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ABSTRACT: Cardiovascular diseases (CVDs) are the leading cause of mortality worldwide, necessitating efficient
diagnostic tools. This study develops and validates a deep learning framework for phonocardiogram (PCG) classifi-
cation, focusing on model generalizability and robustness. Initially, a ResNet-18 model was trained on the PhysioNet
2016 dataset, achieving high accuracy. To assess real-world viability, we conducted extensive external validation on
the HLS-CMDS dataset. We performed four key experiments: (1) Fine-tuning the PhysioNet-trained model for binary
(Normal/Abnormal) classification on HLS-CMDS, achieving 88% accuracy. (2) Fine-tuning the same model for multi-
class classification (Normal, Murmur, Extra Sound, Rhythm Disorder), which yielded 86% accuracy. (3) Retraining
a ResNet-18 model with ImageNet weights directly on the HLS-CMDS data, which improved multi-class accuracy
to 89%, demonstrating the benefit of domain-specific feature learning on the target dataset. (4) A novel stress test
evaluating the retrained model on computationally separated heart sounds from mixed heart-lung recordings, which
revealed a significant performance drop to 41% accuracy. This highlights the model’s sensitivity to signal processing
artifacts. Our findings underscore the importance of external validation and demonstrate that while deep learning
models can generalize across datasets, their performance is heavily influenced by training strategy and their robustness
to preprocessing artifacts remains a critical challenge for clinical deployment.

KEYWORDS: Phonocardiogram; deep learning; mel spectrogram; convolutional neural networks; signal processing;
signal-to-noise ratio; noise robustness

1 Introduction

Cardiovascular diseases (CVDs) refer to a wide variety of conditions that impact the cardiovascular
system, which comprises the vascular system that supplies the brain and other critical organs. Such diseases
are the primary cause of mortality and morbidity globally [1], a fact that highlights the dire need for accurate
and early diagnostic tools. For the effective treatment and management of cardiovascular diseases (CVDs),
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the early diagnosis of cardiac pathologies and their detection utilizing accurate phenotypes is of paramount
importance [2]. Standard diagnostic methods depend on clinicians’ manual interpretation, which is often
subjective and susceptible to inter-observer variability [3]. On the other hand, artificial intelligence (AI)-
based frameworks, particularly those utilizing machine and deep learning algorithms, offer a promising
alternative for consistent and objective CVD analysis and management [4,5]. Phonocardiography (PCG) and
electrocardiography (ECG) are two of the most common non-invasive methods that are used to monitor
the activity of the heart [6]. While the ECG captures the bioelectrical conduction through the heart muscle
tissue, the PCG records the sounds that are produced by the movement of the heart valves and the heart
muscle [7]. In low-resource or rural settings, PCG holds particular clinical utility over ECG primarily due
to its simpler and low-cost hardware requirements compared to ECG [8]. It also enables non-invasive and
rapid cardiac screening without the need for electrode placement or complex calibration [9].

In recent years, advancements in deep learning, particularly with Convolutional Neural Networks
(CNNs), have significantly advanced fields such as biomedical signal processing [10,11]. CNNs excel at
identifying complex patterns and features within data making them particularly well-suited for tasks like
PCG signal classification [12,13]. However, the effectiveness of CNNs is heavily dependent on the quality
of feature extraction from raw signals. Mel Spectrograms, a technique originally developed for audio
processing [14], provide a time-frequency representation that captures both the temporal dynamics and
spectral characteristics of an acoustic signal [15]. Applying Mel Spectrograms to PCG data transforms
the raw acoustic signals into an image-like representation that enhances the discriminative capabilities of
CNNs [16]. In addition, the combination of ECG and PCG data has the potential to vastly enhance diagnostic
precision by offering further insights into the electrical and mechanical processes of the heart [17], however,
it necessitates that both tools must be available, which is typically not the case at consumer settings or
low-resource environments.

In real-world clinical environments, PCG recordings are often polluted by a variety of noises, including
ambient conversations, sounds from hospital equipment, and motion artifacts [18]. This noise has the
potential to drastically reduce the quality of PCG signals, thereby diminishing the efficiency of automated
classification technologies [19]. To address this challenge, this work simulates realistic clinical settings and
analyzes the robustness of the model by integrating a variety of noise types at varying Signal-to-Noise Ratio
(SNR) levels.

This study extends prior works by performing a rigorous external validation on a new dataset and
investigating critical questions regarding model adaptation and robustness under mixed heart and lung
sounds. Our research objectives are to: 1) Evaluate the generalizability of a model trained on the PhysioNet
dataset by fine-tuning it on the HLS-CMDS dataset for both binary and multi-class tasks; 2) Compare the
efficacy of fine-tuning a domain-specific model vs. retraining a general-purpose (ImageNet) model on the
new dataset; and 3) Introduce a novel robustness test to assess the model’s performance on heart sounds
computationally separated from mixed recordings, simulating a challenging real-world signal processing
scenario. By addressing these objectives, we aim to provide deeper insights into the practical challenges of
deploying PCG classification models in clinical environments.

2 Related Works

Unlike Electrocardiogram (ECG) or Photoplethysmogram (PPG) signals, which capture cardiac electro-
physiological and volumetric dynamics, respectively, the Phonocardiogram (PCG) can reveal irregularities
linked to specific valvular dysfunctions, such as mitral regurgitation (MR), mitral stenosis (MS), and aortic
stenosis (AS). However, the clinical utility of PCG is often challenged by its high susceptibility to noise, low
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signal-to-noise ratio (SNR), and inherent cyclostationary properties, which introduce significant hurdles for
automated analysis and classification [18].

A primary challenge in PCG analysis is the reliable extraction of meaningful features in the presence of
environmental noise and interference from other physiological signals. Early methods relied heavily on signal
filtering and segmentation, but more sophisticated approaches have emerged to address the non-stationary
nature of heart sounds. For instance, Ghosh et al. [20] utilized the Chirplet Transform to capture chirp-
like features that are symptomatic of various heart valve diseases. They were able to achieve classification
accuracies that were greater than 96%, however, the computational complexity of such methods remains a
concern. A number of other preprocessing and feature extraction procedures, including multi-resolution
wavelet decomposition, mel-frequency cepstral coefficients (MFCCs), and energy-based analysis, have also
been investigated in order to identify the most important properties of PCG signals [21].

To improve classification performance, several researchers have investigated the possibility of features
fusion from multiple domains. For instance, Li et al. [22] combined time, frequency, energy, and entropy
features to create a robust set of descriptors that can be utilized for classification under a wide range of
circumstances. Similarly, Tang et al. [23] showed that combining temporal intervals, frequency spectra,
and statistical features can greatly increase classification accuracy for normal and abnormal heart sounds,
attaining results that are close to 88%. These multi-domain techniques, on the other hand, frequently result
in the creation of high-dimensional feature spaces, which creates a greater computational burden and raise
the possibility of overfitting, particularly when dealing with limited datasets.

