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Abstract
Advances in wearable sensors and artificial intelligence have greatly enhanced the potential of digitised
audio biomarkers for disease diagnostics and monitoring. In respiratory care, evidence supporting their
clinical use remains fragmented and inconclusive. This study aimed to assess the current research landscape
of digital audio biomarkers in respiratory medicine through a bibliometric analysis and systematic review
(PROSPERO CRD 42022336730). MEDLINE, Embase, Cochrane Library and CINAHL were searched for
references indexed up to 9 April 2024. Eligible studies evaluated the accuracy of sound analysis for
diagnosing and managing obstructive (asthma and COPD) or infectious respiratory diseases, excluding
COVID-19. A narrative synthesis was conducted, and the QUADAS-2 tool was used to assess study
quality and risk of bias. Of 14 180 studies, 81 were included. Bibliometric analysis identified fundamental
(e.g. “diagnostic accuracy”+“machine learning”) and emerging (e.g. “developing countries”) themes.
Despite methodological heterogeneity, audio biomarkers generally achieved moderate (60–79%) to high
(80–100%) accuracies. 80% of studies (eight out of ten) reported high sensitivities and specificities for
asthma diagnosis, 78% (seven out of nine) reported high sensitivities and 56% (five out of nine) reported
high specificities for COPD, and 64% (seven out of eleven) reported high sensitivity or specificity values
for pneumonia diagnosis. Breathing and coughing were the most common biomarkers, with artificial neural
networks being the most common analysis technique. Future research on audio biomarkers should focus on
testing their validity in clinically diverse populations and resolving algorithmic bias. If successful, digital
audio biomarkers hold promise for complementing existing clinical tools in enabling more accessible
applications in telemedicine, communicable disease monitoring, and chronic condition management.

Background
Respiratory diseases constitute one of the leading causes of morbidity and mortality worldwide. Chronic
obstructive pulmonary disease (COPD), asthma, tuberculosis and lower respiratory tract infections stand
out as some of the most common causes of severe illness worldwide, with nearly 7.5 million associated
deaths every year [1]. Early diagnosis and intervention are key to mitigating the adverse impacts of these
conditions on both individuals and societies [2]. Stethoscopic lung auscultation is a widely recognised
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diagnostic tool for detecting pulmonary symptoms given its simplicity, safety, portability, cost-effectiveness
and wide accessibility [3–5]. However, lung auscultation is highly subjective and its accuracy relies on the
provider’s experience and perceptual abilities [5–8]. Incorrect or delayed diagnoses have been reported even
among experienced healthcare professionals [5, 7, 8].

Complementary diagnostic modalities including but not limited to medical imaging, spirometry,
bronchoscopy, blood work and sputum cultures are available for confirming a diagnosis initially suggested
by anamnesis and physical examination. These supplementary methods can sometimes be costly, poorly
accessible in rural regions with limited resources, and may pose challenges in terms of patient tolerance
and acceptability [9, 10]. In addition, for communicable respiratory diseases such as COVID-19, new
technologies that support contact-free remote diagnosis are in high demand [11].

Recent advances in wearable devices and artificial intelligence (AI) hold potential for harnessing clinically
relevant sounds in digital health technologies [12–16]. An array of body sounds such as speech, heartbeats,
breathing and coughs has been proposed for respiratory disease diagnosis and management. These sounds
are acquired through audio-acoustic microphones (e.g. embedded in mobile devices) or mechano-acoustic
sensors (e.g. wearable accelerometers) in both clinical and free-living settings [12–14, 17]. Owing to the
complexity of physiological sounds, machine learning (ML)-based or AI-based algorithms have greatly
automated the analytic pipeline and made clinical evaluation more efficient than human inspection alone
[13, 14]. Classifiers of sound signals in conjunction with a broad spectrum of ML algorithms have
demonstrated promising results in the detection of respiratory disorders [13, 14, 18]. Common applications
include automated counts of cough sounds, discrimination of wheezes and crackles from normal lung
sounds, and detection of sleep apnoea through snore signals [19–22].

Previous research has mostly focused on the automatic detection of abnormal lung sound characteristics, such
as wheezes or coughs, from the collected audio signals. Very few studies have tested the use of abnormal
lung sounds in diagnosis, classification, monitoring and symptom management of respiratory conditions.

