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Abstract

Background: Respiratory diseases remain a significant global health burden, particularly in resource-limited settings. Objective: To review and quantitatively
analyze deep learning-based models for interpreting respiratory sounds. Methodology: A systematic search was conducted in the PubMed, IEEE Xplore,
ScienceDirect, and Scopus databases for the period 2019-2024, using PRISMA 2020 criteria. Of the 678 records accessed, 98 studies met the qualitative criteria,
while 42 met the quantitative analysis criteria. Results: An exploratory meta-analysis conducted on a subset of studies reporting native accuracy (k = 9) yielded a
pooled accuracy of approximately 90.0% (95% CI: 76.0%-97.0%), with substantial heterogeneity (I*> = 99.2%). Conclusion: Deep learning techniques
demonstrate promising diagnostic capabilities, but they still face challenges related to reliance on limited databases, poor representation of rare diseases, and
difficulty in interpreting their outputs. Implications: Future research should focus on diversifying datasets, enhancing the integration of multimodal data, and
developing interpretable or federated learning-based models to support their adoption in clinical settings.

Index Terms: Respiratory sounds; lung disease classification; Deep learning; Systematic review; Meta-analysis; Multitask learning; Explainable Al

1. Introduction

Respiratory diseases are among the most significant global health
challenges, including conditions such as asthma, chronic obstructive
pulmonary disease (COPD), pneumonia, and bronchiectasis. These diseases
continue to cause high rates of morbidity and mortality worldwide,
particularly in low- and middle-income countries with limited healthcare
resources. Early and accurate diagnosis remains essential for improving
clinical outcomes and reducing economic burdens [1].

According to the 2019 Global Burden of Disease report, there were
approximately 454.6 million active clinical cases of chronic respiratory
diseases, with 4 million deaths in the same year, making these diseases the
third among the leading cause of death globally [1]. This underscores the
critical need for accurate, low-cost, and widely applicable diagnostic tools.

Unlike previous narrative reviews that merely presented the literature
without quantitative analysis, this study applies a PRISMA 2020-guided
systematic review framework and includes a structured quantitative
synthesis of recent deep learning studies on respiratory sound analysis
(2019-2024). It offers a comprehensive synthesis that includes the
statistical integration of key indicators such as accuracy, variance, and
subgroup analysis. This methodology represents a step toward bridging
the gap between scattered evidence and reproducible, unified insights [2].

Traditional diagnostic methods—such as X-rays, computed
tomography (CT) scans, and pulmonary function tests—remain effective,
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but they are often expensive or require specialized equipment. While
auscultation with a stethoscope is a widely available and easy-to-use option,
its accuracy is influenced by the practitioner’s experience and can vary from
one physician to another. To overcome these limitations, computational
analysis of respiratory sounds has emerged as an objective and non-
invasive alternative, transforming the auscultation process into a
measurable and repeatable step, thus expanding its applicability in
resource-constrained environments [2].

Recent years have witnessed significant advancements in the use of
deep learning (DL) techniques for respiratory sound analysis. Convolutional
network (CNN) models, recurrent network (RNN/LSTM) models, and newer
models based on transformers or hybrid structures have proven their
ability to extract accurate and meaningful sound patterns [3-5]. Their
applications range from disease detection and classification of various
pulmonary conditions to identifying sounds such as wheezing and rattling,
and even to estimating disease severity, with studies ranging from
analyzing wheezing sounds in children to modeling the severity of COPD
[6, 7]. Recent review studies have further confirmed the effectiveness of
deep learning-based auscultation systems and intelligent stethoscopes in
improving diagnostic performance and automation capabilities [8, 9].

Despite this progress, several challenges remain, most notably:

e Over-reliance on the ICBHI 2017 database — which—while
contributing to research—limits the generalizability of models to
real-world settings [10, 11].
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e Data imbalance and scarcity — with rare diseases being
underrepresented, leading to model bias and inconsistent results. In
addition, the availability of diverse and clinically annotated lung sound datasets
remains limited, as existing datasets are often collected under controlled
conditions and include relatively small cohorts, which may not fully reflect real-
world variability [12, 13]. Methods such as data augmentation or meta-
analysis offer only partial solutions [7, 14].

e Focus on individual tasks —as many studies treat each task
independently, overlooking the benefits of multitasking learning in
enhancing diagnostic performance, as most studies still lack
integration of explainable Al (XAI) techniques [15, 16]. As most
studies lack the integration of interpretive intelligence (XAI)
techniques, which are essential for building clinical confidence [16].

e The lack of verification across different databases and
integration of models in the clinical context, as models often show a
decline in performance when tested on new data, while modern
methods such as metadata-guided training or adaptive training seek
to narrow this gap [17, 18].

These gaps reveal the need for a comprehensive and systematic
evaluation of computational techniques in respiratory sound analysis.
Although several recent reviews have discussed artificial intelligence and
audio-based respiratory disease diagnosis, few have combined a PRISMA-
guided design with a structured quantitative synthesis focused specifically
on deep learning-based respiratory sound analysis [19, 20].

To perform a structured quantitative synthesis of model
performance, including an exploratory meta-analysis of studies reporting
native accuracy and a descriptive analysis of studies reporting AUC and
F1-score. This paper contributes four key points:

1) To conduct a systematic review, aligned with PRISMA 2020, of deep
learning models for respiratory sound analysis during the period
2019-2024 [21].

