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Abstract 

Heart failure (HF) is a critical medical illness that can be deadly if not diagnosed or predicted in time, as it 

results from the heart's inability to pump enough blood throughout the body. Traditional diagnostic tools such 

as electrocardiograms (ECGs), phonocardiograms (PCGs), and stethoscopes have been inadequate for early 

detection of heart failure. This study leveraged recorded heart-sound data from an electronic stethoscope, 

converting it into NumPy arrays using Mel-Frequency Cepstral Coefficients (MFCC) to predict heart failure 

using machine learning (ML) algorithms. The study utilized four ML algorithms: Random Forest (RF), Support 

Vector Machine (SVM), Gradient Boosting (GB), and Extreme Gradient Boosting (XGBoost). The dataset, 

comprising 13 MFCC-derived audio features for 300 subjects, was split into 80% for training and 20% for 

testing using 10-fold cross-validation. To ensure the validity of the reported performance and prevent data 

leakage, strict patient-wise data separation was enforced, and no feature engineering was conducted after the 

split.  The ML models' performance was assessed using accuracy, sensitivity, precision, specificity, F1-score, 

precision-recall curve, and Area Under the Curve (AUC) to identify the most accurate model. SVM and 

XGBoost emerged as the most accurate models in the testing set, achieving 100% accuracy across all metrics 

and the highest AUCs of 100% for RF, SVM, and XGBoost. Based on heart sound data and ML models, the 

proposed study has demonstrated superior predictive performance for HF compared with previous studies. 
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1. INTRODUCTION 

 

Heart Failure (HF) is a serious health condition 

in which the heart fails to pump enough blood to 

meet the body's metabolic needs [1]. This failure can 

be the result of several risk factors, such as obesity, 
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high blood pressure, coronary artery disease (CAD), 

heart infections, heart valve stenosis, and hereditary 

heart disease (HD) [2]. Symptoms of HF are evident, 

such as shortness of breath, chronic dry cough, 

extreme fatigue, swollen feet and legs, and heart 

palpitations. There is also a so-called Ejection 

Fraction (EF), which expresses the ability of the left 

ventricle to pump blood with each contraction and is 

measured as a percentage; if the percentage is less 

than 40%, it indicates that the person has HF. 

However, if the percentage exceeds 40%, the person 

does not have HF [3, 4]. Laboratory tests analyzing 

blood protein levels, such as natriuretic peptides 

(BNP and N-terminal ProBNP) [5], 

echocardiography [6, 7], and electrocardiography 

[8], are commonly used for diagnosis. HF can be 

treated with lifestyle changes, appropriate 

medications, and, in some cases, corrective surgery. 

HF can also be prevented by exercising routinely, 

eating healthy foods, and avoiding smoking and 

alcohol [9]. 

Statistics show that deaths from HF are worrying, 

with the disease being a leading cause of death 

globally [10]. A recent examination of UK primary 

care data indicated that the number of persons with 

HF increased by 23% between 2002 and 2014, from 

750,125 to 920,616, constituting 1.4% of the 

population [11]. HF is a rapidly progressing disease 

that affects 26 million people worldwide and is 

growing [12].  

Machine learning (ML) techniques can enhance 

HF prediction and treatment by pinpointing high-risk 

factors and generating precise profiles. These 

models assist with risk screening and classification, 

suggest suitable tests, alleviate doctors' workload, 

and conserve resources. Consequently, they can 

reduce mortality from HF and improve patients' 

quality of life. Moreover, individuals should prevent 

HF by maintaining a healthy lifestyle and taking care 

of their health. 

Chowdhury et al. [13] introduced a prototype of 

an innovative digital stethoscope designed to 

monitor and diagnose heart sounds continuously in 

real time. It addresses the need for a portable, 

intelligent system for early detection of 

cardiovascular disease (CVD). The stethoscope 

captures heart sounds, filters them, and wirelessly 

transmits them to a computer for analysis. The 

system comprises two subsystems: one for sensing 

and one for intelligent detection. Acoustic signals are 

acquired, amplified, filtered, and converted by an 

Arduino microcontroller before being sent to a 

computer via Bluetooth for MATLAB processing. 

The system achieved 88% accuracy in classifying 

normal heart sounds and 97% in detecting abnormal 

heart sounds. It offers high accuracy in early CVD 

detection with low-power wireless connectivity for 

real-time analysis. However, potential disturbances 

in radio communication and the absence of 

comparisons with other methods in the field hinder 

the model's evaluation. 

Omarov et al. [14] discussed the development of 

a digital stethoscope prototype to diagnose heart 

abnormalities in real time and employ ML 

techniques. The research proposed an early warning 

device that detects cardiac irregularities via acoustic 

changes, addressing the challenges of dynamic 

auscultation and reliance on echocardiography. The 

system comprises three subsystems: a portable 

electronic stethoscope, an ML decision-making unit 

to differentiate between normal and abnormal heart 

sounds, and a results presentation and visualization 

unit. The 15-second portable device diagnoses 

normal and abnormal heart sounds with over 90% 

accuracy, including 93.5% for normal and 93.25% 

for abnormal. It supports remote monitoring. It 

cannot determine the need for heart surgery and is 

expensive, which may limit its use. 

Zeinali and Niaki [15] proposed analyzing 

stethoscope heart sounds using signal processing and 

ML algorithms to improve CVD diagnosis. This 

novel method classified heart sounds into multiple 

categories, unlike previous studies that classified 

them as normal or abnormal. The researchers used 

classifiers such as Gradient Boosting (GB), support 

vector machine (SVM), RF, and genetic algorithms 

for feature selection. The dataset was aggregated 

using K-means and DbScan. Their method achieved 

87.5% accuracy on multi-class data and 98% 

accuracy on binary classification. GB led with 

87.5% accuracy, followed by RF (81.25%) and SVM 

(75%). The algorithms' advanced feature selection 

methods performed better on multi-featured datasets 

than traditional methods. However, accuracy 

declined as the number of input variables increased. 