In this review, we sought to provide and synthesise the latest evidence on the research landscape,
reliability, and validity of digital audio-based biomarkers in respiratory medicine through a bibliometric
analysis and systematic review. Specific study objectives were to 1) evaluate research trends and outputs on
the digital health technology of audio-based biomarkers in respiratory medicine; and 2) evaluate the
performance of digital audio biomarkers, their acquisition technology, and data analytical methods in
diagnosing and managing prevalent respiratory disorders.

Methods
This review was registered on the International Prospective Register of Systematic Reviews (PROSPERO:
CRD 42022336730). The Preferred Reporting Items for Systematic Reviews and Meta-analyses (PRISMA)
framework was used to guide the reporting of this review [23]. A systematic review and bibliometric
analysis were performed to identify relevant studies reporting on the accuracy of sound analysis in
diagnosing and managing obstructive diseases (i.e. asthma and COPD) and infectious respiratory diseases
(e.g. pneumonia, bronchitis, upper respiratory tract infection). These respiratory conditions were selected
due to the importance of their global burden, representing respectively the third and fourth leading causes
of death globally, and due to the associated potential clinical utility of acoustic-based diagnostic methods,
particularly in resource-limited settings [1].

Search strategy
A health sciences librarian created a search strategy in Ovid MEDLINE that was peer-reviewed by a
second librarian using the Peer Review of Electronic Search Strategies guidelines [24]. The librarian then
adapted the searches for Ovid Embase, CINAHL (EBSCO) and the Cochrane Library (Wiley). A filter for
diagnostic accuracy was built using the Scottish Intercollegiate Guidelines Network diagnostic filter, the
GEERSING et al. [25] additional line, the HAYNES et al. [26] balanced diagnosis filter, and terms from textual
analysis of selected titles and abstracts using the Text Analyzer website (www.online-utility.org/text/
analyzer.jsp). The complete search strategies can be found in the supplementary material and in the
following institutional repository: https://doi.org/10.5683/SP3/GMHZ1Y.

The search was first conducted on 22 August 2022 and refreshed on 9 April 2024. This review included all
eligible studies available in the databases up to the latest search date of 9 April 2024. References identified
by manual search, expert recommendations or within the reference lists of included studies were
also considered.
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Screening and eligibility assessment of references
The assessment of references for eligibility followed a two-step procedure. First, titles and abstracts of
studies obtained from the search strategy were screened for relevancy by two independent researchers.
Subsequently, all pertinent records were assessed by full-text reading and their alignment with the
eligibility criteria was examined. Disagreements were resolved through mediation by the senior researcher
in the team.

Inclusion criteria
Studies were included if they evaluated the accuracy of any physiological or speech sound analysis
(e.g. breathing, coughing) for the diagnosis or management (including evaluation of severity, disease
control, disease exacerbations and response to treatment) of obstructive diseases (asthma and COPD) and
infectious respiratory diseases (excluding COVID-19) in human subjects. This analysis could be conducted
manually or by automated means. Studies were required to report at least one accuracy measure, including
sensitivity, specificity or area under the receiver operating characteristic curve (AUC). Only articles written
in English or French were included due to limited resources for the translation of studies.

Exclusion criteria
Non-empirical studies (i.e. editorials, commentaries, reviews) and non-peer-reviewed papers
(e.g. conference abstracts and conference papers) were excluded from this review. Studies conducted in
animal populations were also excluded. Studies focusing on COVID-19 were omitted from this review due
to the rapidly evolving diagnostic landscape of this disease. The patient, intervention, comparison, outcome
(PICO) table that guided the development of the search strategy and reflects the eligibility criteria has been
included as supplementary table S1 [23, 27, 28].

Data extraction
Data extracted from the studies included the following: study country, sample size, patient characteristics,
gold standard diagnostic methods used for comparison, sound recorded, device used for audio recording,
analytical method, classification features and accuracy values.

Quality assessment and risk of bias
Two independent researchers conducted an evaluation of each included study’s methodological quality and
risk of bias using the QUADAS-2 tool [29]. Of note, these assessments did not influence the eligibility for
inclusion in this review. Applicability of the selection criteria, index and reference tests was reviewed in all
studies. Risk of bias was assessed with consideration of four main aspects: patient selection, reference test,
index test, and flow and timing of the study.

Bibliometric analysis
The open-source R package bibliometrix and its associated web app, biblioshiny, were used to conduct
bibliometric analysis on the final included studies (n=81) [30]. To ensure that all relevant metadata were
included, 80 studies were exported in the BibTex (.bib) file format from the SCOPUS database, and one
entry unavailable in SCOPUS was manually added in the same format. All exported studies had the
following metadata available: abstract, affiliation, author(s), digital object identifier (DOI), document type,
language, publication year, title and total citations. 94% of the studies also included keywords-plus (index
terms automatically generated from the references) and corresponding authors. 86% of the studies included
author keywords.

