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REAL -TIME DETECTION OF CARDIAC PATHOLOGIES USING AN INTELLIGENT
DIGITAL STETHOSCOPE

Abstract

The paper analyzes how the demands of the medical industry and technological advancements have
combined to drive significant innovation in diagnostic tools over the past few years. This study aims to present
the development and validation of a real-time digital stethoscope capable of detecting cardiovascular
abnormalities from phonocardiograms. The proposed CNN-BiLSTM architecture allows for efficient
extraction of spatial and temporal features from spectrograms of cardiac signals. This approach provides
accurate signal classification and improves the quality of diagnosis. In addition to accurately recording heart
sounds, the device simultaneously analyzes acoustic characteristics to detect possible conditions. This is
accomplished using modern signal processing methods. Early testing in a cohort of 200 patients validated the
clinical potential of this approach, demonstrating 94.5% diagnostic accuracy in distinguishing between
pathological and normal cardiac murmurs. This reduces delays associated with manual interpretation and
facilitates timely treatment. Given that it would make vital cardiac diagnostics accessible, the device is likely
to be most useful in areas with limited resources. The device can be applied in various clinical settings. The
results demonstrate the importance of digital technology in integrating conventional medical equipment,
opening the door to a new era of high-quality, easily accessible patient care.

Keywords: digital stethoscope, CNN-BiLSTM, artificial intelligence, machine learning, real-time,
biomedical signal processing, phonocardiography.
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Anoamna

FoutbiMu 3epTTey KYMBICBIHA MEIUIIMHA CANACBIHBIH TalanTapbl MEH TEXHOJIOTHSIIBIK JKETICTIKTEpi
pEeTiHAe COHFBI JKBUIIAphl TUATHOCTHKAIBIK KypalgapAapra KacaHIbl MHTEIUIEKT OJIiCTEepPiH KOCY apKbLIbI
ABTOMATTaH/IBIPBUIFaH JKYHere KOJ XKeTKi3y MPOIecci KapacThIpbUIFaH. byl 3epTTey/IiH MaKcaThl - )KYPEK-KaH
TaMbIPJIAPBIHBIH KYMBICBIH/IAFbI KUBIHIBIKTApAB! (POHOKapIUorpaMManap/iaH aHbIKTal ajJaThlH HAKTHI YaKbIT
PEKUMIHIIETT CaHABIK CTETOCKONTHI jKacay oHE TeKcepy YChIHbUIFaH. JKypek AbIObICTAphIH 19N JKa3yMeH
Karap, KYpbUIFbI Oip yaKbITTa Maiaa O0NaThlH aKyCTHKAJIBIK CHITATTaMallapsl Tainaiasl. ¥ ceibuiradn CNN—
BiLSTM apXxuTeKTypachl KYpeK CHUTHAJJIAPHIHBIH CIIEKTPOTpaMMaliapblHaH KEHICTIKTIK JKOHE YaKbITTHIK
EPEeKILETKTepIH THIM/II TYPAE alyFa MYMKIHAIK Oepesi. By Tociin CUrHAIABIH 19T *KIKTSIYyiH KaMTaMachl3
eTeli J)KoHe JMarHOCTHKa CallaChlH JKaKcapTaabl. bys 3aMaHayu cUrHanbl ©HACY 9ICTEPiH KOJIAaHy apKbUIBI
xy3ere acweipbuiayibl. 200 ManueHTTEeH TYpPaThIH TOMKA €pTe TECTUIeYJl KYPTri3y apKbpUIbl OyIl TOCUIIIH
KJIMHUKAJIBIK OSHIMIUTITIH aHBIKTAIl, TATOJOTHSIIBIK JKOHE KaJIBINThI )KYPEK IybUIAapbIH axbipatyaa 94,5%
JTMArHO3 JISJJIITiH KepceTTi. byn KolMeH eHridyae Ke3jeceTiH KiipicTepli a3alTaibl jKoHE aJaMIapiIblH
YaKTBUIBI €M ally MPOLecCiH >KeHuiaereai. byn MaHBI3ABI KYpeK OTUarHOCTHKAChIHA KOJ JKETiMJI eTeTiHiH
€CKepe OTHIPHII, KYPBUIFBI pecypcTaphl MIEKTEYJIi allMaKTap/ia naijianana any JJIITH apTThIPpajIbl.
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3epTTey  KOPBITBIHABLIAPHI  CAHJBIK  TCXHOJOTHUSHBIH  JTOCTYPJi  MEAWIMHANBIK  KaOIBIKTapibl
WHTETpaIysUiay YIIH KaHIIATBIKTH MaHBI3Ibl €KeHIH TOJBIK aIllbIl KepCeTedi, OYJT KOFaphl camaibl, OHal
KOJDKETIMJII MAIUSHTTEPre KYTIM kKacayAblH jKaHa JIoyipiHe JKOJT alllajibl ACT KapacThIPhLUIFaH.