Ali et al. [16] introduced Lu-Net, a Deep 

Learning (DL) based noise reduction model, to 

improve HD detection using stethoscope-recorded 

heart sound signals. Lu-Net addresses environmental 

and physiological noise in these signals. It employs 

a convolutional deep-decoding architecture with 

bidirectional long short-term memory (Bi-LSTM) to 

capture rhythmic patterns in heart sounds, 

outperforming current U-Net and Full Convolutional 

Network models, achieving significant signal-to-

noise ratio (SNR) improvements. Lu-Net achieves 

an average SNR improvement of 5.613 dB and 1.750 

dB, respectively, using only 1.32 M parameters. It 

also enhances classification accuracy for detecting 

HD in noisy environments, particularly in the 

PASCAL cardiac sounds dataset. However, its high 

computational complexity may limit its real-time 

applicability in resource-constrained settings. 

Sinha et al. [17] proposed the convolutional-

random forest (Conv-RF) model for the 

classification and analysis of valvular heart disease 

(VHD). To solve VHD classification problems using 

DL, the model uses a CNN-based SqueezeNet and 

an RF classifier. The goal was to classify seven heart 

valves using model strengths. The researchers used 

an ESP32-powered electronic stethoscope and a 

Raspberry Pi. The Conv-RF model improved feature 

extraction and classification. SqueezeNet achieved 
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98.65% accuracy, and Conv-RF achieved 99.37%, 

demonstrating high sensitivity and privacy across 

datasets. The system outperformed individual 

models and other modern approaches regarding 

accuracy, cost-effectiveness, portability, and 

suitability for real-time applications. However, it 

exhibited limitations in eliminating ambient noise 

and noise from microphone movement during 

auscultation. 

Nishitha and Chittesh [18] introduced a novel 

ML-DL method to detect chronic heart failure (CHF) 

from heart sounds. The lack of automated methods 

for detecting heart sounds in CHF motivated the 

work. The researchers wanted to improve heart 

sound classification by providing a reliable detection 

method. ML methods with diverse features and DL 

methods based on signal-time spectroscopy are used. 

A high accuracy of 96.34% and a low error rate of 

3.76% were achieved on 6 PhysioNet datasets with 

947 participants and one personal dataset. The 

method outperforms others, highlighting its efficacy 

in classifying various heart sounds. However, 

limitations include sparse data, which can limit its 

applicability, and a focus on accuracy without 

addressing sensitivity, privacy, or other criteria. 

In this paper, the heart sound data were collected 

from an electronic stethoscope to predict HF. Section 

1 provides an introduction and an extensive review 

of previous studies on HF prediction, comparing 

various ML and DL techniques, including the 

number of data points, ML type, and limitations. 

Section 2 discusses the concept of heart sounds, data 

characteristics, features used, electronic 

stethoscopes, and data preprocessing in Python. 

Section 3 details each algorithm used. Section 4 

elaborates on the evaluation of performance metrics. 

Sections 5, 6, and 7 present and compare the results 

based on known performance metrics, confusion 

matrices, the area under the curve (AUC), and 

precision-recall curves. The best ML algorithm 

prediction accuracy is also compared with previous 

studies. Finally, Section 8 presents a conclusion for 

this paper. 

The contributions of this paper are as follows: 

1. An electronic stethoscope system was 

implemented to record heart sounds, using ML 

algorithms and Python to predict HF in real time.  

2. Heart sound data were collected from healthy and 

unhealthy individuals using an electronic 

stethoscope, then trained and evaluated using ML 

algorithms.  

3. Four ML algorithms were assessed using various 

performance metrics to identify the one with the 

highest prediction accuracy. 

4. It was found that GB, RF, and Extreme Gradient 

Boosting (XGBoost) achieved 100% accuracy, 

surpassing the other algorithms used in earlier 

studies and outperforming the models used in this 

paper. 

Table 1 summarizes previous studies by their 

methods, accuracy, and limitations.   

 
Table 1. Summary of related works 

Study Methodology Accuracy Limitations 

Chowdhury 

et al. [13] 

Arduino-based digital stethoscope, 

Bluetooth transmission, and 

MATLAB processing for 

intelligent detection. 

88% (Normal)  

97% (Abnormal) 

• Potential radio communication 

disturbances.  

• Lack of comparison with other 

existing methods. 

Omarov et 

al. [14] 

A portable electronic stethoscope 

with a Machine Learning (ML) 

decision-making unit for a 15-

second diagnosis. 

93.5% (Normal) 

93.25% (Abnormal) 

• High cost. 

• Cannot determine the need for 

heart surgery. 

Zeinali & 

Niaki [15] 

Signal processing, K-

means/DbScan for clustering, and 

classifiers such as Gradient 

Boosting (GB), RF, and SVM. 

98% (Binary classification), 

87.5% (Multi-category via GB) 

• Accuracy declines as the 

number of input variables 

increases. 

Ali et al. 

[16] 

Lu-Net: A Deep Learning noise 

reduction model using 

convolutional deep-decoding and 

Bi-LSTM. 

Average SNR improvement of 

5.613 dB & 1.750 dB 

(Improves classification in 

noisy environments). 

• High computational complexity, 

which may limit real-time use 

in resource-constrained settings. 

Sinha et al. 

[17] 

Conv-RF model: Combining 

CNN-based SqueezeNet with a 

Random Forest classifier using 

ESP32 and Raspberry Pi. 

98.65% (SqueezeNet), 99.37% 

(Conv-RF) 

• Limitations in eliminating 

ambient noise and microphone 

movement artifacts during 

auscultation. 

Nishitha & 

Chittesh 

[18] 

Hybrid ML (with diverse features) 

and DL methods based on signal-

time spectroscopy. 

96.34% accuracy (on 

PhysioNet and personal 

datasets) 

• Sparse data may limit wider 

applicability. 

• Focuses only on accuracy 

without addressing sensitivity 

or privacy. 
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2. METHODOLOGY 

 

This section presents the dataset used in this 

paper, outlining its main characteristics, source, and 

relevant details. It also provides an overview of the 

variables used to predict HF, which are crucial for 

understanding patients' conditions and improving 

prediction accuracy. In addition, the ML algorithms 

used to train and evaluate the dataset are described, 

highlighting their strengths and relevance to the 

research. These algorithms were chosen to ensure 

comprehensive data analysis. Furthermore, the 

performance of various models is evaluated and 

compared using metrics such as accuracy, precision, 

recall, and F1-score to determine the most effective 

algorithm for predicting HF. This evaluation offers 

valuable insights into the algorithms' predictive 

capabilities and potential real-world applications. 

 

2.1. Concept of Heart Sound 

Heart sounds can be heard with a stethoscope. 

