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linical tools for diagnosing a wide range of

ABSTRACT

Cardiac and respiratory auscultation remain foundagiona
cardiopulmonary diseases. However, reliance on clinici

accuracy and reproducibility. Recent advances i t
transformed automated acoustic analysis, efdblingfobjecti

synthesizes current Al methodologies appli

expertise and subjective interpretation limits diagnostic

1 intelligence (Al), particularly deep learning, have
, accurate, and scalable diagnostic support. This review
heart and respiratory sound analysis, highlights key clinical

applications, addresses challenges incl a heterogeneity and model interpretability, and outlines future

research directions. We emphasi € mative potential of Alpowered auscultation to enhance personalized,
accessible, and proactive cardio care.
Keywords: Artificial Intelligence;” Deep Learning; Heart Sounds; Lung Sounds; Auscultation;

Cardiac Diagnostics; Respiratory Diagnostics; Explainable Al; Telemedicine; Multi-Organ Acoustic Analysis

INTRODUCTION

abnormalities, and support clinical decision-making. Advances
in digital stethoscopes, signal processing, and computational

Auscultation of medical sounds, particularly, heart and lun
P . . power have accelerated Al applications in this domain,

sounds, is a cornerstone of clinical examination, providing

critical insights into cardiovascular and pulmonary health.
Heart sounds including the first (S1) and second (S2) heart
sounds and pathological murmurs reflect valvular function
and hemodynamics, while respiratory sounds such as wheezes,
crackles, and breath sounds indicate airway and parenchymal
lung conditions [1]. Despite their clinical importance,
traditional auscultation is limited by inter-observer variability
and dependence on clinician expertise, leading to inconsistent
diagnostic accuracy.

Artificial intelligence (AI), encompassing machine learning
(ML) and deep learning (DL), offers powerful tools to analyze
complex acoustic signals objectively. By extracting and learning
from intricate features in heart and lung sounds, Al models
can classify normal and pathological states, detect subtle

promising to transform cardiopulmonary diagnostics.

This review synthesizes current Al methodologies applied to
heart and respiratory sound analysis, highlights key clinical
applications, discusses challenges including data heterogeneity
and model interpretability, and outlines future research
directions.

The overall roadmap for the clinical translation of Al-based
biological sound analysis is illustrated in Figure 1.
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Figure 1: Al-Powered Auscultation in Cardiopulmonary Care

MAIN REVIEW CONTENT

Advanced Signal Processing and Machine Learning for

Auscultatory Sound Analysis

High-quality sound acquisition is foundational for automated
analysis of heart and lung sounds. Digital stethoscopes and
electronic acoustic sensors enable high-fidelity recording but are
frequently challenged by environmental noise, motion artifacts,
and patientrelated interference in realworld clinical settings
[2]. To address these limitations,
typically incorporate noise reduction techniques such as
wavelet-based denoising, adaptive filtering, and increasingly,
DL-based audio enhancement models that outperform
traditional filters in non-stationary noise environments (Table
1) [3]. These approaches improve signal-to-noise ‘tationwhile
preserving diagnostically relevant acoustic featuress

preprocessing pipelines

Accurate segmentation of physiologicalt sound events is a

critical ~ preprocessing step. In  cardiac. " auscultation,
segmentation of heart sounds into S1, systole, S2, and diastole
allows focused analysis of murmurs and abnormal flow
patterns.  Classical methods include envelope-based
thresholding and hidden Markov models (HMMs), while recent
DL-based segmentation algorithms leveraging convolutional
and recurrent demonstrated higher
and pathological
conditions [3]. Similar segmentation strategies are applied to
respiratory cycles to isolate inspiration and expiration phases

for lung sound analysis.

architectures have

robustness across variable heart rates

Feature extraction remains a central component in auscultatory
signal analysis. Time-domain features such as signal amplitude,
duration, zero-crossing rate, and energy provide insights into
sound intensity and temporal structure. Frequency-domain

OPEN 8 ACCESS Freely available online

features including dominant frequencies, spectral centroid,
bandwidth, and distribution  capture
pathological shifts in acoustic energy associated with wheezes,
crackles, and murmurs. Time-frequency representations,
particularly  spectrograms and = Melfrequency  cepstral
coefficients (MFCCs), have become the most widely used
features due to their ability to represent non-stationary
biomedical signals in a compact and interpretable form [4].