2) To perform a structured quantitative synthesis of model
performance, including an exploratory meta-analysis of studies
reporting native accuracy and a descriptive analysis of studies
reporting AUC and F1-score.

3) To analyze pivotal gaps in database diversity, class imbalances,
task design, and the integration of XAI techniques [10, 14-16].

4) To propose future research avenues, including federated learning,
self-supervised  representational  learning,  cross-database
evaluation, and the integration of multimodal data (e.g.,
demographic characteristics, medical images, and pulmonary
function tests) using adaptive training [5, 17, 18].

By gathering available evidence and formulating clear guidelines, this
study seeks to bridge the gap between algorithmic development and
clinical application and to support the development of reliable,
interpretable, and generalizable Al tools for diagnosing respiratory
diseases.

2. Methodology

This survey adopted the PRISMA 2020 methodology for preferred
reporting elements for systematic reviews and meta-analyses to ensure
transparency, reproducibility, and adherence to rigorous methodological
standards [21]. The workflow comprised four main phases:

(1) Reference search, (2) Screening of studies, (3) Assessment of relevance,
and (4) Final selection of studies that met the criteria.

2.1 Search Strategy

We conducted a comprehensive search across four major databases:
PubMed (MEDLINE), IEEE Xplore, ScienceDirect, and Scopus. The search
included studies published between 2019 and 2024, aiming to identify the
latest developments in deep learning-based respiratory sound analysis, in
accordance with PRISMA’s recommendations for citing sources [21]. The
search equation (modified to suit each database) was formulated as
follows:

("respiratory sounds” OR "lung sounds” OR "cough sounds"
OR "breath sounds")

AND ("deep learning” OR “neural networks" OR "CNN" OR
"RNN" OR "transformer" OR"machine learning")
AND ("classification” OR "detection” OR "diagnosis")

We also reviewed the reference lists of included studies and related
reviews to ensure comprehensiveness and that no important sources were
overlooked [21].

2.2 Inclusion and Exclusion Criteria
2.2.1 Inclusion:

This review includes: (i) Original peer- reviewed studies that used deep
learning techniques, machine learning methods, or hybrid models combining
both to analyze respiratory sounds; (ii) Studies that addressed one or more
of the following aspects: disease detection, disease type classification,
sound type recognition, or condition severity assessment; (iii) Studies that
provided sufficient information about the datasets used, experimental
design, and performance evaluation metrics such as accuracy, F1-score,
area under the curve, sensitivity, and specificity to allow structured data
extraction; (iv) Articles published in English between 2019 and 2024.

2.2.2 Exclusion:

Analogical reviews, editorials, and commentaries that do not include
original experiments are excluded; studies that focus exclusively on
speech or non- respiratory signals such as heart sounds or EEG/EKG
signals are excluded; research that lacks sufficient methodological detail or
extractable evaluation data is excluded; and duplicate publications are
excluded. These standards are based on PRISMA best practices [21].

2.3 Screening and Selection
2.3.1 Phase 1 - Study Identification:

The retrieved studies were exported to the reference management
software, and duplicates were automatically removed and manually verified.

2.3.2 Phase 2 - Title and Abstract Review:

The titles and abstracts were screened according to the predefined
inclusion criteria by a primary reviewer.

2.3.3 Phase 3 - Full Text Evaluation:

The full texts of the studies that initially appeared eligible were
independently reviewed by a second reviewer to confirm eligibility and
ensure adherence to the predefined inclusion and exclusion criteria.
Discrepancies were resolved through discussion and consensus. Formal
inter-rater agreement statistics (e.g., Cohen’s kappa) were not calculated,
as the screening process followed a sequential independent validation
approach with consensus resolution. This approach is considered
acceptable in systematic reviews when discrepancies are resolved through
structured discussion and was adopted to ensure consistency while
minimizing reporting complexity.

2.3.4 Phase 4 - Final Inclusion:

The final studies were included after agreement was achieved. This
structured  screening  approach  improves  transparency  and
methodological consistency in accordance with PRISMA standards [21].

2.4 Data Extraction

We adopted a standardized data extraction model that included: (i)
Study information such as researcher names, publication year, and
publication status; (ii) Dataset characteristics, including dataset type (e.g.,
ICBHI 2017 or clinical datasets), sample size (subjects, recordings, or
respiratory cycles), and task definition; (iii) Model characteristics,
including architecture type (CNN, RNN, Transformer, hybrid, or classical
machine learning); (iv) Evaluation metrics, including native accuracy
(when available), AUC, Fl-score, sensitivity, and specificity; and (v)
Methodological design variables, including validation strategy (e.g.,
train/test split or cross-validation), external validation, calibration
reporting, and availability of uncertainty measures (CI/SE/variance).

All extracted variables were systematically coded into a structured
evidence table (master extraction table), ensuring consistency and
traceability across studies. Each study was additionally annotated with
eligibility indicators for qualitative synthesis, quantitative synthesis, and
primary accuracy meta-analysis.

This structured extraction framework enabled reproducible filtering of
studies into metric-specific groups (accuracy-based, AUC-based, and F1-
based analyses) without enforcing metric harmonization. The approach
ensures transparency in how studies were selected, categorized, and
subsequently used in the quantitative evidence synthesis.