These sounds result from blood flow through the 

heart chambers and heart valve closure during its 

cycle [19]. There are four main heart sounds, 

commonly referred to as first (S1), second (S2), third 

(S3), and fourth (S4). The S1 and S2 are normal heart 

sounds, while S3 and S4 are abnormal.  

There are four main areas on the patient's chest 

where the electronic stethoscope is placed to record 

heart sounds, as illustrated in Figure 1. These areas 

are as follows:  

1. Aortic Area: located on the right side of the 

sternum, in the space between the second and 

third ribs. The aortic valve sound is heard here. 

2. Pulmonary Artery Area: It is located on the left 

side of the sternum, in the space between the 

second and third ribs. The pulmonary valve 

sound is heard here.  

3. Tricuspid Area: It is located on the lower side of 

the sternum, in the space between the fourth and 

fifth ribs. The mitral valve sound is heard here. 

4. Mitral Area: Located on the left side of the chest, 

between the fifth and sixth ribs, slightly to the 

left. The mitral valve sound is heard here. 

These areas help identify and evaluate heart 

sounds that indicate heart valve function and 

diagnose potential problems such as valve stenosis 

and regurgitation. 

 
Fig. 1. Heart auscultation areas [19] 

2.2. Normal Heart Sounds 

The S1, commonly known as (lub), is produced 

by the closure of the mitral (M1) and tricuspid (T1) 

valves. The tricuspid valve closes immediately after 

the mitral valve, so the two sounds appear as a single 

sound. Due to the larger diameter of the 

atrioventricular (AV) valves, S1 has a low-pitched 

tone best heard with the stethoscope. The anatomical 

complexity of the AV valve mechanism also 

contributes to the longer S1 duration compared to S2 

[19]. S1 represents the beginning of pumping blood 

from the ventricles to the arteries.  

The S2, often called the “dub”, occurs at the start 

of diastole when the semilunar valves close. S2 is 

characterized by a higher pitch and shorter duration, 

making it best heard with the diaphragm of a 

stethoscope because of the significant pressure 

differences that cause the valves to close. This sound 

is produced by the closure of the aortic (A2) and 

pulmonic (P2) valves. During inspiration, A2 and P2 

can sometimes be heard as separate sounds. The 

splitting of S2 happens because the pulmonic valve 

closes later, and the aortic valve closes earlier. In the 

breath-in, the reduced pressure in the thoracic cavity 

allows more blood to flow into the pulmonary 

circulation from the right ventricle, prolonging the 

right ventricular systole and delaying the P2 sound. 

Additionally, the increased pulmonary vascular 

capacity during inspiration reduces venous return to 

the left atrium, shortening left ventricular systole and 

causing the A2 sound to occur earlier. In cases where 

the aortic valve closure is delayed, paradoxical 

splitting of S2 occurs, where P2 is heard before A2 

[19]. 

 

2.3. Abnormal Heart Sounds 

In certain cases, S3 (lub-dub-ta) can be detected 

in normal individuals. It is a low-pitched sound that 

occurs early in diastole and is best heard near the 

heart’s apex, as presented in Figure 2. S3 is 

generated by vibrations resulting from rapid 

ventricular filling. In children and adults, S3 is often 

considered normal after exercise [19]. However, it 

can indicate the presence of HF in adults.  

 
Fig. 2. Diagram of heart sounds [13] 

 

S4 (ta-lub-dub) can occur due to atrial systole. 

This low-pitched sound arises during the late 

diastolic or presystolic phases, as depicted in Figure 

2, while S4 is commonly heard in young children. In 

adults, it is often linked to CVD. S4 may be absent 

in individuals with atrial fibrillation, leading to a loss 

of the atrial kick. In cases of tachycardia, S4 and S3 
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can merge, creating a summation gallop [19]. This 

sound is usually heard in patients with ventricular 

wall stiffening, such as in cases of high blood 

pressure or ventricular hypertrophy. 

 

2.4. Heart Sounds Data for HF Prediction 

Figure 3 illustrates an integrated process that 

begins with collecting heart sound data from 

electronic stethoscopes via Bluetooth, which is then 

sent to an application on the smartphone. From there, 

the data is transmitted to a computer for analysis and 

extraction of important features using ML 

algorithms. These features are then used to train 

predictive models, which are evaluated using various 

performance metrics to ensure accuracy. Ultimately, 

the trained models are used to predict HF, 

contributing to early and accurate diagnosis of the 

condition. 

 
Fig. 3. Block diagram of heart-sound data collected by an 

electronic stethoscope for predicting heart failure 
 

2.4.1. Feature Extraction from Heart Sounds 

Variable extraction methods are crucial for 

effectively handling data by extracting pertinent 

variables. Mel Frequency Cepstral Coefficients 

(MFCC) [20] were employed to extract features 

from heart sounds in this context.  

 The MFCC [21] is an important feature 

extraction method in audio signal processing. 

Widely used in ML applications, speech recognition, 

voice biometrics, and speaker recognition. Below is 

an explanation of the key aspects of this technique: 

1. Mel-Frequency: the heard sound can consist of a 

wide range of frequencies with unequal energy at 

different frequencies. MFCC [9] technology 

aims to mimic how humans respond to sound, 

focusing on low frequencies rather than high, 

thereby representing frequencies more 

accurately. For this study, we chose to use MFCC 

because we are primarily interested in the low-

frequency components of heart sounds, where 

clinically relevant pathological sounds (S3 and 

S4) occur and where the sounds are not always 

easy for the human ear to hear. Hence, the low-

frequency part of the spectrum is suitable for 

targeting this specific heart failure classification 

problem. However, the presence of S3 and S4 

sounds is important in the clinical setting and 

could indicate a greater risk of heart failure. 

2. Cepstral: a concept in instantaneous 

transformation that represents the shifts in energy 

transactions in audio signals. Cepstral works to 

reduce the effects of unwanted sounds, such as 

noise and frequency distortions in the sound 

spectrum.  

3. Mel-Frequency Cepstral Coefficients: The main 

goal of MFCC technology is to extract 

coefficients that effectively represent the audio 

spectrum of the audio signal. These coefficients 

typically range from 13 to 40 and are used as 

input representations for ML models. In this 

paper, 13 coefficients are used. 