Deep learning has resulted in significant advancements, including architectures capable of learning
abstract representations directly from raw or processed PCG signals. For example, Dominguez-Morales
et al. [24] developed a system integrating neuromorphic auditory sensors with deep neural networks that
exhibited stable performance even in environments with significant background noise. Sotaquira et al. [25]
introduced a weighted probability comparison technique within a deep neural network to address the class
imbalance issues that are typically encountered in PCG datasets. Convolutional Neural Networks (CNNs),
particularly when applied to 2D spectrogram representations of PCG signals, have become a foundation of
modern techniques due to their ability to capture local patterns. Studies by Khan et al. [26] and Krishnan
and Balasubramanian [27] have shown that CNNs when combined with transfer learning can classify
unsegmented PCG spectrograms with high accuracy, provided that preprocessing and segmentation for
training are handled carefully.

Additionally, a growing area of interest that focuses on the noise resilience and adaptability of machine
learning models in real-world environments is gaining momentum. Chen et al. [28] explored the impact
of various Signal-to-Noise Ratio (SNR) levels on classification performance, thus suggesting the need for
algorithms that are capable of maintaining accuracy in noisy settings. Similarly, multimodal approaches that
combine PCG with other physiological signals, such as ECG, have also shown promise. Milani et al. [29]
demonstrated that integration of data from multiple modalities can enhance overall accuracy of the model.
To address the limited availability of data, researchers have also explored data augmentation and transfer
learning methods in order to enhance the model generalization [30].

In summary, significant efforts in PCG signal classification reflect a multidisciplinary fusion of advanced
signal processing, machine learning, and hardware optimization. While time-frequency methods like
the Chirplet Transform have proven effective for non-stationary signals [20], and multi-domain feature
extraction has been shown to bolster accuracy [22,23], deep learning techniques have achieved state-of-the-
art results [24,25]. Despite this progress, challenges related to noise robustness, real-time analysis, model
complexity, and generalizability across diverse patient populations persist [28,30].
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Despite these advancements, many existing models require large, labeled datasets for training, which are
often scarce in the medical domain. Furthermore, models trained on specific datasets may lack generalizabil-
ity across different populations and recording conditions, limiting their practical applicability. The current
state-of-the-art is characterized by deep learning models that leverage spectrogram-based feature extraction.
Techniques such as Mel Spectrograms have become standard for transforming audio signals into an image-
like format suitable for CNNs, as these representations capture essential time-frequency characteristics.
However, several research gaps need to be addressed:

o Most deep learning models are computationally intensive, posing challenges for real-time diagnostic
applications on resource-constrained devices.

o  While multimodal approaches show promise, effectively fusing diverse data types to leverage the
strengths of each modality remains a challenge.

« Limited studies have systematically evaluated the robustness of classification models under the varying
noise conditions and SNR levels encountered in real-world clinical environments.

To address these gaps, this study aims to:

1. Implement robust data preprocessing techniques, including normalization and precise, event-based seg-
mentation.

2. Introduce various noise types at different SNR levels to simulate realistic clinical recording conditions
and assess the impact on model performance.

3. Utilize Mel Spectrograms to capture complex time-frequency patterns for effective feature learning.

4. Develop and evaluate a CNN architecture using the PyTorch/PyTorch Lightning framework for multi-
class PCG classification under diverse noise conditions.

5. Conduct hyperparameter tuning and incorporate regularization techniques to optimize model accuracy
and prevent overfitting.

6. Perform a comprehensive SNR-based classification analysis to evaluate model robustness.

7. Conduct external validation on a separate dataset (HLS-CMDS) to assess model generalizability and
compare domain adaptation strategies.

8. Evaluate model performance on computationally separated heart sounds to test robustness against signal
processing artifacts.

By pursuing these objectives, this study seeks to advance the field of automated cardiovascular diagnos-
tics by providing reliable and efficient tools for early disease detection and management. A summary of the
key literature is presented in Table 1.

Table 1: Summary of selected PCG signal analysis and classification studies

Study Method Main contribution Accuracy Key challenges
. Cyclostationary
Chowdhury Lime- analysis under 94.1% Persistent low SNR
etal. [18] frequency .
noise
Non-stationary
Ghosh Chirplet signal classification 5 96% High
etal. [20] transform for valve ° computational cost
pathologies

(Continued)
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Table 1 (continued)

Study Method Main contribution Accuracy Key challenges
. Multi-domain 497 features (time, Complex feature
Lietal. [22] . frequency, entropy, 94.23% .
+ Deep learning etc) selection
Integrates time
Tang et al. [23] Multi-domain intervals, 88% Risk of overfitting
T +SVM frequency spectra, in high-dim. space
and energy features
Dominguez- , Bio-inspired -
Neuromorphic Specialized
Morales sensors, robust to 95.88%
+ DNN , hardware
et al. [24] noise
‘ Weighted Handles class
Sotaquira o imbalance; Complex
_ probability _ 93.4% o
etal. [25] DNN improved murmur weighting strategy
detection
Rich
Mel i
Altaf et al. [21] ¢ time-frequency 90% Necessuat.eé robust
spectrograms . denoising
representation
Khan et al. [26] CNN trz‘insfer Unsegm.entec‘i PCG 92% Nee.ds large
learning classification pre-trained model
Krishnan &
On-the-fl Efficient hard
Balasubra- Real-time CNN ety 91.2% clent harcware
manian [27] detection requirements
Evaluates model
Adaptive filteri
Chen et al. [28] SNR analysis robustness under 89.4% daptive filtering
noise needed
I . Fuses multiple
Milani Multimodal sienals for 93.29 Complex data
etal. [29] (PCG+ECQG) & e integration
enhanced accuracy
Transfer Domain
Arora et al. [30] learning adaptation across 92.3% Distribution shifts

institutions

3 Methodology

The end-to-end architecture of the proposed PCG classification framework is illustrated in Fig. 1. Each
block is elaborated in the subsequent subsections.

3.1 Data Acquisition

The primary dataset utilized for training the model and performing initial validation was the PhysioNet
Challenge 2016 dataset [31]. This public repository includes 2435 phonocardiogram (PCG) recordings from
a wide range of patient demographics and comprise a comprehensive range of heart diseases. The recordings
are categorized into five classes: Aortic Disease (AD), Miscellaneous Pathological Conditions (MPC), Mitral
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Valve Prolapse (MVP), Benign, and Normal. Each recording is provided as a . wav file, with corresponding
annotations stored in .mat files that detail the timing of relevant physiological states. These annotations
provide information about the timing of the physiological states that are relevant to the recording.