2.5 Quality Assessment

We used a modified and adapted version of PROBAST-AI (a tool for
assessing bias risks in predictive models with Al extensions) to assess bias
risks and reproducibility. Instead of applying the full PROBAST-AI scoring
system, key domains relevant to machine learning-based respiratory
sound analysis were operationalized within the structured data extraction
framework. This tool includes four main axes: participant characteristics,



predictor characteristics and processing, study outcomes including
labeling quality and comment reliability, and a statistical analysis axis
(validation methods, leakage control, and analysis reports). Each axis was
qualitatively assessed using the information extracted from each study.

In particular, variables related to split type, external validation,
calibration reporting, and availability of uncertainty measures
(CI/SE/variance) were used as practical indicators of methodological
robustness. These variables were systematically recorded in the master
extraction table and used to identify potential sources of bias and
heterogeneity across studies.

A summary of these methodological quality indicators is provided in
Table I. These indicators are derived from the structured coding of the
studies included in the quantitative synthesis.

Table I. Summary of Methodological Quality Indicators Based on the Quantitatively
Included Studies (N = 42)

R til
Domain Indicator eporting Common Issues
Level
Validation Split typ.e (patient- . Lack of patient-
design wise / Variable independent splittin;
g random/unclear) P p g
External Independent dataset . Few studies used true
. . Limited S
validation validation external validation
Calibration Calibration repf)rting Rare Calibration almost
(e.g., ECE/Brier) never reported
Uncertainty CI/SE/ V?riance Limited Missing L.lr?cer.tainty
reporting quantification
Potential leakage d
Data leakage Preprocessing before otentiatiea ag? ue
. Unclear to augmentation
control split }
before the split
Dataset Sample size'anld Moderate Inclomplete repolrting
transparency dataset description in some studies

Across the quantitatively included studies (N = 42), only a minority
explicitly reported patient-wise data splitting, while a considerable
proportion relied on random or unclear split designs. External validation
was reported in only a small subset of studies, and calibration assessment
was rarely performed. These findings indicate that a substantial proportion
of studies may be subject to optimistic performance estimation and limited
generalizability.

Rather than assigning fixed numerical bias scores, the assessment was
used to guide the interpretation of results and the stratification of studies
during the quantitative synthesis. Common methodological limitations
observed across studies included a lack of patient-independent validation,
limited external validation, and incomplete reporting of calibration and
uncertainty measures. TRIPOD-AI guidelines were also considered to ensure
the clarity and reproducibility of the predictive model reports [22].

2.6 Reported Metrics Cheat-sheet

In order to standardize terminology and facilitate tracking the
indicators used, the following studies were included. Table II provides a
structured summary of the most commonly reported evaluation metrics,
along with their symbols and interpretation notes.

Importantly, performance metrics were not converted across types
(e.g., AUC or F1-score into Accuracy), and each metric was analyzed within
its native reporting context to avoid introducing methodological bias.

Table II. Metrics used across the included studies.

Metric Symbol Notes

Primary metric for studies reporting native

Accuracy Acc classification accuracy; used only when directly
reported.

Fl-score 1 Reported as provided (macro- or wellghted-Fl);
analyzed separately without conversion.
ROC-AUC is preferred when available; analyzed

AUC AUC independently with corresponding uncertainty
when reported.

Sensitivity Sen Reca!l.f(.)r the positive class, report with
Specificity.

Specificity Spe True negative rate; clinical interpretability.

Calibration - ECE/Brier suggested for clinical readiness.

2.7 PRISMA Flow Diagram

The study selection process is summarized in Figure 1 usinga PRISMA
2020-compliant diagram [21]. It reports the number of records identified,
screened, excluded (with reasons), assessed for eligibility, and included in
qualitative and quantitative syntheses. Counts are reported as follows:
Records identified: N =678; after duplicates removed: N = 578; screened
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(title/abstract): N = 578; full-text assessed: N = 155; full-text excluded with
reasons: N = 57; included in qualitative synthesis: N =98; included in quantitative
synthesis (meta-analysis): N = 42. For completeness, duplicates removed
amounted to N =100, and title/abstract exclusions to N=423.

The set of studies included in the quantitative synthesis (N = 42) was
further structured according to the type of reported evaluation metric
(e.g., Accuracy, AUC, F1-score), and not all studies contributed to the same
pooled analysis.

Screening outcomes and exclusion reasons: Ofthe 578 records screened,
423 were excluded at the title/abstract stage for reasons including non-
auscultation audio (e.g., speech-only, heart sounds), out-of-scope tasks
(non- classification or non-respiratory), insufficient methodological detail or
missing evaluation metrics, and non-English publications outside our
2019-2024 window. Of the 155 full-texts assessed, studies not meeting
our predefined inclusion criteria (e.g. lack of clinically meaningful labels,
absence of extractable performance metrics, or inadequate validation
design) did not progress to qualitative or quantitative synthesis. A detailed
breakdown is provided in Table III and Table VII. Table VII summarizes
studies included in the qualitative synthesis (N = 98), while studies
included in the quantitative synthesis (N = 42) were further filtered based
on metric comparability. (Table VI, Table VII, and Table VIII in the
APPENDICES).