The selection of 13 MFCC coefficients is based 

on established standards in audio and biomedical 

signal processing. This value was chosen because it 

effectively captures the spectral envelope of cardiac 

sounds, which is critical for accurate pathology 

classification. At the same time, higher-order 

coefficients, which are often sensitive to recording 

noise, are excluded. Furthermore, the feature vector 

size is kept at 13 to provide a compact input space 

relative to the sample size (300), which helps prevent 

overfitting. Consequently, no additional 

dimensionality-reduction techniques, such as 

Principal Component Analysis, were required, as the 

feature space was already appropriately constrained 

for the classification models. 

 

2.4.2. Data Collection 

This section collected data from databases that 

record normal and abnormal heart sounds. This data 

includes recordings of about 300 heart sounds, 150 

normal and 150 abnormal. Using 10-fold cross-

validation, the data were divided into two groups: 

training (80%) and testing (20%), as shown in Table 

2. This data contains 13 MFCC features extracted 

from recordings, as illustrated in Table 3.  

 
Table 2. Splitting the heart sound data 

Category Normal Abnormal Total 

Train 120 120 240 

Testing 30 30 60 

 

One of the very important processes for testing 

the validity and accuracy of the system proposed in 

this paper is to obtain real-world data and feed it into 

the system to assess its ability to accurately predict 

HF. This data will be collected at the hospital from 

healthy people, consisting of heart-sound recordings 

from the electronic stethoscope. 

All recordings were gathered from different 

patients, confirming that no person contributed more 

than one recording to the dataset. It should be noted 

that detailed demographic information (including 

age range, sex distribution, and comorbidity profiles) 

was not uniformly available for all subjects in the 

utilized dataset. This represents a limitation of the 

current study, as such variables may influence the 

Extract features and 

Training Data using 

ML Algorithms

Collected Heart 

Sound Data using 

Electronic 

Stethoscopes

Evaluate Models 

using Performance 

Metrics

Predicting Heart 

Failure
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spectral characteristics of heart sounds and thereby 

affect model generalizability. Future work should 

incorporate datasets with comprehensive clinical 

metadata to assess the impact of demographic factors 

on prediction accuracy. 

 

2.5. Electronic Stethoscope 

This electronic stethoscope (Model HM-9260, 

illustrated in Figure 4) is used to auscultate changes 

in heart, lung, and other organ sounds. Details of the 

stethoscope are given in Appendix A. The 

stethoscope has two operating modes: APP 

auscultation mode and ordinary auscultation mode. 

If the Bluetooth indicator's blue light remains on 

after the stethoscope is turned on, it indicates the 

stethoscope is in APP auscultation mode. Mobile app 

operation manual: 

 
Fig. 4. Snapshot of an electronic stethoscope 

1. Connect the stethoscope: press and hold the 

volume (+) button for over 3 seconds, turn on the 

Bluetooth function of the stethoscope, open the 

APP, click the Bluetooth icon in the upper right 

corner, as shown in Figure 5 (a), enter the device 

management page, and click the scan button in 

the upper right corner. Scanning the 

stethoscope's QR code can quickly connect, as 

shown in Figure 5(b). If the stethoscope has been 

paired before, the paired mobile phone will 

automatically connect to it. A smartphone 

application changes the auscultation mode 

between the heart and lungs. When the heart 

sounds mode is on, the stethoscope will be 

orange; in the lung sounds mode, it will be blue, 

switching between them with the power button. 

If the Bluetooth indicator blinks slowly blue after 

turning on the stethoscope, it indicates the 

stethoscope is in normal auscultation mode. This 

mode allows the user to control stethoscope 

positions in the App by switching between 

interfaces, while the power button starts 

recording sounds, as shown in Figure 6 (a) and 

(b) 

Table 3 presents the complete feature matrix 

of 13 MFCC coefficients for all 300 subjects. The 

mean and standard deviation of each coefficient 

are provided in the summary row. Notably, 

MFCC #1 exhibits the largest absolute mean 

value and highest variability across subjects, 

reflecting the dominant low-frequency energy 

content of cardiac sounds. MFCC features #2 to 

#13 exhibit progressively smaller magnitudes, 

consistent with the decreasing contribution of 

higher-order cepstral coefficients to the overall 

spectral envelope. The data were collected from 

the Kaggle dataset, which indicates that 

recording times for each patient ranged from 5 to 

15 seconds. 

2. Recording and storage of cardiopulmonary 

sounds: By going to the home page of the App, 

clicking on (Start Auscultation), as shown in 

Figure 7 (a), to enter the (Patient Info) interface, 

as shown in Figure 7 (b), fill in the patient info, 

and click on (Next) to enter the auscultation 

interface. 

 

Table 3. Variables extracted from heart sound recordings 

No. 
MFCC 

HF 
#1 #2 #3  #4  #5 #6  #7 #8  #9  #10  #11 #12 #13 

1 -137.82 11.639 -0.128 0.939 -0.078 0.521 0.227 1.342 0.128 0.132 -0.283 0.019 0.403 0 

2 -139.81 10.891 -0.413 1.457 1.827 1.775 0.424 0.647 0.098 0.992 0.341 0.200 0.316 0 

3 -170.89 12.284 -0.539 2.883 1.139 1.317 0.711 1.167 0.076 1.294 0.758 0.054 0.422 0 

4 -144.37 12.281 -0.437 2.184 1.355 1.204 0.516 0.932 
-

0.148 
1.030 0.591 0.264 0.325 0 

5 -139.43 9.788 2.389 3.137 1.040 1.272 0.244 0.800 0.001 0.125 0.038 
-

0.406 
0.187 0 

... 

... 

... 

... 

... 

... 

... 

... 

... 

... 

... 

... 

... 

... 

... 

295 -245.53 35.176 17.573 -2.817 12.175 6.284 -2.578 1.880 5.319 -1.076 -1.246 0.925 0.278 1 

296 -243.36 35.803 18.166 -1.553 12.240 6.408 -2.082 1.729 5.380 -1.198 -1.142 0.872 -0.038 1 

297 -241.68 36.384 18.400 -0.867 12.213 6.511 -1.729 1.626 5.550 -1.149 -1.001 0.999 -0.180 1 

298 -245.74 35.117 17.584 -2.751 12.307 6.381 -2.587 1.968 5.363 -1.048 -1.095 1.047 0.412 1 

299 -250.29 33.939 16.537 -5.526 12.251 6.100 -3.606 2.327 5.204 -0.827 -1.393 0.987 1.018 1 

300 -246.55 35.108 17.556 -3.223 12.413 6.406 -2.731 2.131 5.469 -0.975 -1.304 0.929 0.378 1 
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(a)                                               (b) 

Fig. 5. Connect the stethoscope (a) home page  

and (b) scanning for stethoscope 

 

3. Audio analysis, annotation, and sharing 

• Click the label icon in the recording or playback 

interface, as shown in Figure 8 (a), to pop up the 

pathological sound type page. Users can select 

the corresponding pathological sound type. Users 

can also fill in or query relevant record 

information in the diagnostic report and 

description columns for follow-up tracking, as 

shown in Figure 8(b). 