PCG Dataset Signal Mel Spectrogram
Acquisition Preprocessing Extraction
Raw PCG Filtered
n=2,435 recordings Normalization: x,0rm = m m(f) = 25951log;,(1+ f/700)
5 classes: AD, MPC, Segmentation: S1/S2 128 x 128 features
MVP, Benign, Normal Noise filtering Time-frequency domain
Features
\ 2
Noise Robustness Classification ResNet-18
Analysis Results CNN Model
SNR: 0,10,20,30 dB « e Training: 96.2% € . .. Transfer learning
s Validation & Predict
White, Pink, Hospital Validation: 94.1% redictions Adam: «=0.001
Clinical validation Test: 93.8% Batch=32, Epochs=100

Figure 1: PCG classification system architecture. The end-to-end pipeline processes raw phonocardiogram recordings
(n =2435) through signal preprocessing, Mel spectrogram feature extraction, and ResNet-18 deep learning classification.
The system achieves 94.1% validation accuracy and demonstrates robust performance across clinical noise conditions.
Mathematical formulations and comprehensive performance metrics are integrated for scientific rigor

A second, independent dataset is incorporated into this study for external validation of the proposed
methodology. This dataset is known as the Heart and Lung Sounds Dataset Recorded from a Clinical
Manikin using a Digital Stethoscope (HLS-CMDS) [32]. This dataset includes 535 recordings that were
taken from a high-fidelity clinical manikin that was designed to simulate a wide variety of normal and
pathological conditions. To simulate a realistic diagnostic examination, the recordings contain a variety of
PCG types, such as Normal Heart, various murmurs, Atrial Fibrillation, and different lung sounds. These
recordings were captured from multiple anatomical locations. The use of a manikin provides an acoustic
environment that is highly controlled and repeatable. This ensures that the signals are standardized and
free from the confounding variables that are frequently present in human recordings (for example, patient
movement or inconsistent stethoscope placement). Its inclusion is therefore critical for assessing our model’s
generalizability and its ability to classify specific pathologies when presented with data from a different source
and modality—a key step toward establishing clinical viability.

3.2 Data Preprocessing and Signal Analysis
Initially, each PCG recording is normalized by scaling its amplitude to a range of [-1, 1] using the
following equation:

x[n]

©)

xnormalized[”] = T o

max(|x])
where x[n] is the n-th sample of the original signal and max(|x|) is the maximum absolute amplitude of the
entire recording. Following this step of normalization, a segmentation algorithm is applied, which identifies
and isolates the first (S1) and second (S2) heart sounds based on the event timings that are provided in the
annotations of the dataset.
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3.2.1 Signal Segmentation

To extract clinically relevant information, each PCG signal was segmented using event timings obtained
from concurrent ECG recordings. The dataset includes annotation files in.mat format that contain discrete
timestamps (¢;) and corresponding labels (I;) for key cardiac events such as the first heart sound (S1), the
second heart sound (S2), and diastole, as illustrated in Fig. 2. Our annotation processing pipeline starts
with extracting these timestamps and labels. Synchronizing the annotation timestamps with the PCG audio
signal’s sample indices is a critical step. This temporal alignment is accomplished through the following

ti-fs

taligned = > (2)
fa

relation:

where t,1igneq is the resulting sample index, f; is the sampling frequency of the PCG signal, and f, is the
annotation frequency.

Amplitude (mV)

1

Clinical Parameters:
HR: 75 bpm, RR: 800ms§;: 20-200 Hz, S,: 50-400 Hz

AN
SYSTOLE
DIASTOLE
SYSTOLE

>
S1: 120ms S,: 80ms

' : . . . . ¢ . > Time (s)
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Figure 2: PCG signal segmentation and cardiac cycle analysis. Visualization showing phonocardiogram waveform
with precise S;/S, heart sound identification, cardiac phase segmentation (systole/diastole), temporal measurements,
and clinical parameters for automated feature extraction

Using these aligned timestamps, the normalized PCG signal is segmented into intervals corresponding
to specific cardiac events, as illustrated in Fig. 3. For instance, the systolic phase of the cardiac cycle is isolated
by extracting the segment between S1 and $2:

s =x[tsr: tsa], (3)

where x represents the normalized PCG signal, and tg; and tg, are the aligned timestamps for the start of
the first and second heart sounds, respectively. By restricting the analysis window to these annotated cardiac
events, the pipeline ensures that each segment contains physiologically relevant information. This precise
segmentation is essential for reducing the influence of noise and improving the accuracy of subsequent
feature extraction and classification tasks. The decision to segment the PCG signal to the systolic interval
(from SI to S2) is a deliberate methodological choice. This approach is standard in several PCG analysis
studies as it focuses the model’s attention on the window where the majority of diagnostically significant
murmurs, such as those caused by mitral regurgitation and aortic stenosis, occur [33,34]. Furthermore,
this strategy creates shorter, more uniform data segments, which can reduce computational complexity
and minimize the influence of noise that may be present during the longer and more variable diastolic
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phase [23,35]. While this simplification is effective for detecting systolic pathologies, it intentionally excludes
diastolic events, a trade-oft that is explicitly evaluated in our external validation experiments.
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(a) Annotated Phonocardiogram Signal with highlighted S1 and S2 heart sounds.
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(b) A more zoomed-in view of a 1-second signal of the annotated PCG signal.
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(c) A segmented PCG signal highlighting the systolic phase.

Figure 3: This figure shows the process of segmentation of PCG signals based on ECG annotations

3.2.2 Simulation of Clinical Noise Conditions
To evaluate the robustness of our model under realistic clinical scenarios, we systematically introduced
noise to the clean, segmented PCG signals. We simulated a range of acoustic environments by incorporating
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three distinct noise types: white Gaussian noise, pink noise, and authentic ambient recordings from a
hospital setting.

Each noise type was added to the signals at four different Signal-to-Noise Ratio (SNR) levels: 0, 10, 20,
and 30 dB. This process generated a comprehensive set of noisy datasets, enabling a rigorous assessment of
the CNN model’s classification performance as a function of both noise intensity and type.

3.3 External Validation on HLS-CMDS Dataset

A distinct preprocessing pipeline was developed for the external validation on the HLS-CMDS dataset to
address its unique characteristics: the presence of mixed heart and lung sounds and the absence of concurrent
ECG signals for event-based segmentation.

