying the challenges
heart conditions, where misclassification could lead to critical diagnostic errors. After applying the proposed
preprocessing method, which utilizes k-means clustering and Silhouette Score analysis to balance the dataset,
the model’s performance improved substantially, as demonstrated in Fig. 14b. For the Aortic regurgitation
class, the TPR increased significantly from 0.25 to 0.7, and the confusion with the Mitral regurgitation class
was notably reduced. This indicates that the balanced data allowed the model to better distinguish between
these two closely related conditions. Similarly, the Aortic stenosis class achieved a perfect classification
with a TPR of 1.0, reflecting the effectiveness of the preprocessing in eliminating misclassifications for
this condition. Moreover, the improvements were particularly remarkable for classes that were previously
difficult to classify. The Difficult Rare class, which initially had a TPR of 0.17, improved to 0.9 following
the application of the proposed work, indicating that the model became significantly more proficient at
detecting these rare cases. Other notable improvements were seen in the Mitral regurgitation class, where
the TPR increased from 0.5 to 0.64, and the Mitral stenosis class, which rose from 0.67 to 0.9. Even the
Normal class, which already had high classification accuracy, saw further improvement with a TPR of 0.9.
These improvements highlight the impact of the proposed method in enhancing the model’s ability to
accurately classify both rare and difficult heart conditions. By addressing the class imbalance, the method
successfully minimized misclassifications between challenging classes, leading to a significant enhancement
in the model’s overall classification performance. The increased TPR values across all classes, particularly for
rare and difficult-to-classify conditions, underscore the method’s effectiveness in preparing the model for
real-world diagnostic applications.
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(b) After applying the proposed preprocessing on the augmented multiclass dataset
Figure 14: Confusion matrices for the k-fold 3 MobileNetV2 model showing the true positive rates for each class:

(a) before applying the proposed preprocessing method, and (b) after applying the proposed preprocessing to the
augmented multiclass dataset

Fig. 15 presents the Receiver Operating Characteristic (ROC) curves and AUC values for the
MobileNetV2 model on the k-fold3 augmented multiclass dataset, highlighting the results before and after
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applying the proposed preprocessing method. Before preprocessing, the curves exhibit limited performance,
with several classes showing lower AUC values and less distinct True Positive Rate (TPR) progressions.
Specifically, the macro AUC value is only 0.41, with some classes, such as Aortic regurgitation and Tricuspid

regurgitation, having AUCs as low as 0.00.
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Figure 15: Receiver operating characteristic (ROC) curves and AUC values for the MobileNetV2 model on the k-fold3
augmented multiclass dataset, illustrating the true positive rates across multiple classes before (a) and after (b) applying

the proposed preprocessing method
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In contrast, after applying the proposed preprocessing method, the ROC curves for most classes
demonstrate significant sharpening and improvement. The macro AUC increases substantially to 0.85,
indicating enhanced overall model performance. Individual classes, such as Aortic regurgitation and Mitral
stenosis, achieve high AUCs of 0.96, reflecting the model’s improved ability to distinguish between classes.
The sharper and more elevated curves after preprocessing underscore the effectiveness of the proposed
method in boosting classification accuracy across all multiclass categories.

These findings highlight the proposed preprocessing method’s ability to significantly enhance perfor-
mance across diverse models, particularly lightweight models like MobileNetV2 and MobileNet, while also
achieving remarkable improvements in heavyweight models such as ResNet152, DenseNet201, and ResNet50.
The results emphasize the scalability and effectiveness of the preprocessing approach in boosting model
performance for multiclass heart sound classification.

8.5 Impact of Downsampling on Accuracy

The results before and after applying the proposed downsampling method reveal a significant improve-
ment in both accuracy and weighted Fl-score, emphasizing the effectiveness of downsampling in handling
class imbalance. Table 11 illustrates the recall (true positive rate) for each class before and after applying
the proposed method, using the MobileNetV2 model on fold 3 as an example. Before downsampling, the
model achieved an overall accuracy of 51% and a weighted F1-score of 48%. This low performance was largely
driven by the poor recall for minority classes such as Difficult Rare (17%) and Tricuspid Regurgitation (7.1%),
which were heavily overshadowed by the dominance of majority classes like Normal (recall = 81%). This
imbalance meant that the model struggled to generalize to underrepresented samples, leading to significant
misclassifications and a disproportionate focus on majority classes.