2.8 Statistical Analysis and Protocol

A structured quantitative synthesis was conducted to summarize reported
performance across studies. Due to substantial heterogeneity in metrics,
datasets, and validation designs, a fully unified meta-analysis across all included
studies was not considered methodologically appropriate. The primary
outcome was classification performance as reported in each study, and no
metric conversion (e.g, AUC or Fl-score to Accuracy) was applied to avoid
introducing methodological bias. Studies were grouped and analyzed based
on the type of reported metric. A formal meta-analysis was conducted only
for studies reporting native accuracy, while studies reporting AUC or F1-
score were retained for descriptive synthesis within their respective metric
categories. For studies reporting native Accuracy, a restricted subset was
defined for quantitative pooling. Proportions were stabilized via a logit
transformation and combined using inverse-variance weighting within a
random-effects framework. The effect size was defined as the logit-
transformed accuracy proportion. Study-specific estimates were weighted
using inverse-variance weighting, and when multiple performance results
were reported within a single study, only one representative estimate was
selected based on predefined criteria to avoid unit-of-analysis errors.
Between-study variance (t?) and heterogeneity (I*) were reported
together with 95% confidence intervals (ClIs) and, where appropriate,
95% prediction intervals (PIs). Given that sample sizes were not
consistently reported across studies, a standardized denominator
approximation was used for variance estimation; therefore, pooled
estimates should be interpreted cautiously. This limitation may affect
variance estimation and should be considered when interpreting pooled
results.

Sources of heterogeneity were explored through subgroup analysis
based on dataset type and model architecture to identify systematic
variations across studies. A substantial proportion of studies did not
clearly report patient-wise data splitting, and only a limited number of
studies included external validation or calibration assessment, indicating
potential risks of overestimation and limited generalizability. These
methodological limitations were taken into account during the
interpretation of pooled and descriptive results. Pre-specified subgroup
analyses stratified results by model family (CNN, RNN/LSTM,
Transformer/Hybrid), dataset (ICBHI 2017 vs. others), and task
granularity (binary vs. multi-class), and evaluation metric type.

Small-study effects were explored using funnel plots as a descriptive
tool. Forest and funnel plots were used to visualize pooled estimates
within each metric-specific analysis. Formal statistical testing for
publication bias was not performed due to the limited number of studies
in the pooled subset.

2.8.1 Software and Estimation Method:

All quantitative analyses were performed using the R software
environment (version 4.3.2) with the metafor and meta packages. A
random-effects model with the restricted maximum likelihood (REML)
estimator was used as the primary pooling method, and sensitivity
considerations focused on studies with clearly reported native accuracy and
more robust validation designs (e.g, patient-wise splits). Heterogeneity
statistics (/2, T 2) and between-study variance were computed
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automatically using these packages.

Sensitivity analyses were conducted by restricting the pooled analysis
to studies with clearly reported native accuracy and more robust
validation designs (e.g., patient-wise splits) to assess the stability of the
pooled estimates.

2.8.2 Protocol Registration:

The review protocol was not pre-registered (e.g., PROSPERO/OSF), as
the study was initiated prior to formal protocol registration planning.
Nevertheless, all stages of the review strictly adhered to PRISMA 2020 to
ensure methodological transparency and reproducibility [21]. Although not
pre-registered, the protocol and the standardized data extraction form are
provided in the Supplementary Material to the corresponding author to
ensure transparency and reproducibility. To improve transparency, the full
review protocol, including eligibility criteria, outcome definitions, and
data extraction procedures, is provided in the Supplementary Material. No
post-hoc modifications to eligibility criteria, outcome definitions, or
analysis plans were made after the screening phase.

Records identified:
678

Records screened (after de-duplication):
578

Title/abstract exclusions:
423

l

Full-text assessed for eligibility:
155

Included in qualitative synthesis:
98

Included in quantitative synthesis (meta-analysis):}
42

Figure 1: PRISMA 2020 flow diagram summarizing identification, screening,
eligibility, and inclusion [21].

The studies included in the quantitative synthesis were further
categorized based on metric compatibility for structured analysis. A
detailed inspection of Table VIII further confirms that variability in
validation design, dataset composition, and reporting transparency
remains a key source of methodological heterogeneity across the included
studies. This table provides the basis for all subsequent quantitative and
descriptive analyses and ensures full transparency of study-level
characteristics and methodological variability.

Table III. Full-text articles were excluded for the following reasons (N = 57).

Reason Count
Not multi-disease / not classification-focused 19
Cough-only scope (outside auscultation inclusion) 10
Insufficient methodological detail/metrics 8
Non-auscultation modality (imaging/PFT-only) 7
Overlapping data / duplicate cohort 6
Outside time window / non-English 4
Other reasons 3
Total 57

3. Results and Meta-Analysis

3.1 Study selection

Following the PRISMA protocol [21], we initially identified N = 678
records from all sources. After removing duplicates, N = 578 unique records
remained and were screened at the title/abstract level, excluding N = 423.
Next, N =155 full-text articles were assessed for eligibility. Finally, N = 98
studies met the inclusion criteria for qualitative synthesis, and N = 42
provided sufficient data for quantitative synthesis.

The subset of studies included in the quantitative synthesis (N =42) was
selected based on the availability of extractable and comparable evaluation
metrics suitable for structured analysis. The study selection flow is
summarized in Figure 1 [21]. A detailed summary of the studies included in
the quantitative synthesis (N = 42) is provided in Table VIII.

3.2 Characteristics of Included Studies

The included studies (N = 98, qualitative synthesis) cover 2015-2025,
with a noticeable increase after 2020 as interest in respiratory sound analysis
and clinically relevant ML/DL grew [3, 4].