First, to isolate the cardiac component from the mixed recordings, we applied a Butterworth band-pass
filter. Based on our exploratory analysis, a pass-band of 25-400 Hz was established to preserve the primary
frequency content of heart sounds while attenuating the majority of lung sound energy. We acknowledge that
this filtering method is an approximation, as a partial spectral overlap exists between heart and lung sounds,
and it may not achieve perfect separation. The outcome of this separation process is illustrated in Figs. 4-6,
which display the waveform, Mel spectrogram, and Power Spectral Density (PSD) for the original mixed
signal and the separated components.
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Figure 4: (Continued)
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Figure 4: Analysis of mixed heart and lung sounds. From top to bottom: waveform, Mel spectrogram, and power
spectral density (PSD) of the original mixed signal from the HLS-CMDS dataset

Extracted Heart Sounds Waveform

0.75 A

0.50 A

0.25

0.00 A

Amplitude

—0.25 A

—0.50 A

—0.75 A

0 2 4 6 8 10 12 14
Time (s)

Extracted Heart Sounds Spectrogram

2000

1750 -50 dB

1500

-100 dB
1250

1000
-150 dB

Frequency (Hz)

750
500 -200 dB

250

o = — — a : E . -250 dB

Time (s)

Figure 5: (Continued)
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Figure 5: Analysis of extracted heart sounds. From top to bottom: waveform, Mel spectrogram, and PSD of the heart
sound component after applying a band-pass filter
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Figure 6: (Continued)
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Extracted Lung Sounds PSD
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Figure 6: Analysis of Extracted Lung Sounds. From top to bottom: waveform, Mel spectrogram, and PSD of the lung
sound component, which is filtered out from the mixed signal

Second, in the absence of ECG-derived event timings, the filtered heart sound signals were partitioned
using a fixed-window approach. The signals were segmented into 400 ms windows, a duration chosen to be
short enough to likely capture individual cardiac events while being long enough to contain sufficient spectral
information for classification. These 400 ms segments were then converted into Mel spectrograms, using the
same parameters as the primary dataset, to serve as input for the model during the validation experiments.

3.4 Feature Extraction

Transforming the preprocessed, one-dimensional PCG signal segments into a two-dimensional repre-
sentation is essential for analysis with Convolutional Neural Networks (CNNs). In this study, we utilized Mel
spectrograms to create a time-frequency representation that emphasizes perceptually relevant acoustic fea-
tures.

Mel Spectrogram Computation

The computation of the Mel spectrogram is a multi-step process. First, the time-domain signal is
converted into the frequency domain using the Short-Time Fourier Transform (STFT), which applies the
Fourier Transform to short, overlapping segments of the signal. The STFT of a signal s(t) is given by:

STFT(s)(t, w) = [: s(t)w(t—t)e/“"dr, (4)

where w(7) is a window function (e.g., Hamming window) and w is the angular frequency.
Next, the power spectrogram is computed by taking the squared magnitude of the STFT result:

P(t,w) = |STFT(s)(t, w)|*. (5)

This power spectrogram is then mapped to the Mel scale, which approximates the non-linear frequency
response of the human ear. The Mel scale is defined as:

m(f) =2595-log,, (1+7£—0), (6)
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where f is the frequency in Hertz. This mapping is achieved by applying a Mel filter bank to the power
spectrogram. Finally, to enhance the dynamic range and accentuate important features, a logarithmic
compression is applied:

Miog(t, m) =log, (M(t, m) +¢), (7)

where M(t,m) is the Mel spectrogram and ¢ is a small constant added to prevent the logarithm of zero.
The resulting Mel spectrogram images serve as the final input to our CNN model, providing a rich, two-
dimensional representation of the PCG signals that captures both temporal and spectral characteristics
crucial for distinguishing between various cardiac conditions. A sample is illustrated in Fig. 7.

Original Signal

0.51
(]
©
2
S 0.0
S
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-051 : : : : , : : :
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Mel Spectrogram of First Segment

T 512

0+ ‘ = E— _—————aaaas
0.000 0.050 0.100 0.150 0.200 0.250 0.300 0.350 0.400
Time

Figure 7: Conversion of Segmented Signal to Mel Spectrogram. The figure illustrates both the segmented PCG
signal and its corresponding Mel spectrogram, highlighting the transformation from time-domain to time-frequency
representation

3.5 Model Development

The classification model was developed using the PyTorch framework, with PyTorch Lightning
employed to structure the code and streamline the experimentation process. The architecture was designed
to balance representational capacity, necessary for high performance, with the computational efficiency
required for practical deployment. The architecture of the proposed model is shown in Fig. 8.

o Pre-trained Backbone: A ResNet-18 backbone is utilized for efficient feature extraction from spectro-
gram images. The ResNet architecture contains residual connections which are defined as:

y=F(x {Wi}) +x, (8)

where F represents the residual mapping and x is the input to the residual block. This allows the network
to learn identity mappings, facilitating the training of deeper networks.

« DataModule and LightningModule: The PyTorch model is organized into a DataModule for data
handling and a LightningModule for model-related components such as model structure, loss
computation, and optimization. The DataModule manages data loading, augmentation, and batching,
while the LightningModule includes the model architecture and training logic.
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« Loss Function: The loss function that we used in this study is Cross-Entropy Loss, which is suitable for

multi-class classification tasks. It is defined as:

K
L(y,¥) == yilog(9:),

i=1

where y is the actual label vector and ¥ is the predicted vector.

9)

« Optimizer: The Adam optimizer is used to update the model parameters, with the following update

rules:

my = Pimey + (1= 1) g
ve = Povea + (1- ﬁ2)g?’

N nmy
mt = >

1- B
A Vi
Vi=——>>

1-5

1
0t+1 = et_(x = >
Vi t+ €

where:

- g is the gradient of the loss with respect to the parameters at time step t.
- m; and v, are the first and second moment estimates.

- Bi1and B, are hyperparameters controlling the decay rates.

- «aisthe learning rate.

- eis asmall constant to prevent division by zero.

- 0, are the model parameters at time step t.

(10)
(11)
(12)

(13)

(14)

« Training Loop: Handled by the Trainer class, the training loop includes callbacks for early stopping
and model checkpoints, thus ensuring optimal model performance. The Trainer class also handles the
training, validation, and testing phases, providing a streamlined interface for model experimentation.

MaxPool2d

3 x 3, stride=2
32 x 32 x 64

‘ Conv2d ‘
7 x 7, stride=2

64 filters + BN + ReLU
64 X 64 X 64 ‘

Input

Mel Spectrogram >
128 x 128 x 1

ResBlock 4
2 x Conv3 x 3
512 filters, stride=2
4 x4 x512

ResBlock 3
2 x Conv3 x 3
256 filters, stride=2
8 x 8 x 256

ResBlock 2
2 x Conv3x3
128 filters, stride=2
16 x 16 x 128

ResBlock 1
2 x Conv3x3

64 filters each
32 X 32 x 64

Fully Connected
Global AvgPool 512 — 4 Training: Adam (x=0.001), Batch=32, Epochs=100
4x4—1x1 Dropout: 0.5 Transfer Learning: Pre-trained ImageNet weights
1x1x512
Softmax Output

Figure 8: ResNet-18 architecture employs transfer learning with pre-trained ImageNet weights, and has four residual
blocks with skip connections, global average pooling, and dropout regularization
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The model is fine-tuned over 100 epochs with a batch size of 32. The use of a pre-trained ResNet-18
backbone allows the proposed model to benefit from features learned on a large dataset, improving its ability
to generalize to new data.