• Press and hold the record on the playback page to 

share the recording, as shown in Figure 8(c). 

 
(a)                                   (b) 

Fig. 6. Modes of auscultation in a stethoscope  

(a) heart and (b) lung sounds 

 

 
(a)                                             (b) 

Fig. 7. Recording and storage of cardiopulmonary sounds 

(a) home page and (b) patient information 

 
(a)                              (b)                          (c) 

Fig. 8. Audio analysis: (a) playback sounds,  

(b) auscultation record, and (c) recording sharing 
 

3. ARTIFICIAL INTELLIGENCE 

ALGORITHMS 

 

Rapid advances in AI algorithms and systems 

signify a crucial technological leap in medicine [22]. 

This progress is not confined solely to medical 

applications. These algorithms are actively utilized 

to gain insights into diseases and disorders by 

analyzing available data [23]. Beyond medicine, 

their applicability extends to enhancing the 

understanding of human behavior and various 

systems, spanning disciplines such as AI and light-

based research [24]. This technology is poised to 

profoundly impact multiple aspects of life, including 

engineering and healthcare. Anticipated outcomes 

encompass significant advancements in scientific 

and medical domains driven by the evolution of AI 

algorithms [25]. Figure 9 illustrates the flowchart of 

the proposed research. The process begins with 

importing essential libraries and heart sound data 

from the computer. Next, data preprocessing steps 

are undertaken to find missing values and detect 

outliers, ensuring data quality. The dataset is split 

into training and testing sets, with 80% used for 

training and 20% for testing using 10-fold cross-

validation. Various ML models, including RF, SVM, 

XGBoost, and GB, are trained and validated on the 

data. The trained models are used to predict HF. The 

performance of these models is evaluated using 

metrics such as accuracy, precision, recall, and F1 

score. Additionally, results are visualized using a 

confusion matrix, an AUC curve, and a precision-

recall curve to understand model performance better. 

The process concludes with a comprehensive 

evaluation of the predictive models. 

The cause behind the use of ML in this work is: 

• The limited dataset size (300 samples) makes 

deep learning susceptible to overfitting without 

extensive augmentation.  

• Conventional ML models offer superior 

interpretability compared to deep neural 

networks. 

• The study serves as a foundational benchmark 

that quantifies the maximum achievable 
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performance with MFCC features before 

exploring more complex architectures.  

Start

Import Essential Libraries 

Data Preprocessing, Find Missing values, 

and Outliers Detection  

Split Data by 80% and 20% into training 

and validation sets, respectively. 

Training and Validation of Data Using RF, 

SVM, XGBoost, and GB Models

Prediction of HF

Performance Metrics Evaluation

Plot Confusion Matrix, AUC curve, and 

precision-recall curve

End

Import Heart Sound Data From 

Computer

 
Fig. 9. General flowchart of the proposed study 

 

3.1. Random Forest 

The RF is a model consisting of several decision 

trees developed by Breiman [26], where each tree is 

built from a random subset of the training data. The 

samples comprising this training data subset are 

randomly selected with replacement. Thus, some 

samples can be used repeatedly in the same tree. 

When a tree is divided, a random subset of features 

is considered. In the testing phase, each decision tree 

in the forest predicts the result of the selected test 

sample, and the dominant vote determines the final 

result. The RF achieves high prediction accuracy by 

avoiding overfitting issues that plague single-tree 

models. Each decision tree is built from a random 

subset of the data features. For classification, a 

specific number of features is usually chosen to 

divide each node in the tree, and this number is often 

fixed. For example, if the dataset has 36 features, six 

features may be selected to split each node, and this 

cannot be changed. It is also customary to use all 

available features to split the node in regression 

problems [27], as shown in Figure 10. 

Majority Voting

Final Clssification

CVD or HF 

Datasets

Feature 1 Feature 2 Feature 3 Features N

Tree #1 Tree #2 Tree #3 Tree #M

Class B Class AClass DClass A . . .

. . .

 
Fig. 10. Random forest model 

 

3.2. Support Vector Machine 

SVM is a statistically supervised ML technology 

for classification and regression [28]. It was 

originally proposed by Vapnik [29, 30] and Curtis in 

1995. Although their principles and derivations 

differ from those of ANNs, some authors consider 

SVM a special type of ANN. However, many 

authors reject this claim due to fundamental 

differences between the two technologies. 

Native SVM technology aims to solve the problem 

of binary classification, where there is only a 

classification between two categories, and the 

problem of multi-class classification. Binary linear 

SVM classification is based on calculating optimal 

super-level decision boundaries that separate one 

category from another using the training dataset. 

There are two types of optimizations: 

• It is possible to achieve ideal separation of 

training data categories, and the optimal fixed 

margin is used, with the excess-level decision 

limits chosen to maximize the distance from the 

excess level to the nearest training data point. 

• Alternatively, suppose the ideal classification is 

not desirable or impossible. In that case, the 

optimal soft margin is used, where the reduction 

in the misclassification rate is traded off against 

increasing the distance to the nearest properly 

classified training point. 

Decision limits in SVM classification are computed 

from the training dataset and are defined by the so-

called support vectors, which alone yield the same 

decision limits. After the support plane is 

determined, the SVM classifier is ready for use with 

a new dataset, where the input class is determined by 

the decision region the input vector lies in [30]. 

Figure 11 shows the classification of the SVM 

corresponding to two different patterns: (A) a 

linearly separable pattern, where green circles are 

completely separated from red squares by the 

decision surface. (B) a nonlinear pattern, where no 

dividing surface can separate all green circles from 

red squares [30]. 