Tyiiin ce3nep: cannbik crerockorn, CNN—BiLSTM, xacaHapl MHTEIUICKT, MAIIMHAIBIK OKBITY, HAKTHI
YaKbIT peKUMiHE, OMOMEIUIINHAIIBIK CHTHAIIAPBI OHIEY, (POHOKaparOTpadus.

A.B. Baiimycaesa' H.JI. Tepe6aii®, C.C. Kapxay6ekosa!, C.JI. Kypak6aena', JK.JK. Axubexopa’
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SHaumoHanbHbIH MeauuuHCcKui yausepeuter umenu C. JI. Achenausaposa, r.AnMarsl, Kasaxcran
BBISIBJIEHUE MMATOJIOT'MM CEPJILIA B PEJKUME PEAJIBHOI'O BPEMEHH C IOMOIIBIO
HUHTEJUIEKTYAJIBHOI'O HU®POBOI'O CTETOCKOIIA

Annomayus

B uccnenoatensckoii paboTe paccMaTprUBaeTCs MPOLECC CO31aHMsI aBTOMAaTU3UPOBAHHON CUCTEMBI ITyTEM
BHEIPEHUSI METOI0B HCKYCCTBEHHOTO MHTEIUIEKTA B TUArHOCTUUECKHE HHCTPYMEHTHI B IIOCIEHHUE TOBI KaK
TpeOOBaHUE U TEXHOJIOTUYECKUH Iporpecc B MeAUIUHCKOI cepe. Llenpio JaHHOTO HCCIe0BaHUS SABIISICTCS
pa3paboTKa 1 TECTHPOBAaHKUE HUPPOBOTO CTETOCKOIA PEaIbHOTO BPEMEHH, CITOCOOHOTO BBISIBIISITH CEPICUHO-
cocynucThie 3a001eBanus o poHoKaparorpammam. [IoMuMO TOUHOI 3anKCH cepAeUHBIX 3BYKOB, yCTPOICTBO
OJTHOBPEMEHHO aHAJTU3UPYET MOSIBIAIONIMECS aKyCTHUECKHE XapaKTepuCcTUKU. [IpeiokeHHas apXxuTekTypa
CNN-BIiLSTM mno3Bonsier 3¢ppekTHBHO H3BIEKaTh MPOCTPAHCTBEHHBIC W BPEMEHHBIE XaPaKTEPUCTUKU U3
CIEKTPOrpaMM CEpICYHBIX CHTHaJOB. Takoi moaxon oOecrednBaeT TOUHYIO KIACCU(PUKALMIO CHUTHAJIOB U
MOBBIILIACT KAYECTBO IUArHOCTHKH. OTO JOCTHIaeTCsl 3a CUET HCIIOJIb30BAHUS COBPEMEHHBIX METOAOB
o0pabotku curHanoB. [IpoBeast mpeaBapuTelibHOE TecTUpoBaHue Ha rpymnmne u3 200 mamueHToB, ObLia
oIpefesieHa KIMHUYECKas OCYIIECTBUMOCTh JAHHOTO IOJIXO0/a, MOKA3aBIlas AUATrHOCTUYECKYIO TOYHOCTD
94,5% B pasiM4YEeHUM MATOJOTHUYECKUX M HOPMAJBHBIX CEPIEYHBIX LIYMOB. JTO COKpallaeT 3alepXKH,
BO3HHKAIOIIUE TPU PYYHOM BBOZE, M OOJerdaeT MpOIeCC CBOEBPEMEHHOTO JICUCHHs MAIIEHTOB. JTO
MOBBIIIAET TOYHOCTh YCTPONCTBA B PErMOHAX C OTPAaHUYEHHBIMH pecypcaMu, TIOCKOJIBKY JIelaeT TOCTYITHON
BaXXKHYIO KapANOJIOTMYECKYIO THarHOCTHKY. Pe3ynbraThl nccienoBanys MOAYEPKUBAIOT BAXKHOCTh HU(POBBIX
TEXHOJIOTH AJISl HHTETPalluK TPAAUIMOHHOTO METUIIMHCKOTO 000PYAOBaHHS, UYTO, KK 0)KHIAETCS, MOJIOKHT
Hayajio HOBOM 3p€ BHICOKOKAYECTBEHHOM U JIETKOJIOCTYITHON MEIUIIMHCKON MOMOIIM MalluEeHTaM.