3.6 Model Training and Optimization

The model’s training and optimization process was designed to maximize classification performance
while preventing overfitting. Although using a pre-trained backbone accelerates convergence, the final
accuracy is highly dependent on hyperparameter selection. Through a systematic search, the following
optimal values were determined for our training configuration:

o Learning Rate («): A value of 0.001 was selected to balance convergence speed with training stability.

« Batch Size: A batch size of 32 yielded the best results after experimentation with values ranging from 16
to 64.

«  Number of Epochs: The model was trained for a maximum of 100 epochs to ensure sufficient learning.

o Optimizer Parameters: The standard parameters for the Adam optimizer were used: f8; = 0.9, 3, =
0.999,and £ =107°.

The training process involved iteratively updating the model parameters to minimize the cross-entropy
loss on the training dataset using the Adam optimizer. To ensure the selection of the best-performing model
and to mitigate overfitting, the training loop was enhanced with regularization techniques. Specifically,
model checkpointing was used to save the model parameters that achieved the best performance on the
validation set. Concurrently, an early stopping mechanism monitored the validation loss and halted training
if no improvement was observed over a set number of consecutive epochs (the “patience” parameter). This
combined approach ensures that the final model is not over-trained on the training data and generalizes well
to unseen samples. The complete training procedure is formally detailed in Algorithm 1.

Algorithm 1: Training loop with early stopping
I: Input: Training data T, Validation data V, Model f, Optimizer, Learning rate &, Number of epochs E,
Patience P
2: Initialize best validation loss Ly < o0
3: Initialize epochs without improvement no_improve « 0
4: for each epoch e from 1to E do
5:  for each batch B in training set T do
6 Forward pass: Compute predictions § < f(B;0)
7 Compute loss L « CrossEntropyLoss(y, )
8: Backward pass: Compute gradients VL
9 Update parameters 0 using Adam optimizer
10:  end for
11:  Evaluate model on validation set V: Compute L,
12:  if L, < Lpest then
13: Lpest < Lyal

14:  Save model parameters 6

15: no_improve « 0

16: else

17: no_improve < no_improve + 1
18: endif

(Continued)
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Algorithm 1 (continued)

19:  if no_improve > P then

20 break {Early stopping triggered}
21:  endif

22: end for

23: Return Best saved model parameters

3.7 SNR-Based Classification Analysis

To assess the model’s robustness and simulate its performance in realistic clinical environments, we
conducted a systematic analysis using signals contaminated with various types of noise at multiple Signal-
to-Noise Ratio (SNR) levels.

3.7.1 Noise Simulation Protocol

Three distinct noise types were chosen to represent a spectrum of potential acoustic interference:

« White Gaussian Noise: A standard benchmark representing broadband, spectrally flat, and uncorre-
lated noise.

« Pink Noise: Characterized by a 1/ f spectral density, this noise type more closely mimics many natural
ambient sounds and physiological artifacts.

« Ambient Hospital Noise: Authentic recordings from a clinical setting, providing the most ecologically
valid condition by incorporating sounds like equipment beeps, distant conversations, and other real-
world interference.

Each of these noise types was added to the clean, segmented PCG signals at four distinct SNR levels: 0,
10, 20, and 30. This range was selected to cover conditions from extremely noisy (0 dB) to minimally degraded
(30 dB).

3.7.2 Experimental Setup

The noisy PCG signals for the evaluation were generated by superimposing a scaled noise signal onto
each clean PCG segment according to the formula:

y[n] = x[n]+a-nln], (15)

where y[n] is the resulting noisy signal, x[n] is the original segmented PCG signal, and #[n] is the noise
signal. The scaling factor, «, was precisely calculated for each signal-noise pair to adjust the power of the
noise component, thereby achieving the target SNR.

The CNN model, which was trained exclusively on the original clean dataset, was then evaluated on these
newly generated noisy datasets. This experimental design allowed us to isolate and quantify the degradation
in classification performance as a direct function of both noise type and intensity, providing a comprehensive
measure of the model’s robustness to clinically relevant acoustic interference.

3.8 Benchmarking Model Architectures

To assess classification performance across different model complexities, four additional neural archi-
tectures were implemented. These models span from fully connected deep networks to transformer-based
designs, each tailored for either handcrafted features (e.g., MFCCs) or time—frequency representations (e.g.,
Mel spectrograms).
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3.8.1 Deep Neural Network (DNN)

A baseline fully connected model designed for low-dimensional feature vectors. The network consists
of sequential linear layers (40 — 256 — 128 — 64 — 5) with ReLU activations and dropout (0.4) to prevent
overfitting. This model serves as a lightweight reference without spatial priors.

3.8.2 Convolutional Neural Network (CNN)

A compact convolutional model optimized for spectrogram inputs. It includes three convolutional
blocks (with 32, 64, and 128 filters), each followed by batch normalization, ReLU activation, and max pooling.
The classifier employs global average pooling and fully connected layers to output five classes. This model
balances accuracy with low computational cost, suitable for embedded or edge AT applications.

3.8.3 EfficientNet-B0

ImageNet-pretrained backbones were adapted for single-channel spectrograms by modifying the first
convolutional layer to accept one input channel and replacing the final classification head with a five-class
output layer. EfficientNet-B0 uses compound scaling to optimize depth, width, and resolution trade-offs,
enhancing performance under limited PCG data.

3.8.4 Audio Spectrogram Transformer (AST)

A transformer-based model operating on spectrogram patches. The spectrogram is divided into non-
overlapping 52 x 52 patches, each projected into a 512-dimensional embedding. These embeddings are
processed through a multi-head self-attention encoder (8 heads, 10 layers) with positional encoding and a
learnable class token. The transformer structure effectively captures global temporal-spectral dependencies,
making it suitable for complex PCG signal analysis.

4 Results
4.1 Training and Validation Performance on the PhysioNet Dataset

The proposed model was trained for 100 epochs with a batch size of 32 on the PhysioNet 2016 dataset.
The training concluded with a final accuracy of 96.2% on the training set and 94.1% on the validation set,
demonstrating strong learning and generalization capabilities. To provide a more granular assessment of
performance, we also computed the precision, recall, and Fl-score for each class.

The confusion matrix, presented in Fig. 9, visualizes the model’s per-class classification accuracy.
The strong diagonal concentration indicates a high true positive rate across all conditions, with minimal
confusion between classes, confirming the model’s ability to effectively distinguish between the different
cardiovascular pathologies in the dataset.