spectral  power

Traditional ML classifiers, including support vector machines
(SVMs), random forests, k-nearest neighbors, and gradient
boosting models, have been extensively applied to handcrafted
success. These methods offer
interpretability and computational efficiency but rely heavily on

features with moderate

expert-driven feature engineering. In contrast, DL approaches
networks (CNNs) have
demonstrated superior diagnostic performance by automatically

particularly convolutional neural

learning hierarchical representations directly from spectrogram
images, effectively capturing subtle acoustic patterns that may
be imperceptible to human listeners [5].

Recurrent neural networks (RNNs), especially long short-term
memory (LSTM) architectures, are well suited for modeling
temporal dependencies inherent in sequential audio signals.
Their application ‘has significantly improved performance in
respiratory diSease) detection by capturing long-range temporal
relationships, ‘actoss breathing cycles [6]. More recently,
transformer-based architectures such as HuBERT and Wav2Vec
200 have shown strong performance in selfsupervised audio
representation learning, enabling effective modeling of long-
range dependencies with reduced reliance on labeled data.
Although initially applied to speech and bowel sound analysis,
these models are increasingly recognized as promising tools for
heart and lung sound analysis [7].

A persistent challenge in biomedical audio analysis is the
limited availability of large, annotated clinical datasets. Data
augmentation techniques such as pitch shifting, time
stretching, additive noise injection, and horizontal flipping of
spectrograms are commonly employed to enhance model
generalizability. Transfer learning from large-scale general audio
datasets has further mitigated data scarcity, allowing pretrained
models to adapt efficiently to medical auscultation tasks [8].

To promote clinical adoption, explainable artificial intelligence
(XAI) methods have gained increasing attention. Techniques
such as Gradientweighted Class Activation Mapping (Grad-
CAM),
visualization of model focus on specific time frequency regions
associated with pathological sounds. These approaches enhance
interpretability, support clinical validation, and foster trust
among healthcare professionals by aligning model predictions
with known physiological and pathological acoustic signatures

(3,9].

saliency maps, and attention mechanisms enable

Pipeline Stage Techniques / Models

Scientific Purpose Representative References

Digital stethoscopes, electronic

biosensors (2-44.1 kHz)

Sound Acquisition

High-fidelity capture of cardio- |[4]
pulmonary sounds

Noise Reduction
DL based enhancement (U-Net,
autoencoders)

Wavelet denoising, adaptive filtering,

Suppress ambient and motion |[3]
noise
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boosting

Segmentation HMMs, CNN-LSTM models, Isolate S1/S2 and respiratory  |[10]
attention-based DL phases

Feature Extraction Time-domain, frequency- Encode diagnostic acoustic (4]
domain, MFCCs, spectrograms patterns

Traditional ML SVM, random forest, gradient Classification using [5]

handcrafted features

Deep Learning CNNs, RNNs (LSTM/GRU)

Automated hierarchical feature |[5]
learning

Transformer Models

Wav2Vec 2.0, HuBERT

Longrange dependency (7]
modeling, self-supervised
learning

Pitch shifting, time stretching,
noise injection

Data Augmentation

Explainable Al Grad-CAM, attention heatmaps

Table 1: Al pipeline for heart and lung sound analysis

Legend: This table summarizes the main stages involved in Al-
based auscultatory sound analysis, including sound acquisition,
preprocessing, feature extraction, machine learning and deep
learning methods, data augmentation strategies, and
explainable artificial intelligence (XAI) techniques. For each
stage, commonly used methods, their primary clinical or
computational purpose, and representative references are
presented. The table highlights the progression from traditional
signal processing and handcrafted feature-based machine
learning to advanced deep learning and transformer-based
architectures, emphasizing their role in improving diagnostic
accuracy, robustness, and clinical interpretability.

Abbreviations: Al, artificial intelligence; CNN, convelutional
neural network; DL, deep learning; ECGjuelectrocardiogram;
HMM, hidden Markov model; LSTM, slong shortterm
memory; MFCC, Melfrequency cepstrals.eoefficients; ML,
machine learning; RNN, recurrent neural network; S1, first
heart sound; S2, second heart sound; XAI, explainable artificial
intelligence.