3.2.1 Datasets:

The ICBHI 2017 corpus was the most commonly used benchmark.
Many studies relied on a single dataset, while only a few performed cross-
dataset validation or prospective clinical testing [7, 10, 11]. Some studies
used private clinical collections, but reporting practices and public
availability varied [3, 4]. Across the included studies, the most frequently
used datasets were ICBHI 2017 (63%), Clinical/Private (28%), and
BRACETS (6%). Only about 7% of studies utilized multiple datasets,
highlighting limited dataset diversity and the need for broader benchmark
standardization and cross-dataset validation to enhance model
generalizability. A structured distribution of these studies is summarized
in Table VIL

3.2.2 Model architectures:

CNNs dominated, followed by RNN/LSTM models. More recent
work explored Transformers or hybrid CNN-Attention models, showing
improved performance in small-data settings or under domain shifts
[4, 5 17, 18].Some studies used classical ML methods (e.g., SVM RF)
with hand-crafted features (MFCC, spectral contrast), achieving
competitive results on limited datasets [6, 11, 23].

3.2.3 Tasks:

We observed four main task types: (i) binary disease detection, (ii)
multi-class disease classification, (iii) sound-level classification, and (iv)
severity estimation. In addition, some studies focused on clinically specific
diagnostic targets rather than broad respiratory disease categories, such
as the classification of pulmonary sounds for detecting interstitial lung
diseases secondary to connective tissue diseases [24].

3.2.4 Evaluation Metrics:

Accuracy, Fl1-score, and AUC were most commonly reported across
studies; however, these metrics were analyzed separately in the
quantitative synthesis to avoid cross-metric comparability issues [3,4,7].

A comprehensive per-study comparison is provided in Table VIII. A
complete per-study table is provided in Appendix A (Table VIII).

3.3 Quantitative Synthesis

We conducted a structured quantitative synthesis of reported
performance metrics, grouped by model architecture. To ensure
methodological consistency, no cross-metric conversion was applied
between different performance measures. Instead, a strict accuracy-only
subset was defined for formal pooling, while other metrics such as AUC
and Fl-score were analyzed descriptively. To provide a structured
quantitative summary of model performance, an accuracy-based subset of
studies was identified from the 42 studies included in the quantitative
synthesis. Only studies reporting native accuracy were considered eligible
for pooled analysis, while studies reporting AUC or Fl-score were
analyzed descriptively without metric conversion. CNN-based models
consistently demonstrated high performance, followed by RNN/LSTM and
Transformer/hybrid models. Transformer and attention-based pipelines
showed robustness, especially with limited labeled data [4, 5, 17]. An
exploratory random-effects meta-analysis was conducted on the eligible
subset (k = 9). The pooled accuracy was estimated at approximately
90.0% (95% CI: 76.0%-97.0%), indicating generally high reported
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performance across studies.

However, substantial heterogeneity was observed (I* = 99.2%; 12 =
1.9571), reflecting significant variability in datasets, task definitions,
model architectures, and validation strategies. The wide prediction
interval further suggests that model performance is highly context-
dependent and may vary considerably across different experimental
settings. Forest plots (Figure 2) display study-level effect estimates and
their variability, while funnel plots (Figure 3) visualize potential
publication bias. Forest plots were used to visualize individual study
estimates and pooled effects, while funnel plots were used for descriptive
assessment of potential small-study effects. The forest plot (Figure 2)
summarizes comparable subsets of studies without cross-metric pooling.
The funnel plot (Figure 3) illustrates study-level performance metrics
plotted against their standard errors (SE). The vertical dashed line
represents the central tendency of the included studies, while the dotted
boundaries represent the 95% pseudo-confidence region. Visual
symmetry in the funnel plot suggests limited evidence of publication bias,
whereas visible asymmetry suggests potential small-study effects or
selective reporting [3, 11]. However, due to the limited number of studies
included in the pooled subset, formal statistical testing for publication bias
was not performed. Overall, these findings indicate that while deep
learning models can achieve high performance under controlled
conditions, their generalizability remains uncertain due to methodological
inconsistencies across studies.

To provide a concise overview of model performance and dataset
usage trends across the included studies, Table IV presents a condensed
summary of the main model families, reported performance ranges, and
qualitative insights. The complete per-study summary table (original
Table 1V) is provided in Appendix A for detailed reference. The following
figures are presented for descriptive visualization purposes only and do
not represent formal pooled meta-analytic estimates.

To further quantify performance across comparable studies, an
exploratory meta-analysis was conducted on studies reporting native
accuracy. The results are visualized in Figure 2.

Study Events N  Random-effects model  Accuracy  95%Cl
Ma et al. 2020 528 1000 = 0.53 [0.50;0.56]
Yang et al. 2023 727 1000 = i 0.73 [0.70;0.75]
Wu et al. 2024 778 1000 = 0.78 [0.75;0.80]
Erlangga et al. 2024 790 1000 = 0.79 [0.76;0.81]
Bacanin et al. 2024 933 1000 i 0.93 [0.92;0.95]
Khan et al. 2024 942 1000 0.94 [0.93;0.96]
Wall et al. 2022 955 1000 : 0.95 [0.94;0.97)
Fava et al. 2024 970 1000 i 0.97 [0.96;0.98]
Zhang et al. 2024 990 1000 0.99 [0.98;1.00]
Random effects model 9000 - 0.90 [0.76; 0.97]

Prediction interval [0.24; 1.00]
Heterogeneily: /° = 99.2%, T = 1.9571, p < 0.0001
030405060708089
Accuracy Proportion

Figure 2: Forest plot of the exploratory random-effects meta-analysis of studies
reporting native accuracy (k = 9). The pooled estimate was calculated using a logit-
transformed proportion model with REML estimation. The diamond represents the
pooled accuracy, and the horizontal lines indicate 95% confidence intervals. The
prediction interval reflects between-study variability.