4.2 Ablation Analysis

To quantify the contribution of key architectural components to the model’s performance, we conducted
a comprehensive ablation study. Specific elements—such as regularization layers, network depth, and kernel
size—were systematically removed or modified, and the resulting impact on performance was measured. The
detailed outcomes of this analysis are presented in Table 2.
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Figure 9: Confusion matrix for classification results. The matrix displays the performance on the validation set, with
true labels on the y-axis and predicted labels on the x-axis. The values are normalized per class

Table 2: Ablation study results

Model variant Accuracy (%) Precision (%) Recall (%)  Fl-score (%)
Baseline (Full Model) 94.1 92.5 93.8 93.1
Without dropout 92.7 90.3 91.5 90.9
Without batch norm 91.5 89.1 90.4 89.7
Reduced number of 90.2 88.5 89.0 88.7
layers
Smaller kernel size 93.0 91.2 92.1 91.6

The results underscore the importance of each architectural choice. Removing dropout layers resulted
in a 1.4% drop in accuracy, confirming their effectiveness in mitigating overfitting. The most significant
performance degradation (a 2.6% drop) occurred upon removing batch normalization, highlighting its
critical role in stabilizing the training process and improving generalization. Furthermore, reducing the
model’s depth or using smaller kernel sizes also adversely affected performance, indicating that the baseline
model’s complexity and receptive field are well-suited for capturing the hierarchical features present in the
Mel spectrograms. As illustrated in Fig. 10, the baseline model consistently outperforms all ablated variants,
underscoring the importance of each architectural component in achieving high classification accuracy.
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Figure 10: The study evaluates the contribution of key architectural components such as dropout regularization, batch
normalization, layer depth, and kernel size

4.3 Noise Robustness Analysis

To quantify the model’s resilience to acoustic interference, its performance was evaluated on datasets
contaminated with various types of noise at different Signal-to-Noise Ratios (SNRs). The model, which was
trained exclusively on clean data, demonstrated strong robustness at high SNRs, with only minor degradation
in accuracy at 30 and 20 dB.

As detailed in Table 3, the performance decay becomes more pronounced at lower SNRs. The model
maintains a respectable accuracy of 88.4% at a 10 dB SNR but experiences a significant drop to 75.1% in
the most challenging 0 dB condition. These results highlight the inherent difficulty of classification in high-
noise clinical environments and underscore the potential need for advanced denoising or data augmentation
strategies to ensure reliability in real-world applications.

Table 3: Model performance under different SNR levels

SNR level Accuracy (%) Fl-score
30 dB 95.1 0.949
20 dB 93.8 0.935
10 dB 88.4 0.881
0dB 75.1 0.745

4.4 SNR-Based Classification Analysis

Fig. 11 illustrates the model’s classification accuracy as a function of both SNR level and noise type. The
CNN model demonstrated robust performance under moderate noise, maintaining an accuracy above 90%
for all noise types at SNR levels of 20 and 30 dB.
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Figure 11: Classification accuracy across different SNR levels

As the noise level increased, performance began to degrade. At a 10 dB SNR, the models accuracy
declined, averaging approximately 87% across the different noise conditions. This trend continued in
the most challenging scenario (0 dB SNR), where the model’s accuracy fell below 80%, highlighting the
significant difficulty of classification in extremely noisy environments. Overall, these results suggest that
while the model can effectively handle moderate levels of noise interference, its reliability diminishes
substantially under severe noise conditions.

4.5 Statistical Analysis

To validate the significance of the performance differences observed in the ablation study, we performed
a statistical analysis using paired -tests. These tests were conducted on the validation accuracy scores
obtained from multiple independent training runs of the baseline model and each of its ablated variants.

Table 4 summarizes the results, comparing the mean accuracy of the baseline model against each
variant. The calculated p-values confirm that the performance degradation observed upon removing key
architectural components is statistically significant. The removal of batch normalization (p = 0.01) and the
reduction of network layers (p = 0.001) resulted in highly significant decreases in model performance. This
analysis provides quantitative evidence that each component of the proposed architecture plays a critical role
in achieving the model’s overall high accuracy and robustness.

Table 4: Statistical analysis of ablation study results

Model variant Mean accuracy ..
. p-value Significance
comparison (%)
Baseli .
Saseine ve 94.1vs. 92.7 0.02 Significant
Without dropout
Baseline vs.
Without batch 94.1vs. 91.5 0.01 Significant
norm

(Continued)
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Table 4 (continued)

Model variant Mean accuracy L.
. p-value Significance
comparison (%)
Baseline vs. 94.1vs. 90.2 0.001 Highly
Reduced layers significant
Baseline vs. 941vs. 93.0 0.05 Marglnally
Smaller kernels significant

4.6 Performance and Efficiency Benchmarking

To evaluate our proposed ResNet-18 model, we benchmarked it against the architectures detailed
in Section 3.8, including standard deep learning models (Deep Neural Network, Convolutional Neural
Network) and state-of-the-art systems (EfficientNet-B0, Audio Spectrogram Transformer) as illustrated
in Fig. 12. The goal of this analysis was to move beyond accuracy alone and to assess the critical trade-
offs between diagnostic performance and the computational resources required for deployment, which is a
central concern for hardware-aware AI and the development of practical medical devices.

I Accuracy BB Precision BB Fi-Score Statistical Significance: p<0.001 vs. all baselines

100 Clinical Validation: 4-class PCG classification (n=2435)
Noise Robustness: Maintains >90% accuracy at SNR >20dB

Performance (%)
O \O
o a1

o)
6)}

80
ResNet-18 AST EfficientNet-BO DNN CNN

Methods

Figure 12: Performance comparison of the proposed ResNet-18 with state-of-the-art methods. Statistical significance
testing confirms improvements (p < 0.001). Clinical validation on 2435 PCG recordings with robust performance under
noise conditions

The results, as shown in Table 5, reveal a clear hierarchy in both performance and efficiency. At one
extreme, the feature-based DNN, which operates on pre-extracted MFCCs, is by far the most computation-
ally frugal model, with a negligible GFLOP count (0.00) and a tiny memory footprint (0.20 MB). However,
this efficiency comes at the cost of significantly lower accuracy (84.4%). This demonstrates a classic trade-
off: while expert feature engineering drastically reduces the computational load, it may not capture the full
complexity of the signal, thereby limiting the model’s ultimate diagnostic capability.
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Table 5: Performance and computational efficiency of all compared models

.. . Inference
Model Aci;r)acy Pre(c;s)lon Fl—(i/c;)re Layers Params GFLOPs Mo(i;}sjlze time
° ° ° (ms/sample)
DNN 84.4 84.2 84.4 4 0.05 M 0.00 0.20 16
CNN 87.3 86.1 86.7 5 010 M 0.16 0.39 34
EfﬁcggtNet' 93.8 93.3 93.7 82 401M 013 15.31 25
Audio
SpecTrans- 96.9 93.5 96.8 42 2241 M 0.11 85.47 58
former
ResNet-18 94.1 92.5 93.1 18 11.17 M 0.57 42.62 32

Note: Accuracy, Precision, and F1-Score measure classification performance. Layers, Params (total parameters
in millions), and Model Size (in Megabytes) quantify model complexity. GFLOPs (Giga Floating-point Oper-
ations Per Second) and Inference Time (in milliseconds) measure computational cost and speed, respectively.

