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Abstract: Heart disease has emerged as a major global public health concern, driven by poor
dietary habits, unhealthy lifestyle choices, and limited health awareness. Accurate diagnosis
of cardiac conditions remains challenging for hospitals and clinical institutions. Hypertrophic
cardiomyopathy is an autosomal dominant disorder caused by mutations in sarcomere protein
genes that affect the contractile function of cardiac muscle. With the growing adoption of
digital health systems, large volumes of patient data are now collected and stored, providing
opportunities for computational approaches to support clinical decision making. Machine
learning methods have become increasingly important for analysing complex and nonlinear
patterns in medical data. This study presents an ensemble-based approach for heart sound
classification and introduces an Extended Long Short-Term Memory (xLSTM) model for the
detection of cardiac abnormalities. The method was evaluated using acoustic features extracted
from phonocardiogram recordings. The proposed model achieved 96.93% accuracy, 93.50%
sensitivity, and 99.63% specificity, indicating strong performance in distinguishing normal
and abnormal heart sounds. In comparison with previously reported techniques, the ensemble
strategy and the xLSTM architecture provided improved accuracy. Model performance was
assessed using accuracy, precision, recall, and F1 score, confirming the effectiveness of the
proposed approach for automated heart sound analysis.

Keywords: acoustic signal analysis; cardiomyopathy; deep learning; extended long
short-term memory; heart sound classification; machine learning; phonocardiogram

1. Introduction

The human heart is a vital organ responsible for circulating blood throughout the
body by pumping it through a network of arteries, veins, and capillaries. Despite
its essential role, the heart is highly vulnerable to disease and structural damage.
As described by King and Lowery [1], heart disease interferes with the pumping
mechanism of the heart and contributes to cardiac dysfunction. Cardiovascular
disease encompasses a wide range of conditions that impair cardiac performance, and
symptoms commonly include fatigue, swollen extremities, muscular weakness, and
shortness of breath [2]. Major risk factors include smoking, elevated blood pressure,
sedentary lifestyle, and high cholesterol levels [3, 4]. According to the World Health
Organization, cardiovascular disease remains the leading cause of mortality worldwide,
accounting for approximately 32 percent of all deaths, or nearly 18 million fatalities
each year [5]. Coronary artery disease continues to be the most prevalent form of
cardiovascular disorder and presents a significant public health concern [6,7].
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Abnormal heart sounds, particularly those associated with hypertrophic
cardiomyopathy, arise when turbulent blood flow interacts with cardiac valves or
when high-speed flow occurs across the aortic valve during systole [8]. Valve leakage
or incomplete closure may also produce distinct acoustic patterns, and additional
abnormal sounds can indicate more advanced cardiac conditions due to irregular
ventricular flow [9,10]. Other irregularities, including extrasystoles and artifacts, further
complicate the acoustic profile of cardiac recordings [11]. Distinguishing normal from
abnormal heart sounds is, therefore, a complex task that requires considerable clinical
experience and specialized training [9,10].

Advances in computational modelling have encouraged the use of machine
learning techniques for automated cardiac sound analysis. Long Short-Term Memory
networks have been successfully applied in many sequence-based tasks [12–14], and
remained widely used until the emergence of Transformer based models [15]. Their
effectiveness has been demonstrated in applications such as text generation [16, 17],
handwriting synthesis [16], sequence translation [18], program evaluation [19], image
captioning [20,21], rainfall runoff modelling [22,23], and hydrological forecasting [24].
These networks are also used in reinforcement learning systems such as OpenAI Five
and AlphaStar [25]. Their strong performance in modelling temporal patterns makes
them well suited for analysing the dynamic characteristics of phonocardiogram signals.

Heart sound recordings represent non stationary acoustic signals influenced by
physiological, environmental, and instrumental factors. Consequently, computational
models must be capable of extracting meaningful information from variable and
noisy data. The development of advanced deep learning architectures provides
opportunities to enhance automated detection of abnormal heart sounds. This study
investigates the use of an Extended Long Short-Term Memory model for heart sound
classification and evaluates its performance using multiple acoustic features derived
from phonocardiogram recordings.