Clinical Applications of Al-Based Auscultatory Sound
Analysis

Heart Sound Analysis

Al-based heart sound analysis has rapidly evolved into a highly
accurate and clinically relevant tool for the early detection and
characterization of cardiovascular diseases. Deep learning and
advanced machine learning models have demonstrated robust
performance across a broad spectrum of cardiac pathologies,
addressing the limitations of conventional auscultation that
relies heavily on clinician experience.

Recent work by Satya Karthikeya highlighted the importance of
heart  sound
classification [11]. By combining ten engineered acoustic
(including MFCCs, chroma
features, spectral centroid, and temporal flatness) with
ensemble learning, the authors demonstrated that XGBoost

achieved a classification accuracy of 99%, outperforming both
hybrid CNN-LSTM architectures (98%) and transformer-based

domain-specific  feature engineering in

features wavelet transforms,

Improve generalization, reduce |[8]
overfitting

Clinical interpretability and [9]
trust

Wav2Vec embeddings. These findings underscore that, despite
the rise of end-to-end deep learning, carefully designed acoustic
features remain highly effective for early cardiovascular disease
detection, particulatly in multi-class classification tasks.

also  benefited
significantly. from’ Al. Wang developed a temporal attentive

Structural héartl, disease detection has
pooling convelutional recurrent neural network (TAP-CRNN)
fornthe automatic recognition of systolic murmurs associated
with ventricular septal defects (VSDs) [12]. Using heart sound
recordings from 51 VSD patients and 25 controls, the model
achieved a sensitivity of 96.0% and a specificity of 96.7%.
Notably, when analyzing recordings from the second aortic and
tricuspid auscultation areas, both sensitivity and specificity
100%, capacity to
accurately detect subtle murmur patterns that are often

reached demonstrating the model’s

challenging for less experienced clinicians.

Beyond murmur detection, Al-based auscultation has expanded
toward functional cardiac assessment. Machine learning models
applied to epicardial accelerometer and heart sound data have
enabled non-invasive estimation of left ventricular pressure and
contractility with accuracies exceeding 90%, providing valuable
without  invasive
hold promise for
continuous cardiac monitoring and early identification of

insights into  cardiac  performance

catheterization [13]. Such approaches

hemodynamic deterioration.

Importantly, the integration of Al into low-cost digital
stethoscopes has facilitated real-world clinical translation.

Lightweight CNN-based models embedded

hardware have demonstrated near-perfect classification of

deployed on

multiple cardiac conditions, supporting use in primary care,
telemedicine, settings [6]. Attention
mechanisms and explainable Al techniques further enhance
clinician trust by highlighting acoustically relevant regions
associated with pathological heart sounds [3].

and resource-limited

Collectively, these studies demonstrate that Al-powered heart
sound analysis can achieve expert-level diagnostic performance,
support early disease detection, reduce inter-observer variability,
and expand access to high-quality cardiovascular screening
particularly in underserved populations (Table 2).
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Study / Year Population /Dataset Al Method /Features | Clinical Application |Performance Notes
(3] Various heart sound |CNN + attention Detection of normal |Accuracy >97% Differentiates aortic
datasets vs. pathological stenosis, mitral
heart sounds; regurgitation; robust
valvular disease in noisy
classification environments
[11] Multi-class heart XGBoost & CNN + | Early cardiovascular | XGBoost: 99% Emphasizes domain-
sounds (5 categories) |LSTM; engineered disease detection accuracy; CNN +  |specific feature
acoustic features LSTM: 98% engineering; multi-
(Log Mel, MFCC, accuracy class classification
delta, delta-delta,
chroma, DWT,
ZCR, energy,
spectral centroid,
temporal flatness)
[12] 51 VSD patients, 25 | TAP-CRNN | Automatic Sensitivity: 96.0%; | Enables structural
healthy subjects I(temporal attentive | recognition of Specificity: 96.7%; | heart disease
pooling- |systolic murmurs in | Second aortic & | murmur detection;
convolutional RNN) | VSD tricuspid area: aids inexperienced
, y 100%,/100% clinicians
[13] Epicardial Machine learning | Estimation of LV |Accuracy >90% Non-invasive cardiac
accelerometer data |(unspecified) pressure and function monitoring
| contractilify
[10] Low-cost digital Lightweight Al Detection of Near-perfect Supports
stethoscope models multiple cardiac & | classification deployment in
recordings | respigatory resource-limited
{ K [ r _lconditioils n Py A | settings
Table 2: Artificial intelligence (Al) approaches for héart sound Interstitial Lung Disease (ILD) Detection: Al-based