      Healthy

      Unhealthy

X2

X1

 P0
 P0

Support 

Vectors

Support 

Vectors

X2

X1

X
(S)

X
(S)

(A) (B)

      Healthy

      Unhealthy

 
Fig. 11. Support vector machine model 

 

3.3. Gradient Boosting and Extreme Gradient 

Boosting 

GB and XGBoost are used to create ensemble 

models via gradient descent, enhancing the 

performance of weak learners [31]. However, 

XGBoost goes beyond the basic GB approach by 

optimizing the system and refining the algorithms. It 

was initially developed by Chen and Guestrin [32] 

and has since been further developed by others. 
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XGBoost is part of the Distributed ML Community 

[33].  

In GB, the model is built in stages, with each 

stage adding a weak classifier to improve 

performance without altering the previous 

classifiers. This iterative process continues, with 

each new classifier focusing on areas where the 

previous ones performed poorly. The basic flow of 

the GB algorithm is illustrated in Figure 12. Initially, 

a decision tree is used to estimate y1, and subsequent 

trees are fitted based on the residuals from the 

previous steps (y - y1, y - y1 - y2), and the process 

continues. This iterative approach efficiently reduces 

algorithmic error [33]. 

Y1 Y2 Y3

(Feature, y) (Feature, y-y1) (Feature, y-y1-y2)

 
Fig. 12. Gradient boosting model 

 

XGBoost [34], an open-source GB algorithm, 

has recently gained popularity, particularly in data 

science competitions. It operates on the principle of 

GB, aggregating predictions from weak learners to 

create a robust one. This method, as outlined by 

Chen and Guestrin in 2016, involves additive 

training. However, to achieve optimal performance, 

selecting the right parameters is crucial. Among 

these parameters are colsample_bytree (which 

determines the ratio of columns used in constructing 

each tree), subsample (dictating the ratio of training 

instances used), and grounds (setting the maximum 

number of boosting iterations), as shown in Figure 

13. Users must carefully choose these parameters 

when applying the XGBoost model [35]. Details of 

the algorithm's hyperparameters are given in 

Appendix B. 
HF 

Dataset

Random 

Subset 1

Random 

Subset 2

Random 

Subset 3

Random 

Subset 4

Test 1 Test 2 Test 3 Test 4

Majority 

Voting

Final Prediction  
Fig 13. Extreme gradient boosting model 

 

4. PERFORMANCE METRICS EVALUATION  

 

Several criteria are derived from the confusion 

matrix to evaluate the performance of the RF, SVM, 

GB, and XGBoost algorithms, including accuracy, 

sensitivity, specificity, precision, and F1-score [26]. 

In addition, the Area under the curve, training time, 

and test time are used. Figure 14 illustrates the 

various performance metrics used in ML to assess 

predictive models, highlighting the confusion matrix 

and its related metrics.  

The Confusion matrix contains four components, 

as follows: 

• True Positives (TP): the number of positive 

samples that are expected to be positive [36]. 

• True Negatives (TN): the number of negative 

samples that are expected to be negative [37]. 

• False Positives (FP): the number of negative 

samples is incorrectly predicted as positive 

[38]. 

• False Negatives (FN): the number of positive 

samples is expected to be negative [39]. 

Performance Metrics: These metrics are very 

important to test the effectiveness and performance 

of ML algorithms, and they are as follows: 

• Accuracy: The ratio of correct predictions to total 

predictions is represented by Equation (1) [27-

29]. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑁+𝐹𝑃
        (1) 

• Sensitivity: calculated as the percentage of true 

positive cases out of all predicted positive cases, 

is expressed in Equation (2) [30, 31]. 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                   (2) 

• Specificity denotes the ratio of true negative 

cases to all actual negative cases, demonstrated 

in Equation (3) [32, 33]. 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
                   (3) 

• Precision, indicating the proportion of true 

positive cases to all predicted positive cases, is 

revealed in Equation (4) [34]. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                    (4) 

• F1-score: a harmonic mean of sensitivity and 

precision [26], is calculated as shown in Equation 

(5) [35, 40]. 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ∗ 
(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+ 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦)
    (5) 

• Furthermore, Equation (6) provides the AUC, 

which assesses the model’s ability to 

differentiate between classes [41]. 

AUC = ∫ 𝑇𝑃𝑅(𝐹𝑃𝑅) 𝑑(𝐹𝑃𝑅) 
1

0
           (6) 

TPR and FPR are the true-positive and false-

positive rates, respectively. Moreover, train time is 

the time spent training models, measured in seconds. 

Test time is the total time required to finish testing 

models, in seconds. 

FPTN Specificity

TPFN Sensitivity

PrecisionF1-score Accuracy

0

0 1

1

 
Fig. 14. Confusion matrix 
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5. RESULTS AND DISCUSSION 

 

The results for the heart sound data will be 

displayed in this section. Four ML algorithms were 

adopted because they achieved the highest accuracy 

in predicting HF using clinical and heart-sound data 

from the electronic stethoscope.  

The high accuracy values obtained by GB (100% 

on the training set), XGBoost (98.3-100% on the test 

set), and RF (100% on the training set) are justified 

by several factors. First, strict patient-wise 

separation was enforced throughout the 10-fold 

cross-validation: no audio recordings from the same 

subject were present in both the training and testing 

folds simultaneously, thereby eliminating the risk of 

data leakage. Second, MFCC features were extracted 

independently for each fold's training partition; no 

global normalization or feature selection was applied 

across train and test splits. Third, the balanced 

dataset (150 normal, 150 abnormal) eliminates class 

imbalance as a confounding factor. Fourth, we 

acknowledge that 300 subjects constitute a 

moderate-sized dataset, and external validation on an 

independent, multi-center dataset is necessary to 

confirm generalizability — this is a primary 

limitation of the current work and is recommended 

as a priority for future research. 

Environmental noise and inter-patient 

physiological variability are acknowledged as 

critical challenges in real-world deployment, and 

adaptive ensemble strategies (e.g., noise-robust 

boosting and Bayesian hyperparameter 

optimization) are proposed as promising extensions. 

 

5.1. Performance of ML Based on Confusion 

Matrix 

Figure 15 presents the confusion matrix for the 

RF algorithm on the training and testing sets. The RF 

correctly predicted all samples in the training set, 

classifying 117 as class 0 and 123 as class 1, with no 

errors. On the testing set, the RF maintained strong 

performance, correctly predicting 32 samples as 

class 0 and 27 as class 1, while making only one error 

by classifying one sample as class 1 when it was 

class 0. In short, this model performs well on both 

sets. 