2. Acoustic signal processing background

According to Shinde and Lavanya [26], the Detailed Residual Network, also
known as DRN, is trained using the Jellyfish Search Optimizer (JSO) method at the
final stage of the heart disease diagnosis process, when the DRN performs the detection
of cardiac illness. The proposed DRN JSO approach achieved improved performance
measures, including a true positive rate of 82.65%, an F1 score of 83.65%, an accuracy
of 84.65%, and a Matthews correlation coefficient of 85.65%.

Ainiwaer et al. [27] reported that the VGG 16model performed better than ResNet
18 and CNN 7 for heart sound analysis. In the test set, VGG 16 recorded area under
the curve values of 0.755 (95% confidence interval 0.614 to 0.819) and 0.652 (95%
confidence interval 0.554 to 0.770), while VGG 16 alone achieved an area under the
curve of 0.834 (95% confidence interval 0.736 to 0.930). The model demonstrated
a sensitivity of 8.04 percent and a specificity of 86.2%. When combined with PTP
scores, the diagnostic performance improved, with area under the curve values reaching
0.908 (95% confidence interval 0.845 to 0.971) and 0.915 (95% confidence interval
0.855 to 0.974) for the combined VGG and DF score model. In individuals with three
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vascular lesions and coronary artery obstruction, VGG 16 demonstrated sensitivity and
specificity values greater than 0.85.

According to Ren et al. [28], wavelet transformation presents challenges
because selecting an appropriate wavelet function requires extensive empirical analysis.
However, recent progress in deep learning makes it possible to extract heart sound
features without expert-based selection. Higher level representations of the heart
sounds can be obtained automatically from pretrained convolutional neural networks
and then provided to a support vector machine classifier. Tolic et al. [29] introduced
chrono initialized Long Short Term Memory networks with layer normalization that
improved learning stability for sequential acoustic signals. However, Ghosh et al. [30]
noted that class imbalance remains a significant challenge in deep learning models for
heart sound classification and may require additional optimization strategies

Fernando et al. [31] proposed an attention based deep learning model for heart
sound segmentation using a sequence-to-sequence strategy. Their model outperformed
several advanced baseline approaches. Amiriparian et al. [32] demonstrated the use
of an auto encoder based recurrent neural network for unsupervised representation
learning, showing the effectiveness of such methods for heart sound analysis.
Similarly, Vinay et al. [33] proposed an RNN Bi LSTM based multi decision
generative adversarial approach for cardiovascular disease recognition, emphasizing
the importance of feature optimization in improving classification performance. Aji
et al. [34] further showed that a combined CNN and Long Short Term Memory
architecture can effectively capture both local and temporal patterns in heartbeat sound
classification. Rizal et al. [35] demonstrated that Hjorth features combined with an
LSTM RNN classifier can accurately differentiate normal and abnormal heart sounds.

Zeinali and Niaki [36] showed that classical signal processing combined
with conventional machine learning algorithms remains effective for heart sound
classification, particularly in controlled acoustic conditions. According to Latifi et
al. [37], the general block diagram of the Multi Branch Deep Convolutional Neural
Network model is to enhance the efficiency of convolutional neural networks in audio
processing, filters such as 1 by 3 or 1 by 5 are used to capture high frequency patterns
and local details. Larger filters such as 1 by 11 or 1 by 9 can capture broader patterns
that occur less frequently. Using multiple convolutional layers with different filter
sizes and filter counts enables the model to learn a rich multi scale representation
of the input audio signal. The optimal filter sizes and configurations are obtained
through meta parameter searches and experimentation with various convolutional
neural network architectures.

The design of an effective one-dimensional convolutional neural network for
audio processing requires careful consideration of the architecture, training strategy,
and data preparation procedure. By testing multiple configurations, one dimensional
convolutional neural network can accurately represent audio signals and perform
reliable classification. The dataset must be divided into training, validation, and test
sets. The model is trained using the training set, the validation set is used to tune
parameters and select the optimal configuration, and the test set is used to assess final
performance.