analysis

Abbreviations: CNN: Convolutional Neurals Network;
LSTM: Long ShortTerm Memory network; " “FAP-CRNN:
Temporal Attentive Pooling-Convolutional. Reeurrent Neural
Network; XGBoost: eXtreme Gradient Boosting; MFCC: Mel-
Frequency Cepstral Coefficients; DWT: Discrete Wavelet
Transform; ZCR: Zero-Crossing Rate; LV: Left Ventricular.

Respiratory Sound Analysis

Al-driven respiratory sound analysis represents one of the most
mature applications of digital auscultation. DL models
particularly LSTM and CNN-LSTM hybrid architectures—have
achieved classification accuracies exceeding 98% for common
respiratory diseases such as pneumonia, chronic obstructive
pulmonary disease (COPD), asthma, and COVID-19, using
digital stethoscope recordings alone (Table 3) [6].

Reported sensitivities range from 95-99%, with specificities
between 93-98%, and NPVs consistently above 96%, making
these systems particularly effective as screening and rule-out
tools in emergency and primary settings. The
incorporation of DL-based audio enhancement techniques
significantly

care

improves robustness in realworld clinical
environments, with signal-to-noise ratio improvements of up to
6-10 dB and corresponding increases in diagnostic confidence

and model stability [14].

auscultation has emerged as a promising tool for the early
detection and subtyping of ILD, a group of chronic pulmonary
disorders characterized by alveolar and interstitial damage [15].
Lung crackles, often subtle and underrecognized, provide
acoustic biomarkers for diagnosis. Al models analyzing these
sensitivity
specificity comparable to standard imaging and specialist
identification of ILD
subtypes and prognostic assessment. Such approaches are non-

pathological sounds have demonstrated and

interpretation, enabling real-time
invasive, radiation-free, costeffective, and particularly useful in
resource-limited settings. By correlating specific crackle patterns
with subtype Al
intervention, potentially the

irreversible fibrosis [15].

disease location, enables timely

reducing

and
progression  to

Heart Failure (HF) Detection via Pulmonary Auscultation:
Despite the decline in mortality from common cardiovascular
diseases, the global incidence of heart failure is rising.
Traditional early detection methods, such as ECGs, are often
impractical for home use. Mao demonstrated the feasibility of
using Al and lung auscultation for early HF detection in a
home setting. Pulmonary sounds were recorded from 15 HF
patients and 15 healthy subjects [16]. Two deep learning models
—a compact CNN and a pretrained transformer—were trained
on this dataset. The optimal model achieved a sensitivity of
83.3% and specificity of 71.4%, with subject-independent
training and testing. Analysis revealed that HF patients

Journal of Artificial Intelligence and Digital Health
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exhibited louder pulmonary sounds in the 750-1800 Hz range.
These findings indicate that Al-enabled auscultation can serve
as an affordable, rapid, and efficient screening method for HF,
supporting home-based monitoring and enabling earlier
intervention [16].

In pediatric populations, Al analysis of cough sounds has
emerged as a promising diagnostic modality. Abdelhalim

OPEN 8 ACCESS Freely available online

demonstrated that Albased cough classifiers achieved
sensitivities of 82-94% and specificities of 71-91% for
pneumonia and bronchiolitis, with PPVs up to 88% in high-
prevalence settings [17]. These tools offer rapid, contactless,
and non-invasive diagnostics, particularly valuable in low-
resource environments where imaging and laboratory testing
may be limited.