Table 11: Effect of downsampling on class-specific recall and overall accuracy (%)

Class Baseline Proposed method Improvement
Aortic regurgitation 25.0 70.0 44.99
Aortic stenosis 40.0 100.0 60.00
Difficult Rare 17.0 90.0 72.99
Mitral regurgitation 56.0 64.0 8.99
Mitral stenosis 67.0 90.0 22.99
Normal 81.0 90.0 8.99
Tricuspid regurgitation 71 30.0 22.90

After applying the proposed downsampling method, the overall accuracy increased to 76%, and the
weighted Fl-score improved to 75%. This substantial improvement reflects the model’s enhanced ability to
classify samples across all classes more effectively. The balanced representation achieved through downsam-
pling ensured fair contributions from all classes, particularly the minority ones, without compromising the
performance of majority classes.

A closer look at class-specific performance highlights the positive impact of downsampling, as shown
in Table 11. Recall for Difficult Rare improved significantly from 17% to 90%, demonstrating the method’s
success in addressing underrepresented classes. Similarly, recall for Tricuspid Regurgitation increased from
71% to 30%, showing meaningful gains for even the most challenging classes. On the other hand, majority
classes such as Normal retained strong performance, with recall improving from 81% to 90%, and Aortic
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Stenosis achieved a perfect recall of 100%. These results confirm that the downsampling method maintains
high sensitivity for majority classes while elevating the performance of minority ones.

The alignment between the weighted Fl-score and accuracy after downsampling underscores the
method’s ability to balance contributions from all classes. Weighted Fl-score, which accounts for both
precision and recall, improved to 75%, closely matching the overall accuracy of 76%. This indicates that
the improvements in class-specific recall directly enhanced the model’s overall performance, particularly by
reducing false negatives for minority classes.

In conclusion, the proposed downsampling method substantially improves the model’s performance by
addressing class imbalance. The 25% increase in accuracy and the 27% improvement in weighted Fl-score
highlight the method’s ability to ensure fair contributions from both majority and minority classes. This
makes the approach particularly valuable for imbalanced datasets in medical diagnostics, where consistent
and reliable classification is critical.

8.6 Comparison with Existing Works

We conducted a comparison of our proposed preprocessing method with existing works, as shown
in Table 12. In [23,35], the authors utilized biclustering as a preprocessing technique to enhance model
performance. Their approach involves clustering samples into two clusters, retaining the more significant
clusters with higher sample relevance, while discarding less significant ones. However, the discarded clusters
may contain rich and useful data samples, which could potentially impact model performance. This
method achieved notable results. For instance, in [35], the PhysioNet 2016 dataset was used, yielding strong
performance metrics with an accuracy of 91.5%, precision of 87.3%, a True Positive Rate (TPR) of 86%, and
a True Negative Rate (TNR) of 87.3%. Similarly, in [23], the authors applied their method to the PASCAL
2011 dataset, optimizing accuracy and other metrics. However, they observed lower precision and sensitivity
(TPR) in certain classes, highlighting a trade-off in balancing performance across metrics.

Table 12: Comparison of our method with existing works for heart sound classification across different metrics,
including overall accuracy, precision, sensitivity (True positive rate), and specificity (True negative rate). Metrics are
presented in percentages (%)

Works Dataset Accuracy Precision TPR TNR
Proposed HeartWave 92.5 92.2 925 9282
[35] PhysioNet 2016 91.5 873 86.0 873
[23] PASCAL 87.0 81.0 83.0 -
[69] PhysioNet 2016 91.3 - 870  99.0
[70] PhysioNet 2016 86.96 - 91.87 82.05
[71] PhysioNet 2016 82.4 - - -

In [69], Synthetic minority oversampling technique (SMOTE) was used to balance the heart sound
dataset. However, this technique may be unsuitable for heart sound data, as it ignores the temporal and
physiological structure of phonocardiograms. Despite achieving 91.3% accuracy, 87% TPR, and 99% TNR,
the use of synthetic samples may limit clinical relevance. Moreover, the dataset included 2575 normal and
655 abnormal samples, indicating a reverse imbalance. In this case, downsampling the normal class could
have been more appropriate.