3



Sound & Vibration 2026, 60(4), 1706.

3. Materials and methods

3.1. Dataset and data preparation
The heartbeat sound dataset used in this research was obtained from the “Kaggle

data science community,” where the original samples were separated into two datasets
(set a and set b) for preprocessing. The complete dataset was then divided into training
and test sets, and the unlabeled samples were included in the test set for prediction.

In addition to this dataset, the PhysioNet CinC 2016 dataset [38] was used. This
dataset consists of 4,430 recordings from 1,072 subjects, containing a total of 233,512
heart sounds. The recordings originate from six different sources (A, B, C, D, E, and
F), with durations ranging from five seconds to more than twenty seconds. These
include participants with coronary artery disease, heart valve disease, and healthy
individuals. The dataset provides two major classes, normal and abnormal, and
was further adapted into four categories for this study, which are artifact (class 0),
hypertrophic cardiomyopathy (class 1), normal (class 2), and extrahls (class 3).

All sound recordings were standardized to a duration of five seconds. Any
recording shorter than five seconds was removed to ensure uniformity and compatibility
with the feature extraction process.

3.2. Preprocessing and feature extraction
The preprocessing stage began with down sampling the phonocardiogram signal

to 1 kHz using a polyphase antialiasing filter. An example of the preprocessed heart
sound waveform from the PhysioNet CinC 2016 dataset is shown in Figure 1. This
step ensured that the most relevant diagnostic frequency components were retained
while reducing computational load.

Figure 1. Preprocessed acoustic waveform of a heart sound recording from the PhysioNet
CinC 2016 dataset [39].

Mel frequency cepstral coefficients (MFCC) were extracted as the main features.
The MFCC represent the cosine transform of the short duration logarithmic power
spectrum on a nonlinear Mel frequency scale. As reported by Deng et al. [39] and
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Nogueira et al. [40], theMFCC are widely used in audio analysis due to their alignment
with human auditory perception and their ability to capture the most informative
spectral components. An example MFCC representation of the heart sound is shown in
Figure 2.

Figure 2. Mel frequency cepstral coefficient features (MFCC) extracted from the heart sound
recording.

Dynamic and static Welch methods were applied to enhance power spectrum
estimation. These feature maps were then used as input representations for the deep
learning model.

3.3. Model architecture
Sequential data recorded across multiple time intervals were processed using a

stacked Long Short-Term Memory (LSTM) model. The architecture of the proposed
stacked LSTM model is shown in Figure 3, where multiple concealed LSTM layers
are arranged to capture temporal patterns. Each layer contains multiple memory cells
that allow the model to generate a single representative output for each processed
three-dimensional input sequence.

Figure 3. Flow of the proposed stacked LSTM model for heart sound classification.
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To address the limitations of the standard Long Short-TermMemory, the Extended
Long Short-Term Memory (xLSTM) architecture was introduced. This architecture
enhances the standard LSTM formulation (Equation (1)) by including two new variants:

• sLSTM, which uses scalar memory with scalar updates and memory mixing;
• mLSTM, which uses matrix memory with a parallelizable covariance update

method.

it = σ
(
Wixt + Uih{t−1} + bi

)
ft = σ

(
Wfxt + Ufh{t−1} + bf

)
ot = σ

(
Woxt + Uoh{t−1} + bo

)
ĉt = tanh

(
Wcxt + Uch{t−1} + bc

)
ct = ft ⊙ c{t−1} + it ⊙ ĉt

ht = ot ⊙ tanh (ct) .

(1)

Both sLSTM and mLSTM apply exponential gating to improve memory
regulation. The mLSTM removes hidden to hidden memory mixing to enable parallel
execution, while the sLSTM retains memory mixing across scalar memory cells.
These components, together with the residual blocks and multi head structures, form
the Extended Long Short-Term Memory family, illustrated in Figure 4.

Figure 4. Overview of the extended long short term memory (xLSTM) architecture and its
variants.