 
(a)                                           (b) 

Fig. 15. Confusion matrix for RF in (a) training and  

(b) testing sets for heart sound data 

 

Figure 16 illustrates the confusion matrix for the 

SVM model for both sets. In the training set, the 

model correctly classified 116 samples as class 0 and 

121 samples as class 1, with two errors: one class 1 

sample misclassified as class 0 and one class 0 

sample misclassified as class 1, showing good 

performance with some minor errors. On the testing 

set, the model performed excellently, correctly 

classifying all samples with 0 errors, while 33 

samples were correctly predicted as class 0 and 27 as 

class 1. This reflects the strong performance of the 

SVM in testing with some minor errors in training, 

indicating a balanced and efficient model. 

 
(a)                                          (b) 

Fig. 16. Confusion matrix for SVM in (a) training and  

(b) testing sets for heart sound data 

 

Figure 17 presents the confusion matrix for the 

XGBoost algorithm on both sets. In the training set, 

the XGBoost algorithm correctly classified all 

samples: 118 as class 0 and 122 as class 1, with no 

errors, indicating perfect performance. In the test set, 

this algorithm performed excellently, correctly 

classifying 28 samples as class 0 and 32 as class 1 

without errors. This reflects the model's strong 

performance across both sets, indicating that it is 

very effective and maintains a good balance without 

testing errors.  

Figure 18 shows the confusion matrix for the GB 

algorithm. The matrix on the left presents the 

training set with two classes: “0” and “1”. This 

indicates that 117 cases were correctly classified as 

class 0, 123 as class 1, and no cases were 

misclassified. The matrix on the right presents the 

testing set for classes “0” and “1”. This indicates that 

32 cases were correctly predicted to be class “0”. At 

the same time, there was only one classification 

error, where one case from class “0” was incorrectly 

predicted as class “1”. However, many correct 

predictions remained, with 27 cases correctly 

identified as class “1” and no cases of class "1" 

misclassified as class "0". 

 
(a)                                          (b) 

Fig. 17. Confusion matrix for XGBoost in (a) training 

and (b) testing sets for heart sound data 

 

5.2. Performance of ML Based on Curves  

Figures 19, 20, 21, and 22 illustrate the ROC and 

Precision-Recall curves for RF, SVM, XGBoost, and 

GB algorithms. ROC curves plot sensitivity versus 

specificity; the GB algorithm achieves an AUC of 

98.5%, indicating very good but not perfect 
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performance, while the RF, SVM, and XGBoost 

algorithms achieve an AUC of 100%, indicating 

perfect performance. Precision-recall curves plot 

precision versus recall; all algorithms show precision 

around 1 across most of the recall range, with a slight 

dip at the end for the GB algorithm, indicating 

excellent performance in classifying positive 

samples. Generally, the RF, XGBoost, and SVM 

algorithms perform perfectly in both curves, while 

the GB algorithm shows near-ideal but imperfect 

performance. 

 
(a)                                          (b) 

Fig. 18. Confusion matrix for GB in (a) training and  

(b) testing sets for heart sound data 

 

 
(a)                                          (b) 

Fig. 19. Performance of (a) AUC curve and (b) precision-

recall curve for RF in heart sound data 

 

 
(a)                                          (b) 

Fig. 20. Performance of (a) AUC curve and (b) precision-

recall curve for SVM in heart sound data 

 

 
(a)                                          (b) 

Fig. 21. Performance of (a) AUC curve and (b) precision-

recall curve for XGBoost in heart sound data 

 

5.3. Performance of ML Based on Real-World 

Testing 

The system must be tested in the real world, 

specifically using hospital data, to assess its accuracy 

and robustness in predicting HF from heart sounds 

and clinical data. Therefore, a graphical interface 

was created to notify the system of this data. Figure 

23 illustrates the graphical interface for downloading 

heart-sound data, where a single WAV file is 

uploaded for prediction. It is worth noting that the 

algorithm used for prediction is GB, as it achieved 

the highest prediction accuracy across both clinical 

and cardiac sound data. Figures 24 and 25 display 

the results of the person's prediction. It is worth 

noting that these graphical interfaces are displayed 

on the computer. 
 

 
(a)                                            (b) 

Fig. 22. Performance of (a) AUC curve and (b) precision-

recall curve for GB in heart sound data 

 

 
Fig. 23. Graphical interface for HF prediction 

 

 
(a)                                          (b) 

Fig. 24. Graphical interface for HF prediction results 

 (a) healthy person and (b) unhealthy person 

 

6. RESULTS COMPARISON OF ML 

ALGORITHMS 

 

Table 4 presents the performance metrics for the 

ML algorithms applied to the training dataset: RF, 

SVM, GB, and XGBoost. The SVM algorithm's 

accuracy was 98.7%, sensitivity 98.3%, specificity 

99.1%, precision 99.2%, and F1-score 98.7%. As for 

the RF, GB, and XGBoost algorithms, all metrics 

were 100%. 

Table 5 illustrates the performance metrics of the 

same algorithms, with values that differ slightly. The 
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RF and GB algorithms achieve accuracies of 98.3%, 

sensitivities of 100%, specificities of 96.9%, 

precisions of 96.4%, and F1-scores of 98.1%. In 

contrast, the SVM and XGBoost algorithms 

achieved 100% across all metrics. 

 
Table 4. Performance metrics of the ML models adopted 

for heart sounds on the training set 

ML 

models 

ACC 

(%) 

SEN 

(%) 

SPE 

(%) 

PRE 

(%) 

F1-

score 

(%) 

SVM 98.7 98.3 99.1 99.2 98.7 

XGBoost 100 100 100 100 100 

RF 100 100 100 100 100 

GB 100 100 100 100 100 

ACC: Accuracy; SEN: Sensitivity; SPE: Specificity; PRE: 
Precision. 

 

Table 5. Performance metrics of the ML model for heart 

sounds on the testing set 

ML 

models 

ACC 

(%) 

SEN 

(%) 

SPE 

(%) 

PRE 

(%) 

F1-

score 

(%) 

RF 98.3 100 96.9 96.4 98.1 

GB 98.3 100 96.9 96.4 98.1 

SVM 100 100 100 100 100 

XGBoost 100 100 100 100 100 

ACC: Accuracy; SEN: Sensitivity; SPE: Specificity; PRE: 

Precision. 