In contrast, reference [70] employed domain-specific features (motifs) and frequency-domain features
(Mel-frequency cepstral coefficients, MFCC) using the PhysioNet 2016 dataset. Their approach achieved
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good accuracy (86.96%), TPR (sensitivity) of 91.87%, and TNR (specificity) of 82.05%, demonstrating its
effectiveness in heart sound classification using combined temporal and spectral features. Despite this, their
method did not achieve the highest overall performance across all metrics. Meanwhile, reference [71], also
using the PhysioNet 2016 dataset, employed a hybrid feature selection approach that combined temporal
alignment techniques such as Dynamic Time Warping (DTW) with spectral features like Mel-Frequency
Cepstral Coeflicients (MFCCs) and wavelet transform features. Clustering was used to group heartbeats
and generate canonical templates for classification. Unfortunately, this method resulted in the lowest
accuracy among the compared works, underscoring its limitations. As highlighted in Table 12, our method
outperformed all others, achieving the highest results across most key metrics: accuracy (92.5%), precision
(92.2%), TPR (sensitivity) (92.5%), and TNR (specificity) (92.82%), showing a superior balance across
all metrics, which is especially critical in medical applications. These metrics are particularly important
for cardiovascular disease detection, where both accuracy and reliability are paramount. The superior
performance of our method is attributed to its systematic downsampling strategy, which retains the most
relevant and informative data. Unlike random downsampling, our approach effectively addresses the data
imbalance problem by preserving critical information, resulting in significant improvements across all
performance metrics.

To sum up, the classification results for the four different datasets convincingly prove the effectiveness
of our proposed preprocessing systematic downsampling method in enhancing the performance of various
transferred pretrained deep learning models for binary and multiclass classification of heart sounds. Signif-
icant improvements were observed in overall an average AUC scores, an average accuracies and an average
weighted Fl-scores, indicating a robust enhancement in model accuracy. These progressions underscore the
possibility of our preprocessing method facilitating more accurate cardiovascular diagnoses.

9 Discussion

The results of our study emphasize the effectiveness and robustness of the proposed preprocessing
method in addressing the challenges of imbalanced datasets, leading to significant improvements in heart
sound and murmurs classification. Experiments conducted on four datasets, a binary dataset, an augmented
binary dataset, a multiclass dataset, and an augmented multiclass dataset demonstrate the method’s scala-
bility and adaptability across diverse classification scenarios. By leveraging iterative clustering with average
silhouette analysis, the proposed preprocessing method optimizes cluster quality, enhances data cohesion,
and ensures better representation of all classes. These findings highlight the critical role of preprocessing in
boosting the performance of deep learning models for heart sound classification. The results, such as the
significant improvements in accuracy, weighted F1 score and AUC score across various models, underscore
how this targeted downsampling enhances model generalization and addresses the challenges of class
imbalance effectively.

The results reveal a clear distinction between the performance of lightweight and heavyweight models
when applied with the proposed preprocessing method. Lightweight models, such as MobileNet and
MobileNetV2, showed remarkable adaptability and scalability, achieving the most significant improvements
across all metrics. For instance, MobileNetV2 on the augmented multiclass dataset demonstrated the highest
gains, with a 22.9% increase in average accuracy, a 27.1% improvement in weighted F1 score, and a remarkable
21.25% rise in average AUC. Similarly, MobileNet achieved a high AUC of 95.25% on the binary dataset,
with an improvement of 18.95%, displaying the method’s effectiveness in enhancing class separation for
simpler classification tasks. In contrast, heavyweight models demonstrated robust baseline metrics but
showed more modest improvements, particularly in complex datasets. ResNet152, for example, achieved an
average accuracy improvement of 1.0%, a weighted F1 score improvement of 3.37%, and an average AUC
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improvement of 4.42% on the multiclass dataset, highlighting its reliance on architectural strength rather
than preprocessing. DenseNet201, however, displayed strong generalization capabilities, achieving an average
AUC improvement of 12.29%, underscoring its ability to benefit from the preprocessing method even in more
challenging scenarios.

The proposed preprocessing method effectively addresses class imbalance, a critical issue in heart
sound classification tasks, by ensuring that downsampled clusters maintain high quality and cohesiveness, as
assessed by silhouette scores. This approach prevents the loss of critical information during downsampling,
allowing models to generalize effectively and achieve higher accuracy. For instance, MobileNetV2 demon-
strated a significant improvement in accuracy, achieving 91.1% on the binary dataset (an 8.4% gain), and
70.0% on the augmented multiclass dataset (a 22.9% increase).

The improvements in weighted Fl-score across both binary and multiclass datasets emphasize the
importance of addressing class imbalance. By efficiently balancing the dataset through k-means clustering
and silhouette score analysis, the method ensures that rare, difficult, and small-sized classes are better
represented during training. This, in turn, significantly enhances recall and precision, enabling models to
perform well even in challenging classification scenarios.