3.4. Training and evaluation procedure
The dataset was divided into training, validation, and test sets before model

training. The stacked Long Short-Term Memory (LSTM) and Extended Long
Short-Term Memory (xLSTM) models were trained in a supervised manner. The
models were applied to both labeled and unlabeled samples, where a random unlabeled
sample was selected to estimate its class label.

Several machine learning algorithms were used as comparison methods, including
Naive Bayes, Convolutional Neural Network, Support VectorMachine, RandomForest,
Bagging, and Boosting. An artificial neural network was also used to extract MFCC
features for classifying normal and abnormal heart sounds.

To improve generalization, dropout layers, sigmoid gating with L2 regularization,
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and batch normalization were incorporated. Greater model depth allowed extraction of
both low frequency and high frequency features, resulting in improved classification
accuracy.

3.5. Baseline models for comparison
Multiple baseline methods from recent literature were used to benchmark

performance. These include one dimensional Convolutional Neural Network,
multilayer perceptron, and multi branch Convolutional Neural Network architectures,
along with classical machine learning classifiers. Studies by Shinde and Lavanya [26],
Ainiwaer et al. [27], and Ren et al. [28], demonstrate the effectiveness of these models
in heart sound analysis tasks. These baselines provided a framework for evaluating the
robustness of the proposed Extended Long Short-Term Memory model.

3.6. Performance metrics
The performance was evaluated using accuracy (ACC), sensitivity (SEN),

specificity (SPC), and precision (PPV), which were computed using Equations (2)–(5).
The F measure (F1 score), derived from sensitivity and precision, was computed using
Equation (6). The kappa coefficient (Equation (7)) was also used to measure classifier
agreement, where a value of 1 represents perfect agreement. Before presenting the
equations, the following terms are used throughout the metric definitions:

• TP (True Positive): Cases where abnormal heart sounds were correctly classified
as abnormal.

• TN (True Negative): Cases where normal heart sounds were correctly classified as
normal.

• FP (False Positive): Cases where normal heart sounds were incorrectly classified
as abnormal.

• FN (False Negative): Cases where abnormal heart sounds were incorrectly
classified as normal.

The indications listed above may be expressed as follows:

ACC (%) =
(TP + TN)

(TP + TN + FP + FN)
× 100, (2)

SEN (%) =
TP

(TP+ FN)
× 100, (3)

SPC (%) =
TN

(TN+ FP)
× 100, (4)

PPV (%) =
TP

(TP+ FP)
× 100, (5)

where the numbers for TP, TN, FP, and FN, respectively, are represented by the
variables, F-measure, also known as the F1-score, is another well-known metric that
was influenced by SEN and PPV metrics. It is computed as follows:

F1-score(%) = 2 ×
(
PPV× SEN
PPV+ SEN

)
× 100. (6)
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And the kappa coefficient, defined as follows, is also used:

Pe = Σ

[
(rowi × columni)

N2

]
. (7)

4. Experimental results

Information and preparation of the heart sound recordings were carried out using
data collected from a wide range of participants worldwide in both clinical and
non-clinical environments. These participants included individuals with coronary
artery disease and heart valve disease as well as healthy subjects. The PhysioNet CinC
2016 dataset [39], which contains 4,430 recordings from 1,072 subjects and a total of
233,512 heart sounds, was used in this research. The dataset consists of two classes,
normal and abnormal, and includes recordings from six different sources (A, B, C, D,
E, and F) with lengths ranging from five seconds to more than twenty seconds.

The inclusion of both normal and abnormal heart sound recordings allowed
assessment of the model’s capability to detect and categorize anomalies, which is
essential for improving the precision of any machine learning model. All signals were
standardized to a duration of five seconds, and recordings shorter than five seconds
were excluded before the experimental analysis.

Evaluation results
The proposed Extended Long Short-Term Memory (xLSTM) model achieved

strong performance across several evaluation metrics. Using the accuracy, sensitivity,
specificity, precision, F measure, and kappa coefficient, the model attained 96.93%
accuracy, 93.50% sensitivity, and 99.63% specificity on the test dataset. These results
demonstrate that the model was able to correctly classify a high proportion of both
normal and abnormal heart sound samples.