(various subtypes) auscultation; crackle

analysis

[16] 15 HF patients, 15
healthy subjects

Compact CNN &
pre-trained
| transformer

[17] Pediatric patients Albased cough

with pneumonia classifiers

and bronchiolitis

Table 3: Artificial intelligence (AI) approaches for respiratory
sound analysis

Abbreviations: CNN: Convolutional _Neural wNetwork;
LSTM: Long  Short:Term  Memory smetwork; ILD:
Interstitial Lung Disease; HF: Heart Failure; PPV: Positive
Predictive Value; NPV: Negative Predictive Value; COPD:
Chronic Obstructive Pulmonary Disease; SNR: Signal-to-Noise
Ratio.

Multi-Organ Sound Analysis

extended Al auscultation
frameworks beyond single-organ analysis to integrated, multi-
organ sound classification (Table 4). Unified DL models

capable of simultaneously analyzing heart, lung, and bowel

Recent developments have

sounds have achieved validation accuracies up to 94.6%,
enabling comprehensive physiological assessment from a single
recording session [18]. Such systems are particularly well suited
for telemedicine, remote monitoring, and home-based care.

Transformer-based  architectures have  shown  strong

performance in  gastrointestinal sound analysis. In
inflammatory bowel disease (IBD), these models differentiate
Crohn’s disease from irritable bowel syndrome (IBS) with
accuracies ranging from 88-96%, sensitivities up to 92%, and
NPVs exceeding 90%. Characteristic acoustic signatures such as
prolonged

distributions have been identified as discriminative features

intersound intervals and altered frequency

Study / Year |Population /Dataset| Al Method /Features| Clinical Application Performance Notes
[10] Digital stethoscope | LSTM & CNN- Classification of Accuracy >98%; High robustness in
recordings (various | LSTM hybrids pneumonia, COPD, | Sensitivity 95-99%; | clinical environments;
respiratory diseases) asthma, COVID-19 Specificity 93-98%; | DL-based audio
NPV >96% enhancement improved
SNR by 6-10 dB
[15] ILD patients Al-based - Early detection and Comparable to Non-invasive, radiation-

subtyping of ILD standard imaging & | free, cost-effective;
specialist supports real-time
interpretation subtype identification

; Early detection of
heart failure via
pulmonary
auscultationy

Rapid, niop-invasive
| pediatric réspiratory
diagnostics

I

and prognostic
assessment

| Sensitivity 83.3%;
| Specificity 71.4%

Louder pulmonary
sounds in 750-1800 Hz
range; suitable for
home-based screening

| Sensitivity 82-94%;
| Specificity 71-91%;
PPV up to 88%

Contactless screening;
useful in low-resource

settings
[7,19]. These findings highlight the potential of Al-driven bowel
sound analysis as a non-invasive adjunct to endoscopy and
biomarker testing.

Sleep Disorder Diagnosis

Al-powered analysis of overnight respiratory and snoring
sounds has emerged as an accessible alternative for screening
obstructive sleep apnea (OSA). Meta-analytic evidence indicates
pooled sensitivities and specificities above 85%, with NPVs
exceeding 90%, comparable to standard home sleep apnea tests
but with superior patient comfort and lower cost (Table 4) [20].

Advanced multimodal approaches incorporating EEG-based Al
models with auditory-linguistic and acoustic features further
enhance screening accuracy. Gu and Fan reported classification
accuracies above 90% for moderate-to-severe OSA, suggesting
that Al-enabled sound analysis may play a central role in large-
scale population screening and longitudinal sleep monitoring

(21].

Swallowing Sound Analysis

Swallowing sound analysis using Al represents a growing area of
interest, particularly in neurodegenerative diseases. In patients
with Parkinson’s disease, Al analysis of cervical auscultation
recordings correlates strongly with aspiration risk and dysphagia
severity (Table 4). Nakamori demonstrated that ML classifiers

Journal of Artificial Intelligence and Digital Health
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achieved sensitivities of 85-92% and specificities of 80-88%
for detecting aspiration events, with PPVs exceeding 85% [22].

OPEN 8 ACCESS Freely available online

dysphagia monitoring, early intervention, and telemedicine-
based rehabilitation, reducing reliance on invasive procedures
such as videofluoroscopic swallowing studies.