The overall accuracy and weighted Fl1-score are both influenced by the model’s ability to correctly classify
samples, but the weighted Fl-score provides a more comprehensive measure by balancing precision and
recall, especially in imbalanced datasets. In imbalanced datasets, high accuracy does not necessarily indicate
a high true positive rate, as it can be dominated by correct predictions in the majority class while overlooking
poor performance in minority classes. By balancing the dataset through downsampling, the proposed
method ensures that weighted Fl-score provides a more reliable confirmation of accuracy by incorporating
both precision and recall. As shown in Table 11, the recall (true positive rate) for underrepresented classes,
such as Difficult Rare and Aortic Regurgitation, improved significantly after applying the proposed method,
with gains of +73% and +45%, respectively. Majority classes, such as Normal, retained high performance with
recall improving from 81% to 90%. These improvements reflect the method’s ability to maintain a balance
between minority and majority classes, demonstrating its robustness in addressing class imbalance and its
critical role in enhancing overall classification performance.

Unlike prior approaches, such as those by Boulares et al. [23] and Barnawi et al. [35], which relied on
arbitrary cluster selection, our method employs a systematic iterative clustering process guided by silhouette
scores. This ensures that the clusters are not only numerous but also meaningful and well-defined. By
focusing on cluster cohesiveness and quality, the proposed method effectively mitigates the challenges of class
imbalance, resulting in significant performance gains across all metrics. The results demonstrate that the
proposed method adapts well to datasets of varying complexity. In binary datasets, the method significantly
improved class separation, with MobileNetV2 achieving a high AUC of 95.25%, an improvement of 18.95%.
In multiclass datasets, the method excelled in capturing complex decision boundaries through augmentation,
leading to improved generalization. This is evidenced by MobileNetV2’s substantial gains in all three metrics
on the augmented multiclass dataset, highlighting the preprocessing method’s scalability and adaptability.

In prior works, Boulares et al. [23] and Barnawi et al. [35], selection methods such as clustering have
demonstrated their effectiveness in improving model performance using public datasets like PhysioNet/CinC
2016 and PASCAL heart sound datasets. Similarly, our proposed selection method has proven to be even
more effective by systematically identifying high-quality clusters based on cohesion and representativeness.
This has resulted in significant improvements in model performance. The success of our method not only
underscores its robustness but also indicates its strong potential for generalization to other public or new
heart sound datasets. By addressing class imbalance and enhancing data representation, the method provides
a scalable and adaptable approach for improving classification accuracy across diverse datasets. As part of
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our future work, we aim to extend the evaluation of our method to additional public and private datasets to
validate its generalization ability further and to explore its impact on accuracy in broader applications.

The ROC curves and AUC values for the MobileNetV2 model provide clear evidence of the impact
of the proposed preprocessing method on both binary and augmented multiclass datasets. For the binary
dataset, the preprocessing method significantly enhanced the model’s ability to distinguish between Normal
and Abnormal classes, as demonstrated by the AUC improvement from 0.79 to 0.94, with a sharper ROC
curve indicating increased classification confidence and accuracy. Similarly, for the augmented multiclass
dataset, the preprocessing method addressed the limitations observed in the baseline performance, where
many class-specific ROC curves were flat, reflecting poor separation and low AUC values. After applying the
method, the macro-average AUC improved substantially from 0.41 to 0.85, with sharper and more distinct
curves for most classes, such as Aortic stenosis and Mitral stenosis. These results underscore the effectiveness
of the proposed preprocessing technique in enhancing the model’s classification performance, both in binary
and multiclass scenarios, by improving its ability to separate classes and generalize across complex datasets.

While the proposed preprocessing method demonstrated notable improvements, its impact on aug-
mented binary datasets was less pronounced, the issue arises from the limitations of the augmentation
method, which lacks sufficient accuracy and fails to provide precise segmentation. Additionally, some
recordings in the normal and abnormal classes include noisy samples. These noisy samples introduce False
Positives (FP), as the augmentation process heavily relies on accurately identifying the S1 and S2 components
of the heartbeat cycle, making it unable to generate reliable augmented samples. Consequently, poorly
segmented samples contribute to misclassifications, increasing both False Positives (FP) and False Negatives
(FN), thereby reducing overall classification performance. This challenge is particularly prominent in the
augmented binary dataset, which consists of only two classes. In this dataset, the abnormal class aggregates
all abnormal recordings from the multiclass dataset. This aggregation worsen the impact of noisy and
poorly segmented samples, as the binary dataset lacks the resolution to differentiate between abnormal
subcategories. In the binary context, segmentation errors lead to False Negatives (FN) in the abnormal
class and False Positives (FP) in the normal class. Conversely, in the multiclass dataset, segmentation errors
are less detrimental, as misclassified segments from the abnormal class are more likely to be reassigned to
their respective abnormal subcategories, increasing True Positives (TP) across classes. To investigate this
issue further, we conducted an experiment where manual segmentation was applied. This manual approach
significantly reduced False Positives (FP) and False Negatives (FN) while improving True Positive (TP)
predictions across both classes, leading to enhanced binary classification performance. These findings clarify
why the segmentation process in the augmented binary dataset was ineffective and highlight the importance
of accurate segmentation for reliable augmentation.