The forest plot illustrates substantial variability across individual
study estimates, with reported accuracies ranging from moderate to very
high values. The pooled estimate indicates generally strong performance;
however, the wide confidence and prediction intervals reflect
considerable heterogeneity. This variability is primarily attributed to
differences in datasets, task definitions, model architectures, and
validation protocols across studies. Table IV provides a descriptive
summary of studies with extractable native accuracy values, grouped by
model family. These values represent reported accuracy ranges and are
presented to complement the exploratory meta-analysis rather than
replace it. To explore potential small-study effects, a funnel plot was
constructed, as shown in Figure 3.

The funnel plot shows an asymmetric distribution of studies around
the pooled estimate, which may reflect heterogeneity in study design
rather than true publication bias. Given the limited number of included
studies and the use of approximated variance estimates, this plot should
be interpreted cautiously and is presented for descriptive purposes only.
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Table IV. Descriptive summary of studies with extractable native accuracy values,
grouped by model family. These values represent reported accuracy ranges rather than
pooled meta-analytic estimates.

No. of Reported

Studies with Native Predo:ni
Model Type Extractable Accuracy Dnan Strength / Interpretation
. ataset
Native Range ©)
Accuracy (%)
ICBH et values
5279- 2017+  Periormance butve
CNN 8 L vary widely according to
97.00 Clinical/ P .
X validation design and
Private "
dataset composition.
ICBH g capabil
RNN/LST P 84.00- 2017+ S ﬁerp Y
M 99.01  Clinical/ gher
X performance in task-
Private i .
specific settings.
ICBHI Strong representation
2017 + learning and robustness,
Transform 10 72.72- Private/ but affected by task
er/Hybrid 99.94 . heterogeneity and
Multimo R .
mixed evaluation
dal )
settings.
ICBHI S;Tgcitrl;g];lr;maller
Classical 4 75.60- 2017 + datasets, though highl
(SVM/RF) 99.72  Clinical/ sets, thoug 1 ighty
Private sensitive to task scope
and validation protocol.
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Figure 3: Funnel plot of the studies included in the exploratory meta-analysis (k = 9).
Accuracy proportions are plotted against their standard errors. The dashed vertical
line represents the pooled estimate, and the triangular region indicates the expected
distribution under no small-study effects. This plot is used for descriptive assessment
only.

3.4 Subgroup Analysis and Qualitative Insights
3.4.1 Subgroup analysis:

o Dataset dependency. Models trained on a single dataset (e.g,
ICBHI 2017) tended to report higher internal performance, while
studies involving multiple datasets or more heterogeneous data
sources generally reported lower but more realistic performance,
indicating limited cross-dataset generalization [10, 18].

e Task complexity. Studies addressing binary classification tasks
generally reported higher accuracy compared to multi-class settings,
reflecting the increased complexity and class overlap in multi-class
scenarios [4, 11].

¢ Imbalance mitigation. Imbalance handling strategies such as data
augmentation and class weighting were commonly employed and
were associated with improved model performance; however, the
magnitude of improvement varied across studies and could not be
consistently quantified due to differences in experimental design
(11, 14].

Cross-dataset testing. Only a limited number of studies evaluated
models across multiple datasets. Although these studies often
reported lower absolute accuracy, they provided stronger evidence
of robustness and sensitivity to domain shift effects [10, 18].

Heterogeneity across model families is summarized in Table V.
observed variability reflects differences in dataset selection, task
formulation, and validation strategies rather than purely statistical
variation. Transformer-based and hybrid approaches appeared to exhibit
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more stable performance across heterogeneous settings, although this
observation remains descriptive.

Table V. Descriptive Summary of Reported Accuracy Ranges Across Model
Families.

Reported Approximate
Model Accuracy Central Dataset

Family Range Tendency Context TR0
(%) (%)
High
Mainly perionréz?nce
CNN ~87-95 ~91 ICBHI
2017 controlled
benchmark
settings
Effective
Mainly temporal
RNN/LSTM ~83-93 ~88 ICBHI modeling with
2017 moderate
variability
Strong
representation
Transft ICBHI
Fansionmer——_g4_9¢ ~93 HIT capability and
/Hybrid Private
robustness

across datasets

Note: Values represent descriptive ranges of reported accuracy extracted from the
included studies and are not derived from a formal statistical meta-analysis. Central
tendency values are approximate and provided for visualization purposes only.

3.5 Qualitative Insights
3.5.1 Strengths:

Deep learning-based approaches consistently demonstrated strong
performance across a variety of respiratory sound analysis tasks,
particularly when evaluated on benchmark datasets such as ICBHI 2017.
Recent deep learning models have shown a strong ability to learn
informative acoustic representations from respiratory sounds, particularly
when optimized for spectrogram-based or fused-audio feature learning
[25, 26]. Their ability to learn complex acoustic patterns from
spectrogram-based representations contributed to improved classification
capability under controlled experimental settings[3, 4].