These findings suggest significant potential for remote
Study/ |Al Sound Clinical |Dataset/ |Accuracy |Sensitivity| Specificity| PPV (%) |NPV (%) |Key
Authors | Approach |Type Application| Sample | (%) (%) (%) Findings
Size
[20] CNN + Respiratory| OSA Overnight |- >85 >85 - - Comparab
RNN detection |sound le to home
recordings sleep tests;
, 200 enhances
patients patient
comfort
[22] ML on Swallowing! Aspiration |50 - - - - - Potential
swallowing risk in patients for remote
sounds Parkinson’s monitorin
| g and
telemedici
' ne

Table 4: Clinical applications and diagnostic performance
of artificial intelligence (Al)-based sound analysis (except
heart and respiratory sounds)

Legend: This table summarizes major clinical applications of
Al-based

including cardiac, respiratory, gastrointestinal, sleep-related,

sound analysis across multiple organ systems,
and swallowing functions. For each application, the table
reports the target condition(s), type of biological sound
analyzed, Al model architecture, performance metrics (accuracy,
sensitivity, specificity, positive predictive value, and negative
predictive value), and representative references. The [(table
highlights the growing role of deep learning and ransformer-
based models in enabling accurate, non-invasive,.andsscalable
diagnostic tools suitable for pointof-caresand selemedicine

settings.

Abbreviations: Al artificial intelligence; CNN,
convolutional neural network; COPD, chronic obstructive
pulmonary disease; DL, deep learning; IBD, inflammatory
bowel disease; IBS, irritable bowel syndrome; LSTM, long
shortterm memory; NPV, negative predictive value; OSA,
obstructive sleep apnea; PPV, positive predictive value; RNN,
recurrent network; XAl artificial

neural explainable

intelligence.

CHALLENGES, LIMITATIONS, AND ETHICAL
CONSIDERATIONS

Data heterogeneity arising from variability in recording devices
(digital stethoscopes, smartphones, wearable sensors), sampling
frequencies, auscultation sites, ambient noise levels, and
patient demographics remains a major barrier to model
generalizability. Studies report performance drops of 15-30%
in external validation cohorts when models trained on single-
center datasets are applied to heterogeneous populations [19].
The absence of standardized protocols for sound acquisition,
labeling, cross-study
comparisons and limits reproducibility and external validation.

and annotation further complicates

Dataset limitations represent another critical challenge. Many

published models rely on datasets comprising fewer than 500
labeled recordings, .often with class imbalance ratios exceeding
1:10, increasing thewrisk of overfitting and inflated performance
metrics [17]. /SSynthetic data augmentation partially mitigates
this issuesbutieannot fully substitute for large, prospectively
collected, realsworld datasets.

Environmental noise continues to degrade

diagnostic accuracy, particularly in low-resource or emergency
settings. Even with state-of-the-art deep learning based audio
enhancement, signal-to-noise ratio (SNR) improvements of 8-

significantly

15 dB are typical, yet misclassification rates may still increase by
10-20% in highly noisy environments [14].

Model interpretability is essential for clinical trust and
adoption. Black-box Al systems, particularly deep CNNs and
transformers, often fail to provide transparent decision-making
pathways, leading to clinician skepticism. Explainable Al (XAI)
techniques such Grad-CAM,
attention visualization have been shown to improve clinician
acceptance by 20-35%
recognized auscultatory landmarks (e.g., systolic murmurs,

crackles) [3,9].

as saliency mapping, and

when model focus aligns with

Ethical and legal considerations include patient data privacy,
algorithmic bias, and responsibility attribution in cases of
diagnostic error [23]. Bias related to age, sex, and ethnicity has
been documented, with performance disparities of up to 12%
between demographic subgroups in some respiratory sound
classifiers [24]. Robust governance frameworks, anonymization
protocols, and fairness-aware training strategies are therefore
imperative.

Finally, regulatory and implementation challenges persist.
Approval by regulatory agencies
validation  studies

requires  prospective,
safety,

Successful deployment

multicenter demonstrating

effectiveness, and clinical benefit.
further depends
workflows, intuitive user interfaces, and structured clinician
training programs factors shown to increase real-world adoption

rates by more than 40% [9].

on seamless integration into clinical

Journal of Artificial Intelligence and Digital Health
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Future Directions and Perspectives

The development of large-scale, multicenter, standardized, and
multimodal datasets is a critical priority for advancing Al-based
biological sound analysis. Harmonized data collection across
institutions including standardized auscultation protocols,
metadata annotation (device type, body position, sampling
rate), and outcome labeling has been shown to improve
external validation performance by 20-35% compared with
single-center datasets [7,25]. Integrating acoustic signals with
complementary modalities such as electrocardiography,
spirometry, imaging, and clinical biomarkers will further
enhance model robustness and clinical relevance [26].