To address the shortcomings related to segmentation inaccuracies, we propose further investigation
through the following: (1) enhancing heart cycle segmentation using expert-guided manual annotation,
and (2) leveraging explainable Al techniques to understand how deep learning models may misclassify
poorly segmented samples. Additionally, we suggest incorporating attention mechanisms to improve model
performance. The proposed preprocessing method should also be applied to other publicly available heart
sound datasets—such as the PhysioNet/CinC Challenge and the PASCAL dataset—and further extended to
other medical domains to assess its generalizability and effectiveness. Moreover, future work will include
comparisons with baseline balancing techniques, such as random undersampling and class weighting, to
more comprehensively validate the advantages of our proposed approach. Lastly, in addition to the Silhouette
Score, other clustering evaluation metrics—such as the Davies-Bouldin Index and the Calinski-Harabasz
Score—will be considered to provide a more robust assessment of cluster quality.
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The proposed preprocessing method significantly enhances data quality and model performance for
heart sound classification tasks. It improves representation for minority classes, leading to substantial
gains in weighted F1 score, AUC score, and overall classification accuracy. Lightweight models, such as
MobileNetV2, exhibited the most significant improvements, emphasizing the method’s scalability and
adaptability to diverse architectures and datasets. These findings highlight the potential of this preprocessing
strategy to improve diagnostic accuracy in medical applications, particularly in detecting rare and complex
cardiovascular conditions.

The experimental evidence and insights discussed above clearly validate the core contributions of this
work: (1) the development of a novel iterative clustering-based downsampling method guided by silhouette
analysis, (2) its successful application and benchmarking across binary, multiclass, and augmented datasets
using diverse pretrained models, and (3) its strong performance in enhancing the classification of rare and
diagnostically complex heart sound conditions.

10 Conclusion

This paper proposes a preprocessing pipeline that employs iterative k-means clustering with silhouette
score analysis for downsampling, using the HeartWave dataset. This approach provides valuable insights into
how systematic data balancing can enhance model performance in classifying heart sounds and murmurs.
To augment the dataset, heartbeat cycle segmentation was applied. This paper derived four datasets from
the original HeartWave data: binary, augmented binary, multiclass, and augmented multiclass. PCG signals
were filtered using a Butterworth filter and assessed for signal-to-noise ratio (SNR), then transformed into
mel spectrogram images suitable for deep learning models.

The proposed preprocessing method was evaluated using 10-fold cross-validation across a range of
transfer learning models representing diverse architectures, including both lightweight and heavyweight
networks. Results demonstrated notable improvements in average accuracy, AUC, and weighted Fl-score,
affirming the effectiveness of the proposed approach. For example, in the augmented multiclass dataset,
MobileNetV2 achieved an improvement of 21.25% in average AUC, 22.90% in average accuracy, and 27.10% in
weighted Fl-score compared to its performance without preprocessing. In the binary classification task, the
enhanced MobileNetV2 model attained an 18.95% increase in average AUC, reaching a value of 95.25%. This
study represents the first comprehensive assessment of the HeartWave dataset, which contains recordings
of complex and difficult-to-diagnose cardiovascular conditions. The results highlight the importance of
effective preprocessing techniques in improving the diagnostic performance of deep learning models applied
to phonocardiogram (PCG) signals, contributing meaningfully to the advancement of precision medicine.

Despite the overall success, the method showed limited effectiveness on the augmented binary dataset
due to segmentation inaccuracies, particularly in detecting the S1 and S2 components. These errors intro-
duced noise into the dataset, leading to occasional misclassifications and reduced performance in certain
cases. Future work will focus on improving segmentation accuracy, incorporating explainable Al and atten-
tion mechanisms, and validating the approach on additional datasets. Furthermore, alternative clustering
metrics will be explored to enhance the robustness and generalizability of the preprocessing pipeline.
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