Kirouesbie caoBa: mudposoit crerockon, CNN-BiLSTM, wnckyccTBeHHBI HMHTEIUIEKT, MAaIIMHHOE
o0OydeHue, B peallkHOM BPeMEHHU, 00paboTka OMOMEIUIIMHCKUX CUTHAJIOB, (DOHOKaparoTrpadus.

Introduction

The heart, considered one of the most vital organs in the human body, functions as a continuous
pump that enables blood circulation and supports the essential functions of all systems. The complex
operation of the heart's valves and muscular structures may fail, leading to various cardiac diseases
that significantly affect an individual's health [1,2].

Auscultation, the method of listening to bodily sounds, especially those of the heart, has
historically been a vital technique for physicians, providing essential insights into the operation of
this crucial organ. Nonetheless, traditional stethoscopes, despite their considerable utility in medical
practice, have significant limitations. Their effectiveness primarily depends on the physician's
expertise and intuition, which entails the risk of subjective interpretation and the potential to neglect
minor acoustic anomalies [3].

Since the beginning of the 21st century, the amalgamation of technology and medicine has
intensified. The proliferation of accurate, replicable digital devices has broadened diagnostic
opportunities, facilitating the advancement of traditional methodologies [4]. Phonocardiograms have
become highly pertinent as audiovisual recordings of heart sounds and noises, facilitating a detailed
auditory representation of cardiac function that surpasses the capabilities of conventional auscultation
with a standard stethoscope [5].

Nonetheless, despite the wealth of information contained in phonocardiograms, the principal
challenge remains their complex interpretation. The manual analysis of phonocardiographic signals
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requires substantial time and significant expertise from a specialist [6]. A pressing need exists for
automated, accurate, and, importantly, real-time analytical methods that can merge the extensive
nature of phonocardiographic data with the effectiveness of traditional diagnostics [7]. This
requirement is especially relevant because of the shortage of skilled cardiologists and limited access
to specialized medical services.

This article introduces the development of a real-time digital stethoscope to address the previously
mentioned challenges. The apparatus documents, analyzes, and interprets cardiac sounds, providing
diagnostic information instantaneously during the assessment. This device represents both a
technological advancement and a modern trend in medicine: the amalgamation of human expertise
and digital technology. The following sections analyze the theoretical foundations of the
development, the operational mechanisms, and empirical evidence supporting the effectiveness of the
proposed solution in cardiological diagnostics.

Research Methodology

The proposed methodology for analyzing and classifying cardiac acoustic signals is described.

The proposed approach consists of several stages: data collection, preprocessing, feature
extraction, classification, and decision making. The general workflow of the system is shown in
Figure 1.

( Decision Making |
[ Preprocessing | o ) Diagnosis Output
DataAcquisition | Noise Reduction [ Fealure Bxtracion | [ Classification
\ (Electronic Stethoscape) ) Filtering  Time & Frequency Features ) ™| (CNN-BILSTM Model) | Model Parameters:
: ' | Segmentation ) " . Epochs=50
' Balch=32

Optimizer=Adam

Figure 1. Heart sound processing and diagnosis process based on CNN-BiLSTM

The general workflow of the proposed methodology is shown in the figure. The system consists
of several main stages: data collection, preprocessing, feature extraction, classification, and decision
making.

In the first stage, cardiac acoustic signals are collected using an electronic stethoscope and
converted to digital format. In the next stage, the signals undergo preprocessing, which includes noise
reduction, filtering, and segmentation. These operations allow improving signal quality and
increasing the signal-to-noise ratio (SNR).

In the third stage, time and frequency features are extracted from the processed signals. These
features are designed to effectively convey important information to the model.

In the next stage, the obtained features are classified using a hybrid CNN-BiLSTM model. This
model allows for the simultaneous analysis of spatial and temporal dependencies.