 

Tables 4 and 5 show that the XGBoost, GB and 

RF algorithms achieved excellent performance on 

the training set, whereas XGBoost and SVM 

achieved the best results on the testing set.  

While both models achieved 100% training 

accuracy, GB's testing accuracy dropped to 98.3%, 

while XGBoost maintained 100% accuracy on both 

the training and testing sets. The gap indicates that 

XGBoost is better at generalizing to unseen data, 

likely because of its built-in regularization 

mechanisms and more effective optimization 

strategy, which decrease the risk of overfitting. 

However, for GB, the modest performance loss 

suggests a weak bias-variance trade-off, as the model 

has slightly higher variance for out-of-sample 

predictions. However, the drop is not significant, 

indicating strong predictive ability in the case of GB. 

The manuscript has been modified to state that both 

methods performed well, but that XGBoost had 

better generalization performance than GB. 

 

7. COMPARISON WITH PREVIOUS WORKS 

 

Table 6 summarizes the performance of various 

studies that have used ML models to analyze heart 

sound data to predict heart conditions. It compares 

different studies based on the number of data 

samples, the type of stethoscope used, the ML model 

applied, and key performance metrics such as 

accuracy, sensitivity, specificity, precision, and F1 

score. Most studies used digital or electronic 

stethoscopes, and model accuracy varies, with some, 

such as Sinha et al. (2023), achieving very high 

accuracy (99.37%) using a Conv-RF. In contrast, 

other studies, such as Zeniali and Niaki (2022), 

reported lower accuracy (87.5%) using a GB model.  

 
Table 6. Comparison results with previous studies 

Authors/ year 
No. of 

Data 

Type of 

stethoscope  
ML Model ACC % SEN % SPE % 

PRE 

% 

F1-SCO 

% 

Chowdhury et 

al. [13]/2019 
3126 

Digital 

stethoscope  
N/A 

88 for normal 

and 97 for 

abnormal, 

classifying 

N/A N/A N/A N/A 

Omarov et al. 

[14]/2022 
745 

Digital 

stethoscope  
KNN 

93.5 for 

normal and 

93.25 for 

abnormal heart 

sounds 

97.12 for 

normal and 

97.64 for 

abnormal heart 

sounds 

N/A N/A N/A 

Ali et al. 

[16]/2023 
764 

Digital 

stethoscope  
Bi-LSTM N/A N/A N/A N/A N/A 

Sinha et al. 

[17]/2023 
1000 

Electronic 

stethoscope  
Conv-RF 99.37 99.5 98.9 N/A N/A 

Nishitha and 

Chittesh 

[18]/2023 

947 N/A DL 96.34 N/A N/A N/A N/A 

Kalimuthu and 

Hemanth 

[42]/2025 

4,430 
Digital 

stethoscope  

SVM, KNN, 

NB 
98.63 91.18 100 N/A 91.84 

This paper 300 
Electronic 

stethoscope  

XGBoost, 

SVM 
100 100 100 100 100 

ML: machine learning; ACC: accuracy; SEN: sensitivity; SPE: specificity; PRE: precision; F1-SCO: F1-score. 
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The last row represents the results of the current 

study, which achieved 100% across all metrics using 

GB, XGBoost, and RF models on data collected with 

an electronic stethoscope, demonstrating superior 

performance compared to the previous studies listed. 

In our proposed models, the data was split into 

240 training samples and 60 test samples, with no 

overlap between the two sets, ensuring no data 

leakage. With high-quality heart sound recordings 

obtained with an electronic stethoscope, the 

proposed model can achieve high classification 

performance. Furthermore, our results agree with 

those reported in the literature. As can be seen in 

Table 6, some previous studies have achieved 

comparable performance. For instance, Sinha et al. 

[17] reported an accuracy of 99.37%, which is close 

to the outcome achieved in this study.  

 

8. CONCLUSION  

 

Cardiovascular diseases are among the leading 

causes of death worldwide, but early diagnosis and 

prediction can ensure timely and appropriate care; 

one of these diseases is HF. This study used recorded 

heart sounds from an electronic stethoscope and data 

from the Kaggle database to predict HF. The dataset 

comprised 13 features (columns) and 300 patients 

(rows). These features result from converting heart 

sound data to NumPy arrays using the MFCC 

technique. The data was split into training (80%) and 

testing (20%) sets using 10-fold cross-validation. 

Four ML models were used: RF, SVM, GB, and 

XGBoost. This study was conducted in the Visual 

Studio Code environment using Python. Various 

evaluation methods were employed, including 

confusion matrices, Receiver Operating 

Characteristic (ROC) curves, and precision-recall 

curves. The results demonstrated high test-set 

prediction accuracy: XGBoost and SVM achieved 

100%, while GB and RF achieved 98.3%. The study 

highlights the need for further research to address 

limitations and enhance diagnostic and prediction 

methods. Future work could explore additional AI 

models, expand the dataset, and clinical data 

demographics to improve the accuracy of HF 

prediction. 

The previous studies used for comparison 

employed digital/electronic stethoscopes with 

characteristics similar to those of the device used in 

the present study. As for the datasets, our study has 

fewer data than previous studies; nevertheless, the 

proposed method performed better. This 

demonstrates the efficiency and reliability of the 

proposed approach and shows that the suggested 

method can achieve high classification accuracy 

even with limited training data. 

Heart sound signals convey important diagnostic 

information; however, additional information, 

including demographic data, medical history, 

laboratory measurements, imaging, etc., can 

complement the signal and may enhance predictive 

performance, model robustness and clinical utility. 

Hence, multimodal models that integrate heart sound 

signals with extensive clinical data are regarded as a 

significant research area for the future. 

Future studies will validate the proposed model 

using larger, clinically representative, imbalanced 

datasets of heart sounds that better reflect the actual 

prevalence of heart failure worldwide. This 

validation will help determine how generalizable, 

robust, and prone to false positives the model is in 

realistic clinical settings. In addition, as multi-center 

clinical datasets are incorporated into the approach, 

its reliability and applicability will be further 

enhanced. 
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Appendix B: Hyperparameters of ML algorithms. 

Method ML 

Algorithm 

Hyperparameter 

HF using Heart 

Sounds 

RF 

Number of 

estimators=10, max 

depth=2 

SVM Kernel: RBF 

GB 

Number of 

estimators=25, max 

depth=3 

XGBoost 

Number of 

estimators=8, max 

depth=3 
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