At the other extreme, the Audio Spectrogram Transformer (AST) achieves the highest classification
accuracy (96.9%). This underscores the power of large-scale, attention-based architectures for learning com-
plex patterns from spectrogram data. However, this state-of-the-art performance is achieved at a substantial
computational price. The AST is the largest model by a wide margin (85.47 MB) and has the second-highest
computational cost (0.11 GFLOPs), making it less suitable for deployment on resource-constrained hardware
or in real-time diagnostic scenarios.

Between these extremes lie the convolutional architectures. Our proposed ResNet-18 model strikes a
highly effective and pragmatic balance. It delivers a classification accuracy (94.1%) that is only surpassed
by the much larger AST, while significantly outperforming the simpler CNN and DNN baselines. While
EfficientNet-BO0 offers a smaller memory footprint, our ResNet-18 achieves a higher accuracy and precision.
Most notably, the ResNet-18 architecture, despite its depth, has a GFLOP count of 0.57, which reflects a well-
optimized balance between representational power and operational cost.

5 External Validation and Robustness Analysis on HLS-CMDS$S

To rigorously assess the generalizability and robustness of our deep learning approach, we conducted a
series of experiments on the HLS-CMDS dataset, which was entirely unseen during the initial training on the
PhysioNet dataset. These experiments were designed to answer critical questions about model adaptation,
domain shift, and sensitivity to signal processing artifacts. However, it should be noted that HLS-CMDS
serves solely for adaptation testing, not as a substitute for real-world models. We emphasize that PhysioNet-
trained models remain foundational, with manikin validation highlighting domain shifts.

5.1 Experiment 1: Fine-Tuning for Binary Classification

First, we evaluated the direct transferability of the PhysioNet-trained model by adapting it for a binary
(Normal vs. Abnormal) classification task on the HLS-CMDS dataset. After fine-tuning the final layer for 10
epochs with a low learning rate, the model achieved a test accuracy of 88.0%.

As detailed in Table 6, the model demonstrated excellent performance in identifying ‘Abnormal’ sounds
(Fl-score of 0.92) but was less effective with ‘Normal’ sounds (F1-score of 0.71). The confusion matrix is shown
in Fig. 13. This performance imbalance suggests that while the features learned on PhysioNet are effective
for recognizing general pathologies, they may also carry a bias that leads to the misclassification of normal
variations present in the new dataset.
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Table 6: Classification results for fine-tuned binary model on HLS-CMDS

2525

Class Precision Recall Fl1-score Support
Normal 0.62 0.82 0.71 50
Abnormal 0.96 0.89 0.92 228
Accuracy 0.88 278
Macro avg 0.79 0.86 0.81 278
Weighted 0.90 0.88 0.88 278
avg

Normal

Abnormal

1
Normal Abnormal
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Figure 13: Confusion matrix for the fine-tuned binary classification model on the HLS-CMDS test set

5.2 Experiment 2: Fine-Tuning for Multi-Class Classification

Next, we adapted the PhysioNet-trained model for a more granular four-class problem: ‘Normal,
‘Murmur, ‘Extra Sound, and ‘Rhythm Disorder’ The fine-tuned model achieved a test accuracy of 86.0%.
As shown in Table 7, while it performed strongly on the well-represented ‘Murmur’ class (F1-score of 0.91),
its performance was notably lower for ‘Extra Sound’ and ‘Rhythm Disorder’ The confusion matrix for
Experiment 2 is illustrated in Fig. 14. This suggests that the features transferred from the source dataset are
less effective at distinguishing between specific, novel pathologies, particularly for classes with fewer samples.
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Table 7: Classification results for fine-tuned multi-class model on HLS-CMDS

Class Precision Recall Fl1-score Support
Normal 0.91 0.87 0.89 55
Murmur 0.93 0.88 0.91 138
Extra sound 0.72 0.90 0.80 31
Rhythm 0.75 0.76 0.75 54
disorder
Accuracy 0.86 278
Macro avg 0.83 0.85 0.84 278
Weighted 0.87 0.86 0.86 278
avg
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Figure 14: Confusion matrix for the fine-tuned multi-class model on the HLS-CMDS test set

5.3 Experiment 3: Full Retraining on HLS-CMDS Dataset

To determine if domain-specific training could outperform fine-tuning, we initialized a new ResNet-18
model with standard ImageNet weights and retrained it from scratch on the four-class HLS-CMDS data. This
approach yielded a higher test accuracy of 89.0%. As detailed in Table 8, the retrained model showed more
balanced performance across all classes, notably improving the Fl-score for ‘Rhythm Disorder. However, we
observe that the minority classes, such as ‘Extra Sound’ (n = 37), still exhibit lower precision, indicating that
class imbalance remains a challenge. Nonetheless, these results suggest that for a sufficiently diverse target
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dataset, allowing the model to learn domain-specific features directly can be more effective than transferring
potentially biased features from another medical dataset. The confusion matrix is shown in Fig. 15.

Table 8: Classification results for fully retrained model on HLS-CMDS

Class Precision Recall F1-score Support
Normal 0.87 0.92 0.90 52
Murmur 0.96 0.93 0.94 138
Extra sound 0.77 0.92 0.84 37
Rhythm 0.82 0.73 0.77 51
disorder
Accuracy 0.89 278
Macro avg 0.86 0.87 0.86 278
Weighted 0.89 0.89 0.89 278
avg
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Figure 15: Confusion matrix for the fully retrained model on the HLS-CMDS test set

5.4 Experiment 4: Robustness to Signal Separation Artifacts

Finally, we designed a novel stress test to assess the model’s robustness to artifacts introduced by
upstream signal processing. The model from Experiment 3 (retrained on clean HLS-CMDS data) was
evaluated on a test set of heart sounds that had been computationally separated from mixed heart-lung
recordings using a bandpass filter.



2528

The results, shown in Table 9, reveal a catastrophic drop in performance to an accuracy of just 41.0%.
The model struggled to identify any class reliably, with Fl-scores collapsing across the board, as illustrated
in Fig. 16. This critical finding demonstrates that the model, while robust to additive environmental noise,
is extremely brittle when faced with the subtle distortions and information loss introduced by the signal
separation process. This exposes a significant challenge for real-world deployment, where such preprocessing
algorithms are common, and highlights that a model’s robustness must be evaluated against the entire
processing pipeline, not just environmental noise.