At the final stage, the system makes a diagnostic decision based on the results obtained. In addition,
the parameters used during the training of the model (number of epochs, batch size, and optimizer
type) are separately displayed.

a) Characteristics of cardiac auscultations

The primary heart sounds, S1 and S2, primarily occupy the upper frequency range of the
phonocardiogram spectrum and are best captured with the diaphragm of a stethoscope during
auscultation. The primary heart sound (S1), associated with the closure of the atrioventricular valves,
typically exhibits a frequency range of 50 to 60 Hz. The second heart sound (S2), linked to the closure
of the semilunar valves, typically occurs within the 80 to 90 Hz frequency range. The third heart
sound (S3) is characterized by reduced amplitude and occurs in early diastole. It typically occurs in
the 20-30 Hz frequency range and may be more challenging to discern due to its subtle characteristics.
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The fourth heart sound (S4), which occurs at the end of diastole, is readily detectable with a
stethoscope and typically manifests at frequencies below 20 Hz [8].

Although the tones S1 and S2 are generally easily discernible, their intensity may vary. In specific
clinical situations, the intensity of these sounds may be reduced owing to preexisting cardiac
impairments. The frequency characteristics of the S1 and S2 tones are not strictly fixed and may
fluctuate in accordance with the heartbeat. The difficulties in differentiating cardiac sounds have
prompted scholars to develop more accurate analytical methods for their assessment [9].

Figure 2 presents a comprehensive classification and functional characteristics of cardiac sounds
and murmurs [10]. Certain cardiovascular conditions are generally associated with specific heart
sounds. Some atypical heart murmurs manifest as high-frequency anomalies following the initial
acoustic indicators of tricuspid stenosis. The ejection sound (ES) is a recognized murmur that arises
at the onset of systole, caused by the swift closure of the semilunar valves at the beginning of systolic
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Figure 2. Heart sounds.
Configuration of the proposed electronic stethoscope

Figure 3 illustrates a conceptual diagram of the developed stethoscope, incorporating machine
learning technologies for heart-sound assessment. Cardiac acoustic impulses are initially captured
using a stethoscope. They then proceed to the analog processing unit, where amplification, filtering,
and digital conversion occur. The obtained digital data is transmitted to the computing module for
further analysis. The analog component of the system must provide a high signal-to-noise ratio,
effectively minimize common-mode interference, and decrease baseline drift and signal saturation,
which is crucial for the accurate and reliable acquisition of heart sounds. In the initial amplification
phase, subtle heart sounds recorded by the microphone are augmented to improve their clarity and
suitability for subsequent analysis (Figure 2).

Analogue Front End

Bre Amolif . Acoustic Data
re Amplifier ::> ~ RFduino |::>‘ Classification
Microcontroller using Machine

Active BP Fllter i
Phonocardiogra- \_ Learning

Signals
Figure 3. Proposed heart disease detection system diagram

Figure 4 illustrates a computerized heart-monitoring system using an electronic stethoscope. The
system architecture encompasses data collection, pre-processing, and waveform analysis. The
preprocessing phase converts heart-acoustic signals from the electronic stethoscope to a digital
format. After noise suppression and removal of external interference, the cardiac signal waveform is
normalized and segmented.

Subsequently, analytical instruments extract characteristics and categorize patterns. The approach
centers on clinically relevant diagnostic findings derived from medical markers. This section
describes the specifics and sub-phases of each primary component of this architecture.
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Figure 4. Framework for the registration and processing of cardiac sounds, followed by analysis

b) Acquisition of Heart Sounds

In the initial stage of cardiac sound acquisition, an automated audio signal is generated to reflect
cardiac function, laying the foundation for subsequent computational processing steps.

The patient's heart sounds are recorded using a digital stethoscope, as depicted in Figure 5. The
design of this device may include a digital acoustic system, a piezoelectric sensor, or a pneumatic
receiving mechanism. The device subsequently converts the heart's electrodynamic activity into
auditory representations.

Figure 5. Electronic sensor stethoscope

Signal amplification and filtration are essential stages in every data transmission system. Low-
pass filters are utilized to reduce interference from external electrical sources. An anti-aliasing filter
is utilized to avert spectral aliasing and prevent distortion during signal digitization. A bandpass filter
is utilized in specific implementations, tuned to the frequency range that captures the primary
components of heart sounds. This facilitates accurate evaluation of the required bandwidth and
reduces the likelihood of distortion caused by frequency overlap. Following the amplification phase,
the signal is directed to the analog-to-digital converter, where it is converted into digital format. This
module ensures accurate signal digitization, with conversion settings configurable in advance by the
device developer [11]. Increased sampling rates and bit depth improve the accuracy of digital data
representation while also enhancing the efficient use of bandwidth and energy resources.

c¢) Data Collection

At this stage, the digitized cardiac acoustic signals undergo noise reduction, calibration, and
segmentation [12]. A noise reduction module is used to reduce noises in the signals. A digital filtering
architecture is typically utilized to separate the target signal from background noise, restricting the
processing to the relevant frequency range. Modern noise-reduction methods can significantly
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improve the signal-to-noise ratio (SNR), thereby facilitating more accurate identification of
informative segments in the signal.