A tree map-style visualisation, using the pyBibX bibliometric analysis package in Python, was used to
obtain insights into the quality of the journals in which digital audio biomarker research has been
published [31]. The top ten most frequently published-in journals for the collection of studies were
presented alongside their 5-year journal impact factor ( JIF) and CiteScore (CS), reported in the 2023
edition of Journal Citation Reports [32]. A 5-year JIF is the average number of citations received in 2023
by articles and reviews published in the past 5 years in a given journal. This metric is calculated by dividing
the total number of citations (2023) received for articles published in the previous 5 years (2018–2022)
by the total number of articles published between 2018 and 2022 (5 years). CS is a metric provided using
data from SCOPUS and is calculated similarly to the 5-year JIF from Clarivate, but instead uses a 3-year
window and includes all items (articles, reviews, conference proceedings, editorials, etc.).

Keywords-plus metadata were used to generate a thematic map and trend topics. To provide a clearer view
of research topics, a short list of stopwords (i.e. excluded keywords) was entered with common but trivial
phrases such as human(s), article, etc. The bivariate thematic map places clusters along two axes: cluster
centrality (i.e. relevance) and cluster density (i.e. development). Clusters are divided into four groups based
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on centrality and density [33, 34]: 1) emerging or declining themes (low density and centrality); 2) niche
themes (low centrality and high density; specialised areas of the research field); 3) basic themes (low
density and high centrality; general and fundamental themes); and 4) motor themes (high density and
centrality; important and well-developed themes).

Results
Search and screening results
The search strategy produced a total of 14 172 results, which were subsequently imported into the EndNote
citation manager software (version X9; the EndNote Team, Philadelphia, PA, USA). After eliminating
2472 duplicates through EndNote’s automation, eight additional records were identified from alternative
sources such as reference lists of included studies, manual search and expert recommendations. Following
this deduplication process, a total of 11 708 studies were imported into the Rayyan systematic review
software for screening [35]. At the end of this process, 253 records were evaluated for eligibility by
full-text assessment. Out of these, 81 studies met the criteria for final inclusion (figure 1).

General study characteristics
A total of 81 final studies were included from 27 different countries [36–116]. Studies were mostly from
Australia (n=10), India (n=9), the USA (n=8), China (n=7) and Spain (n=5). The remaining studies were
from Pakistan (n=4), Turkey (n=4), Japan (n=4), Poland (n=3), Singapore (n=3), Finland (n=2), Indonesia
(n=2), Israel (n=2), Jordan (n=2), South Korea (n=2), South Africa (n=2), the UK (n=2), Austria (n=1),
Bangladesh (n=1), Ethiopia (n=1), Iraq (n=1), Nepal (n=1), the Netherlands (n=1), Russia (n=1),
Switzerland (n=1), Taiwan (n=1) and Vietnam (n=1).
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FIGURE 1 Preferred Reporting Items for Systematic Reviews and Meta-analyses (PRISMA) flow chart of search
results.
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A total of 19 studies were on asthma [36–54], 16 studies were on COPD [55–70] and 19 studies were on
infectious respiratory diseases [71–89]. There were 27 studies focusing on conditions that included
obstructive and infectious diseases but not limited exclusively to a single one of these categories [90–116].
A total of 20 studies were on paediatric patients [37, 39, 40, 42, 48, 49, 51, 71, 74, 80–82, 84, 86–88, 91,
92, 97, 107], while 21 studies focused on adult patient populations [43–47, 50, 54, 57–60, 64, 65, 73, 75,
85, 89, 95, 96, 100, 105], four included both paediatric and adult participants [38, 52, 53, 93] and 36 did
not specify sample age [36, 41, 55, 56, 61–63, 66–70, 72, 76–79, 83, 90, 94, 98, 99, 101–104, 106, 108–
116]. For sound analysis, ML techniques were deployed in most studies (n=70) [36–38, 41–47, 51–59, 61–
81, 83–86, 88–91, 93, 94, 96–99, 101–116] with a relatively small number of studies using conventional
statistical analysis (n=11) [39, 40, 48–50, 60, 82, 87, 92, 95, 100] and non-automated analysis (n=5) [49,
60, 82, 92, 95]. Out of 81 studies, less than 10% (n=8) collected the audio data at home or in remote
settings [48, 49, 53, 58, 59, 62, 69, 95]. About 32% (n=26) relied on publicly available data sources such
as the International Conference on Biomedical Health Informatics dataset (ICBHI 2017) [117]. Most
studies (approximately 60%, n=50) reported their data collection in clinical settings.