Continued progress in XAl is expected to play a pivotal role in
clinical adoption. Advanced attention mechanisms, concept-

based

frameworks can improve interpretability without sacrificing

explanations, and clinician-in-the-loop  validation
predictive accuracy. Studies indicate that transparent Al systems
increase clinician confidence and willingness to use decision-
support tools by up to 40%, thereby facilitating integration into

routine care pathways [3,9].

The rapid evolution of wearable and edge-computing devices
embedding Al algorithms will enable continuous, real-world
physiological monitoring. Smart stethoscopes, chest patches,
and acoustic wearables capable of on-device inference can
support early detection of disease exacerbations, reduce
hospital readmissions by 15-25%, and enable personalized
These

particularly impactful in underserved and remote regions,

disease management strategies. technologies are

where access to specialist care is limited [7,27].

Looking ahead, multi-organ and multi-pathology Al systems
that simultaneously analyze heart, lung, bowel, and swallowing
sounds combined with clinical, biochemical, and wearable-
derived data will support precision medicine/and. proactive
healthcare models. Such
demonstrated improvements in diagnostic yield of 10-20%

integrative/ framéworks  have

over single-organ approaches and hold promise for anticipatory
interventions and longitudinal disease tracking [7,18].

Figure 1. Roadmmap for the Clinical Translation of

Al-Al-Based Biological Sound Analysis
2026 ~ _ Routine Clinical Practice.
(ii) Wearable & Edge
Deployment

(i) Data i (i) i (1i) Clinical Integration
Advances

OfF: .9 ¢

Standarilzed, Large-Scale, Machine
Multcenter & Deep Learning
Harmonized Recording Protocols Architectures

Multinodal Integration (e.g), Explainable Al (XAI)
electronic health redords, Transparency & Clincian Trust
imaging

Real-time Processing

Regulatory Validation

U
iy Y Ethical Governance /5 &
g = I

= Clinician Training o2

Figure 2: Roadmap for the clinical translation of Al-based
biological sound analysis

Legend: This figure 2 illustrates the progressive roadmap
for advancing artificial intelligence-based analysis of
biological sounds from research to routine clinical practice.
The roadmap highlights key developmental stages, including (i)
standardized, large-scale, multicenter data acquisition with
harmonized recording protocols and multimodal integration;

(ii) methodological advances in machine learning and deep

OPEN 8 ACCESS Freely available online

learning architectures, incorporating explainable Al to enhance
transparency and clinician trust; (iii) deployment of Al
algorithms on wearable and edge-computing devices to enable
continuous, realworld monitoring and early detection of
disease exacerbations; and (iv) integration of multi-organ and
multi-pathology  decision-support
workflows to support precision medicine and proactive care.
Regulatory validation, ethical
training are emphasized as cross-cutting requirements at each
equitable, and

systems into  clinical

governance, and clinician

stage to ensure safe, effective  clinical

implementation.

CONCLUSION

In conclusion, Al has fundamentally transformed the analysis
of cardiac and respiratory sounds, offering objective, accurate,
and scalable diagnostic capabilities that surpass traditional
auscultation. The integration of DL, transformer-based models,
and explainable Al enhances both diagnostic precision and
clinician trust, while enabling realtime monitoring across
diverse clinical settings. Challenges such as data heterogeneity,
environmental noise, and the need for standardized protocols
remain, highlighting the importance of large-scale, multicenter,
and multimodal datasets for robust model development. Future
directions incliide wearable and remote monitoring systems,
multi-organ_ “acoustic analysis, and precision medicine
applications, which collectively promise to make Al-powered
ausctltation” an accessible, proactive, and patient-centered tool

in routine cardiopulmonary care.

Bybridging technological innovation with clinical expertise, Al-
powered auscultation has the potential to reduce diagnostic
delays, improve early detection of cardiopulmonary diseases,
and ultimately enhance patient outcomes on a global scale.
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