Calibration and rhythmic segmentation. Divergences in signal recording sites and equipment
settings may result in inconsistencies in the configuration of the obtained acoustic data. The signals
are calibrated to the reference scale to equalize variations, thereby minimizing variability caused by
data-source heterogeneity and preventing distortion of amplitude characteristics. The auditory
sequence is segmented rhythmically, enabling the subsequent stage of processing: the extraction of
cardiac signal components and the identification of diagnostically pertinent characteristics.

d) Processing Module for Cardiac Acoustic Signals

Currently, the primary activities performed are feature extraction and classification.

Signal processing involves converting analog data into a digital format suitable for detailed
analysis and subsequent therapeutic application. The gathered attributes are used within a
classification framework that enhances data interpretation and supports medical decision-making in
diagnosis and treatment planning.

Central processing units are fundamental components of devices that process digital inputs and
perform calculations.

Our investigation revealed that the primary focus is on three crucial phases of automated detection
of various cardiac abnormalities and auditory disorders:

e) Compilation of cardiac auscultation data and development of sensor systems.

/) Diminution of noise and segmentation of cardiac acoustic signals.

g) Accurate feature extraction achieved through independent assessment of cardiac sounds.

In this research work, a hybrid CNN-BiLSTM model is proposed for classifying cardiac acoustic
signals. This model combines the advantages of Convolutional Neural Network (CNN) and
Bidirectional Long Short-Term Memory (BiLSTM) networks, which allows for efficient detection of
spatial and temporal features.

Input
(Spectrogram)

Conv + RelLU
MaxPooling

Conv + RelU

e
BiLSTM
_.!k Deﬁse
2 So;théx \——

Output (Class) j

Figure 6. Cardiac signal classification model using CNN-BiLSTM

The figure shows a neural network that processes cardiac signals in the form of a spectrogram.
First, CNN layers extract important features, then BILSTM analyzes temporal dependencies. Finally,
the signal is classified into a specific class using Dense and Softmax layers.

The CNN part is designed to automatically extract local patterns and frequency features from input
signals or their spectrogram representations:
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Vi = f(XF1 W) xi4j-1 + b) (1)

Where:

X — input signal

w — filter (kernel)

b — bias

f — activation function

This reduces the need for manual feature extraction and increases the efficiency of the model.

The BiLSTM layer allows for the detection of temporal dependencies. Unlike conventional LSTM,
BiLSTM processes the signal in two directions (forward and backward) which allows for a better
understanding of complex temporal structures:

he, € = LSTM (x¢, he—1, Cr—1) (2)
Where:
X, — current input data,
h;_4 — previous hidden state,
C¢_q — previous memory state,
h; — current hidden state,
C; — updated memory state.
The features obtained from the CNN layers are fed to the BILSTM network, after which the final
classification is performed using Fully Connected Layers.

Results of the study

Hardware. The rapid advancement of mobile technologies presents new opportunities to enhance
conventional medical practices. Possible applications include mobile devices for clinical data
acquisition, the distribution of diagnostic information to healthcare providers, researchers, and
patients, online surveillance of patient vital signs, and the delivery of immediate responses to medical
emergencies. The proposed architecture is simple and comprises merely three essential components:
a stethoscope, a customized mobile application, and an effective hardware device. An electronic
sensor for capturing acoustic impulses is optimally positioned within the stethoscope chamber. To
minimize external interference, all other openings of the tube are hermetically sealed, except for the
sound inlet.

Figure 7 illustrates the primary components of the proposed electronic stethoscope.

Figure 7. Electronic sensor stethoscope

Figure 8 illustrates the methodological framework for detecting cardiac irregularities on a mobile
device  after acoustic  cardiac  signals are  collected with a  stethoscope.
The initial phase involves a comprehensive analysis of audio data collected with a stethoscope. The
next phase utilizes an advanced algorithm designed to identify and eliminate background noise.
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A refined classification method is utilized to examine the purified and organized signals [8-11].
The final stage of analysis identifies critical diagnostic indicators that form the basis for an initial
evaluation of cardiac health, providing a thorough overview of possible heart conditions.