Comput Model Eng Sci. 2025;145(2)

Table 9: Results of retrained model on computationally separated heart sounds

Class Precision Recall F1-score Support
Normal 0.12 0.06 0.08 481
Murmur 0.54 0.58 0.56 2109

Extra sound 0.30 0.45 0.36 1147
Rhyth
. ythm 0.36 0.25 0.30 1628
disorder
Accuracy 0.41 5365
Macro avg 0.33 0.34 0.32 5365
igh
Weighted 0.40 0.41 0.39 5365
avg
1.0
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Figure 16: Confusion matrix for the retrained model evaluated on computationally separated heart sounds
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6 Discussion

Our study provides several critical insights into the practical deployment of deep learning models for
heart sound classification. The initial results on the PhysioNet dataset established a strong performance
baseline, while the subsequent experiments on the HLS-CMDS dataset were designed to probe the real-world
challenges of generalizability, domain shift, and robustness to signal processing artifacts. This comprehensive
analysis moves beyond single-dataset performance metrics to offer a more nuanced understanding of the
model’s strengths and weaknesses.

6.1 Generalizability and the Fine-Tuning vs. Retraining Trade-off

The external validation on the HLS-CMDS dataset yielded several important findings regarding model
adaptation. The fine-tuning experiments (Experiments 1 and 2) demonstrated that a model pre-trained on
a large PCG dataset (PhysioNet) can generalize reasonably well to a new, unseen dataset, achieving 88%
and 86% accuracy for binary and multi-class tasks, respectively. This confirms the value of transfer learning
within the PCG domain. However, the model’s high recall for Abnormal’ sounds, paired with lower precision
for ‘Normal’ sounds, indicates a potential bias learned from the source dataset, causing the model to be overly
sensitive to variations in the new data.

Interestingly, Experiment 3 showed that retraining a ResNet-18 model with generalist ImageNet weights
directly on the HLS-CMDS data yielded superior and more balanced performance (89% accuracy). This
suggests a key trade-oft: while domain-specific pre-training is beneficial, it may also introduce biases that
hinder adaptation to a new dataset with different characteristics, such as those originating from a clinical
manikin instead of human subjects. When the target dataset is sufficiently diverse, allowing the model to
learn features from a more general starting point like ImageNet can be a more effective strategy. This approach
avoids inheriting the specific biases of the source medical dataset and can lead to better performance,
although challenges related to class imbalance in the target data may still persist, as seen in the lower precision
for minority classes like ‘Extra Sound..

6.2 Robustness: Environmental Noise vs. Processing Artifacts

A primary contribution of this work is the dual analysis of model robustness. The initial SNR-based
analysis confirmed that the model is highly resilient to additive environmental noise, maintaining over
90% accuracy even at a 20 dB SNR. This is a crucial feature for clinical viability, where background noise
is unavoidable.

However, Experiment 4 exposed a critical vulnerability. The dramatic collapse in performance from 89%
on clean HLS-CMDS data to a mere 41% on computationally separated heart sounds is a stark reminder of the
‘brittleness’ of deep learning models. The model, while robust to environmental noise, was extremely sensitive
to the subtle distortions and potential information loss introduced by the standard bandpass filter used for
source separation. This finding highlights a critical, often-overlooked challenge: a model’s performance is
not just a function of its architecture and training data but is also deeply coupled to the specific preprocessing
pipeline used. The inherent limitation of a simple filter to perfectly separate spectrally overlapping signals
means that any such imperfection in a real-world pipeline could lead to catastrophic failure. This strongly
suggests that future research must prioritize robustness not only to environmental noise but also to variations
and artifacts from upstream signal processing components.
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6.3 The Importance of Model Architecture and Regularization

Our ablation studies, conducted on the PhysioNet dataset, underscore the importance of deliberate
architectural choices. The removal of dropout layers led to a 1.4% drop in accuracy, confirming its role in
preventing overfitting by forcing the network to learn more robust representations. The most significant
performance decrease (2.6%) was observed upon removing batch normalization, which highlights its dual
role in stabilizing the training process and providing a regularizing effect essential for generalization.
Furthermore, reducing the model’s depth resulted in a substantial performance drop, confirming that a deep
architecture is necessary to learn the hierarchical features present in Mel spectrograms. These results provide
a strong empirical justification for the architectural design, emphasizing that each component plays a critical
role in achieving high performance.

6.4 Limitations and Future Directions

This study, while comprehensive, has several limitations that provide clear avenues for future work:

« The segmentation of the PhysioNet dataset was dependent on concurrent ECG recordings. This high-
lights the direct consequence of our methodological choice to focus on the systolic window, a common
simplification that is effective for certain pathologies but, as our experiments on the HLS-CMDS dataset
demonstrated, makes the model incapable of identifying conditions defined by diastolic events, such as
the ‘Extra Sound’ class.

» The signal separation in Experiment 4 was performed with a standard bandpass filter. As noted, this
method is imperfect due to the spectral overlap between heart and lung sounds. More advanced source
separation algorithms based on deep learning or independent component analysis should be explored
to determine if they produce artifacts to which the model is more robust.

o  While the HLS-CMDS dataset provides a controlled and repeatable environment for external validation,
data from a clinical manikin does not capture the full biological variability of a human population. Final
clinical validation must be performed on extensive, real-world patient data.

Our findings also suggest a clear need for a new direction in data augmentation. To build truly robust
models, training data should be augmented not only with environmental noise but also with signals that have
undergone various forms of processing (e.g., different filtering, compression, or separation algorithms). This
‘processing-aware’ augmentation could train models to be robust to the entire end-to-end clinical pipeline.
Finally, the success of retraining on HLS-CMDS suggests that developing foundational models on massive,
diverse PCG datasets from multiple sources is a promising path toward truly generalizable heart sound
classifiers that require minimal fine-tuning for new clinical environments.

7 Conclusion

This study developed and rigorously validated a deep learning framework for PCG signal classification,
demonstrating both the potential and the practical challenges of deploying such models in clinical settings.
Our work confirms that CNNs can achieve high accuracy on benchmark datasets and can be successfully
adapted to new domains through fine-tuning or retraining. However, our most critical contribution is
the exposure of a significant vulnerability: while the model is robust to additive environmental noise, its
performance collapses when faced with artifacts from upstream signal processing, a finding with major
implications for real-world deployment.

Despite the strong baseline performance, this study has several limitations. The initial model’s reliance
on concurrent ECG signals for segmentation restricts its applicability in scenarios where only PCG is
available. Furthermore, the external validation was conducted on data from a clinical manikin, which, while
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providing a controlled environment, does not fully capture the biological variability of human subjects.
Most importantly, our stress test revealed that the model’s performance is tightly coupled to the specific
preprocessing pipeline, highlighting a critical point of failure.

Future work must prioritize addressing these challenges. Key endeavors should include the development
of robust, ECG-free segmentation algorithms and the design of models that are inherently resilient to
processing artifacts, potentially through ‘processing-aware’ data augmentation. Ultimately, extensive clinical
validation on large-scale, multi-source patient datasets will be essential for building truly generalizable
classifiers. The insights gained from this study lay a strong foundation for the continued advancement of
automated cardiovascular diagnostics, contributing to improved patient outcomes and the broader field of
medical machine learning.
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