3.5.2 Weaknesses:

Despite these advances, many studies relied on single-dataset
evaluation and lacked patient-independent validation or external testing,
limiting the generalizability of reported results. In addition, limited
integration of multimodal information (e.g., clinical metadata, imaging, or
physiological signals) and scarce reporting of explainability mechanisms
(XAI) remain important limitations for clinical adoption [16, 17].

3.5.3 Gaps and priorities:

Several methodological gaps were identified across the included
studies, including: (i) absence of standardized preprocessing and
evaluation protocols (e.g., filtering settings, segmentation strategy,
patient-wise  splitting), (ii) limited cross-dataset validation and
inconsistent reporting practices, and (iii) under-exploration of multi-task
learning objectives and severity-aware modeling. Addressing these
challenges requires more rigorous experimental design and improved
transparency to support reproducibility and real-world applicability [5,
15,18].

4. Discussion

This systematic review and meta-analysis summarize deep learning
(DL) approaches for respiratory sound analysis over the period 2019-2024.
Our findings confirm that DL models—especially CNN-based and
hybrid/attention architectures—can achieve high benchmark accuracy,
yet several limitations remain before these models can be reliably used in
clinical settings [3, 4].

The extremely high heterogeneity observed (I* = 99.2%) indicates
that the pooled accuracy estimate should be interpreted with extreme
caution. This level of variability suggests that the included studies differ
substantially in terms of datasets, validation protocols, and model
configurations. Therefore, the pooled estimate does not represent a stable
or generalizable performance indicator but rather a broad summary of
highly heterogeneous results.

4.1 Generalizability and Dataset Bias

Many studies rely heavily on the ICBHI 2017 corpus as the main
benchmark, which raises concerns about overfitting and limited external

validity. Models trained on benchmark datasets such as ICBHI may show
noticeable performance drops when evaluated on independent datasets
due to differences in data distribution and recording conditions [10-13].
This suggests that current benchmarks may overestimate generalization.
Multi-institutional ~datasets, diverse populations, different recording
environments, and explicit external validation with patient-wise splits are
essential for more reliable assessment [22, 27].

4.2 Class Imbalance and Rare Phenotypes

Class imbalance remains a recurring problem; common diseases such
as COPD and pneumonia are well represented while less common
diseases—such as asthma or pulmonary fibrosis—remain underrepresented
in respiratory sound datasets. Dianat et al, 2023 [24] specifically addressed the
classification of pulmonary sounds for diagnosing interstitial lung diseases
associated with connective tissue diseases, highlighting the clinical importance of
extending deep learning models beyond common respiratory conditions.
Techniques such as category balancing, focal loss, or synthetic data generation
using GANs may improve performance in some settings, particularly when class
imbalance is severe [11, 14]. However, these methods remain partial
substitutes for diverse, real-world data. Practical solutions include federated
learning across institutions and collecting additional data for
underrepresented categories while maintaining privacy requirements [7].

4.3 Task Design and Multi-Task Learning

Disease detection tasks often achieve higher accuracy (over 93%)
than multi-category classification tasks (around 80-85%) or sound level
classification tasks, due to the complexity of category boundaries and the
increasing noise in labels [4, 11]. Multitasking learning (MTL) remains
underutilized, despite its potential to leverage common phonological features
across tasks (presence, type, intensity, demographics), thereby enhancing
robustness and efficiency [15]. Accurate labeling and clear task ontologies
remain essential for expanding MTL adoption.

4.4 Explainability, Calibration, and Clinical Utility

The limited use of explainable artificial intelligence (XAI) techniques
is a major obstacle to gaining clinical confidence. While some studies have
presented attention maps or displayed gradients, clinically relevant
approaches and uncertainty reports remain limited [16, 17, 20]. In addition
to traditional metrics, future studies should include calibration evaluation,
clinical feasibility analysis (such as decision curves), and error studies
across different populations and devices, in line with current reporting
guidelines [22, 27].

4.5 Ethical, Privacy, and Deployment Considerations

Breath sounds are useful but incomplete signals on their own. Studies
have shown that combining them with demographic information, pulmonary
function tests, or radiographic images can improve reliability, especially when
field conditions vary [8, 10, 26]. Architectures such as multi- source
transformer models or graphical networks allow for better integration of
these patterns, but standard interfaces and common test metrics are
required to ensure fair comparisons [4].

Unlike previous narrative reviews [3, 4], this study adheres to the
PRISMA 2020 framework and adds a meta-analysis covering the period 2019-
2024 [22, 27] providing quantitative evidence drawn from 42 studies.

From a clinical perspective, deep learning models for analyzing
respiratory sounds can be integrated into digital hearing aids, telemedicine
platforms, and mobile health applications, enabling scalable decision
support tools for medical and community care professionals, particularly in
resource-limited settings.

4.6 Ethical And Data-Privacy Considerations

Most of the datasets used in the studies were public and de-
identified—such as ICBHI 2017—significantly reducing privacy risks.
However, large-scale data collection in the future will require adherence to
ethical standards, including informed consent, anonymization, and approval
by ethical authorities. Fairness and bias reduction must also be addressed
when training models on different populations to prevent discrepancies in
diagnostic performance. Transparent documentation of data sources and
adherence to responsible Al principles remain crucial.

5. Strengths and Limitations of this Review

This systematic review and meta-analysis combine several important
strengths with some limitations that should be noted.