The confusion matrix for the preprocessed xLSTM model is presented in Figure
5. This matrix illustrates the distribution of true and predicted classes and highlights
how effectively the model distinguishes between the four categories used in this study.
The high number of true positive and true negative predictions supports the reliability
of the model in identifying heart sound patterns.

The model demonstrated superior performance in feature extraction, network
design, and classification compared to several alternative methods. It effectively
addressed challenges such as low signal to noise ratio, variability in heart sound
recordings, and limited labeled data. The deeper architecture of the model contributed
to improved performance, as larger filters extracted low frequency features while
smaller filters extracted high frequency features. The multi branch structure further
enhanced classification accuracy, and the use of dynamic and static Welch methods
provided improved power spectrum estimates that served as valuable input features for
the deep learning approach.

Although the sensitivity and specificity values remain below the thresholds
required for clinical diagnostic use, Short Time Fourier Transform based features
clearly improved the differentiation of normal and pathological heart sound signals.
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The comparison between the Multi Branch Deep Convolutional Network and the
xLSTM model confirmed the strong performance of the proposed design and
demonstrated its potential usefulness in automated cardiac sound analysis.

Figure 5. Confusion matrix showing the classification performance of the preprocessed
extended long short term memory (xLSTM) model.

5. Discussion

The results show that the proposed Extended Long Short-TermMemory (xLSTM)
model achieved strong performance in the classification of heart sounds, with an
accuracy of 96.93%, a sensitivity of 93.50%, and a specificity of 99.6%. These
values indicate that the model can reliably distinguish between normal and abnormal
cardiac sounds across multiple recording conditions [41]. The deeper architecture,
which incorporates both small and large filters, helped extract low-frequency and
high-frequency acoustic patterns, while the dynamic and static features from the
Welch method improved the power spectrum representation of the phonocardiogram
signal. These elements contributed to the overall improvement in classification
performance [42].

When comparing the proposed method to previous techniques, the findings
align with earlier work demonstrating the effectiveness of deep neural networks for
cardiac sound analysis. Several prior studies, including the models proposed by
Shinde and Lavanya [26], Ainiwaer et al. [27], and Ren et al. [28], reported
that convolutional and recurrent neural network architectures outperform traditional
feature-based approaches. Consistent with these earlier findings, the xLSTM model
used in this study demonstrated the benefit of improved memory representation and
temporal modeling in acoustic classification tasks. As noted in the comparative
approaches evaluated in this research, these techniques mimic the processing of
complex sound information in the human auditory system and can be used to identify
abnormal sounds associated with cardiovascular disease.
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Although the results are promising, the sensitivity and specificity values have
not yet reached a level suitable for clinical diagnosis. Variability in recording
conditions, differences in patient physiology, and the presence of noise within the heart
sound recordings may affect performance. Future work may focus on incorporating
additional acoustic features, expanding the dataset, and refining the model to improve
its generalization in real world environments.

6. Conclusion

This study presented an Extended Long Short-Term Memory (xLSTM) model for
the classification of heart sounds using acoustic features derived from phonocardiogram
recordings. The model achieved 96.93% accuracy, 93.50% sensitivity, and 99.63%
specificity, demonstrating strong capability in identifying normal and abnormal cardiac
sounds across multiple recording conditions. The use of deeper memory-based
architecture, combined with Mel frequency cepstral coefficients and enhanced power
spectrum estimates, contributed to improved feature representation and more reliable
classification.

The findings confirm the value of advanced deep learning approaches in
processing non stationary acoustic signals such as heart sounds. Compared with
previous methods reported in the literature, the proposed model shows competitive
and, in several cases, superior performance, highlighting its potential use as a
supportive tool in automated cardiovascular screening. Although the current outcomes
do not meet clinical diagnostic requirements, the approach offers a solid foundation
for further development.

Future work may include expanding the dataset, incorporating additional acoustic
features, exploring attention-based mechanisms, and evaluating performance in real
world environments. These improvements may enhance the generalization of the
system and support the design of more robust and clinically relevant heart sound
analysis tools.
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