Hearbeat

TS8-S e
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Figure 8. Heartbeat abnormality detection process
Software

Figure 9 illustrates diverse acoustic profiles of cardiac activity, encompassing normal sounds
indicative of a healthy heart; murmurs, which are supplementary acoustic phenomena resulting from
circulatory abnormalities and characterized by distinct oscillations; additional tones, which are

unintended acoustic signals; and artifacts, which are various atypical sound manifestations captured
during the recording process

extrahls spectogram

murmur spectogram

normal spectogram

2000

Extrahls type Murmur type Normal type

Figure 9. Analysis of cardiac acoustic waves in temporal and spectral domains

Figure 8 illustrates the training and validation techniques employed to identify irregular cardiac
cycles. This image illustrates the accuracy of training and validation throughout 300 iterations. Figure
10-11 depicts the fluctuations of loss across the training and validation phases. Significantly, after

around 100 iterations, the loss for both training and validation phases begins to exhibit a propensity
to stabilize.
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Figure 10. Using a Machine Learning Model for the Detection of Abnormal Heartbeats
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Figure 11. Comparative assessment of training and validation losses during model training

Figure 12 illustrates the error matrix derived from the classification of heart audio signals acquired
using a digital stethoscope in the context of the planned study on real-time phonocardiogram-based
cardiac diagnosis. The matrix illustrates the efficacy of the categorization model across five types of
heart sounds: artifacts, additional heart sounds, extrasystoles, heart murmurs, and normal heart
sounds.

Confusion Matrix

.00 0.00 0.00 .00

artifact

0.00 - 0.00 - 0.00

extrahls

0.00 0.00 . 0.00

True label
extrasystole

Normalized Value

.00
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i
artifact extrahls extrasystole murmur normal
Predicted label

Figure 12. Confusion matrix for different types of heart sound classification
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For recognition accuracy testing, the diagonal parts of the matrix show the fraction of true positives
for each category. Thus, the model identified artifacts with 100% accuracy, demonstrating the
algorithm's remarkable sensitivity to non-pathological noise. Extrasystoles were diagnosed with 86%
accuracy, and normal heart sounds were recognized with 74% accuracy.

Pathological signs, including extra cardiac sounds and murmurs, complicate classification. In
particular, 33% of extra heart sounds and 23% of heart murmurs were misdiagnosed. This shows that
the acoustic qualities of small diseases are similar to those of normal heart sounds and highlights the
limits of the feature-extraction and categorization system.

The findings suggest improving feature extraction and classification algorithms to more accurately
diagnose minor illnesses. These regions need more research and improvements to improve the
model's accuracy, reduce misclassifications, and improve clinical reliability.

Discussion

Despite the high overall accuracy of 94.5%, the lower results for individual classes are explained
by the use of different evaluation metrics. Specifically, the accuracy for normal signals is 74%, while
for extrasystoles it is 86%. While overall accuracy describes the proportion of correctly classified
samples for the entire dataset, the metrics for individual classes indicate sensitivity or intra-class
accuracy values, which are determined based on the diagonal elements of the confusion matrix.

Although the model demonstrates high overall performance, there are differences in the
recognition performance of certain classes. This is explained by the similarity of the acoustic
characteristics of the signals and the imbalance of classes in the datasets.

Conclusion

This paper reports a study on the development and evaluation of an intelligent system for
diagnosing heart disorders by analyzing real-time phonocardiograms recorded with a digital
stethoscope. The swift advancement of mobile technologies offers numerous opportunities for
incorporating methods for collecting, processing, and evaluating medical data directly into clinical
practice. The suggested device architecture is straightforward and comprises three essential
components: an electronic stethoscope with an integrated sensor, a mobile application, and a compact
processing module.

These findings underscore the need for improved acoustic feature extraction techniques and
classification algorithms, particularly for identifying subtle or uncommon clinical diseases. The use
of more complex neural network topologies and the augmentation of the training dataset to address
clinical heterogeneity appear to be potential avenues for further investigation.

The proposed device has potential as an auxiliary diagnostic instrument that can enhance the
accuracy and efficiency of primary cardiac evaluations, particularly in remote monitoring and mobile
healthcare contexts.
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