5.1 Strengths

Strengths. First, this review is, to the best of our knowledge, among
the few recent studies that combine a PRISMA-guided design with a
structured quantitative synthesis focused specifically on deep learning-
based respiratory sound analysis, extending beyond prior review-oriented
summaries in the field [19, 20].

Second, the review adhered to the PROBAST-AI and TRIPOD-AI
standards, which allowed for a transparent assessment of bias sources and
better assurance of the reproducibility of the Al-based diagnostic models.
Third, the analysis encompassed multiple families of deep learning models,
such as CNNs, RNN/LSTMs, transformers, and hybrids, and evaluated
them within a standardized set of metrics, providing a broad comparative
framework for researchers and practitioners.

Finally, the use of subcategory analysis, meta- regression, and
sensitivity tests helped identify consistent performance patterns while
highlighting methodological gaps that warrant future attention.

5.2 Limitations

Despite these advantages, some limitations should be noted. First, the
protocol has not been previously registered on platforms such as PROSPERO
or OSF, which may limit the traceability and reliability of the process.
Second, the funnel plot results showed potential asymmetry, suggesting
that small studies with positive results may be overrepresented. However,
formal statistical testing for publication bias was not performed due to the
limited number of studies included in the pooled analysis. Therefore, the
possibility of small effects from small studies cannot be entirely ruled out.
Third, some of the included studies relied on small, homogeneous datasets
with weak external validation, which may inflate performance estimates
and reduce generalizability. Furthermore, publication bias could not be
entirely ruled out due to the limited number of studies within some
subcategories. Finally, some studies suffered from a lack of detailed
methodological information, which affected the consistency of data
extraction and analytical comparisons.

However, these limitations do not weaken the overall validity of the
findings. Rather, they underscore the strength of larger, multicenter
studies based on standard protocols such as TRIPOD-AI and PROBAST-AI
to strengthen the evidence and support the future clinical use of these
models.

6. Conclusion and Future Directions

This systematic review and meta-analysis highlight the significant
progress made in the analysis of respiratory sounds and the classification
of lung diseases using deep learning techniques over the past five years.
Convolutional CNN (CNN) models and attentional hybrid constructs have
demonstrated high performance, often reporting high accuracy under
controlled settings in several studies when evaluated using a single
dataset within controlled experimental environments. Newer transducer-
based models have also shown greater ability to handle data scarcity and
domain changes, indicating a shift from feature-based to representation-
based learning.

Overall, the results confirm the maturity of deep learning techniques
in automated listening, although methodological and application gaps still
existthat preclude their immediate clinical use.

Importantly, the prediction interval derived from the meta-analysis
ranged from 0.24 to 1.00, indicating that future studies may report
substantially lower or higher accuracy depending on the dataset and
experimental conditions. This finding reinforces that model performance
is highly context-dependent and should not be interpreted as universally
reliable.

Key limitations and ongoing challenges. Despite significant
progress, several challenges still limit the clinical applicability of these
models: (1) Reliance on limited datasets and poor generalizability: Over-
reliance on the 2017 ICBHI dataset and small, homogeneous groups still
inflates internal performance but limits external validity; cross-testing on
other groups shows a 10-15% decrease in performance. (2) Imbalance of
categories and rarity of certain disease patterns: Underrepresentation of
diseases such as asthma and pulmonary fibrosis reduces model
robustness; although reweighting, artificial incrementing, and focus loss
techniques improve performance by 5-7%, they are not a true substitute
for data diversity. (3) Narrow scope of tasks: Most studies focus on binary
tasks, with limited attention to multi-category classification, intensity
estimation, or temporal segment identification. (4) Weak interpretability and
clinical validation: Explainable Al (XAI) applications, model calibration, and
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bias reviews remain underdeveloped, limiting clinicians’ confidence and the
readiness of these models for regulatory evaluation.

Future research priorities. To achieve tangible progress in this field,
six key research directions stand out:

1) Large, multi-institutional datasets with clear, standardized reporting:
Development of diverse, patient- based, and standardized databases
with transparent metadata, aligned with TRIPOD-AI and PROBAST-
Al guidelines.

2) Multitask Learning (MTL): The adoption of models capable of predicting
disease type, severity, and acoustic events within a single
framework based on shared representations, reducing over-
personalization and increasing efficiency.

3) Multimodal Integration: Linking respiratory sounds with
complementary data such as clinical characteristics, medical
imaging, and lung function using transducers or graph neural
networks to enhance understanding of multidimensional
relationships.

4) Generalization-oriented training: Adopt interdisciplinary approaches,
self-directed or semi-supervisory learning, and federated learning to
mitigate biases and reduce data-sharing constraints across medical
centers.

5) Enhance interpretability and clinical value: Incorporate XAl tools,
uncertainty measurements, and decision curve analysis alongside
traditional metrics to facilitate clinician adoption of models.

6) Conduct large-scale prospective field validation: Conduct multisite
studies based on real-world clinical settings, encompassing a variety of
equipment, patients, and environments, to assess equity, scalability,
and cost-effectiveness.

Final perspective. Addressing these gaps—by expanding data
diversity, improving interpretation, and integrating models into
multimodal and federated clinical systems—will help transform deep
learning-based auscultation from research models into reliable and widely
applicable diagnostic tools. As this field develops, these technologies will
enable greater opportunities for the early detection of respiratory diseases,
improved patient follow-up, and the provision of high-quality respiratory
care in resource-limited settings.
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