Research trends and publication patterns
Based on the bibliometric analysis, both the number of published studies and the average number of
citations on digital audio biomarkers in respiratory diseases have notably increased within the last 10 years
(figure 2). The top ten journals in which most publications were seen had JIFs between 1.9 and 7.1 and a
CS between 4.0 and 16.5 (figure 3a). The journals with the highest number of studies published were
Biomedical Signal Processing and Control ( JIF: 4.9; CS: 9.8) followed by Sensors ( JIF: 3.7; CS: 7.3).
A total of 15 papers were published in these two journals.

A thematic map analysis revealed specific themes in the body of audio biomarker research (figure 3b). The
map distinguished between emerging, niche and fundamental research areas and topics. A major cluster in
the motor themes category contained the keywords “diagnostic accuracy” and “diagnosis” along with
“deep learning” and “machine learning”, reflecting the utility of well-developed AI algorithms in
improving the diagnostic accuracy of audio biomarker methods. Low density, low centrality clusters
contained keywords such as “developing countries”, “digital stethoscope” and “e-learning”, identifying
strong and necessary avenues for further research in equitable digital health beyond the use of ML
algorithms. An analysis of trend topics demonstrated the relative recency of deep learning and ML models
in the context of audio biomarker analysis (supplementary figure S1).

Risk of bias appraisal
The risk of bias and applicability concerns were evaluated using the QUADAS-2 tool. The quality
assessment revealed heterogeneity across studies (figure 4 and supplementary table S2). In this context,
risk of bias refers to the potential that study-related factors (e.g. design or reporting) may compromise the
validity of the findings. Applicability describes the extent to which the study’s characteristics align with
the review question and its clinical context. Regarding the risk of bias, the “patient selection”, “reference
standard” and “flow and timing” domains were more often evaluated as “unclear” or “high” (90%, 48%
and 46%, respectively), in comparison with the “index test” domain (21%). Overall, 80% of studies
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FIGURE 2 Publication trends in audio-based digital biomarkers for respiratory diagnoses. a) Number of studies per year (1994–2024). b) Average
number of citations per year.
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exhibited an “unclear” risk of bias in the domain of “patient selection”, primarily due to insufficient
information regarding the participant selection process, which in turn affected the applicability domain of
“patient selection”. With respect to the “flow and timing” and “reference standard” domains, 38% and 46%
of studies, respectively, were rated as unclear in terms of risk of bias, largely due to incomplete reporting.
This lack of clarity also impacted the assessment of applicability, with 43% of studies showing unclear
applicability in relation to the reference standard. In contrast, 79% of studies had a low risk of bias for the
“index test” and all studies (100%) demonstrated low concerns for the applicability of the index test.
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Obstructive diseases
A total of 35 studies were noted on obstructive respiratory diseases, with 19 of them concentrating on
asthma [36–54] and 16 studies on COPD [55–70] (supplementary table S3).

Asthma
Sound acquisition methods
Studies evaluated stethoscopic lung sounds (n=8) [41, 43–46, 50, 53, 54], non-stethoscopic lung sounds
(n=6) [36, 38–40, 49, 52], voluntary or spontaneous cough sounds (n=5) [37, 42, 47, 48, 51], speech
(n=1) [36], and vocalised /ɑ:/ sounds (n=1) [37]. The sounds were most frequently recorded through
smartphones (n=6) [37, 38, 42, 47, 51, 52], stethoscope-based systems (either digital stethoscopes or
combinations of microphones and stethoscope bells) (n=8) [41, 43–46, 50, 53, 54], and external sound
sensors and microphones (n=5) [36, 39, 40, 49, 52]. Three studies additionally evaluated the combination
of clinical variables (e.g. sex, weight, age) and sound data [36, 47, 53].

Data analysis methods
Nearly 75% of studies (n=14) [36–38, 41–47, 51–54] classified patients through ML techniques using a
variety of classifiers, particularly with support vector machines (SVM) (n=4) [36, 43, 45, 46] and artificial
neural network (ANN)-based methods (n=5) [38, 41, 43, 44, 52]. Over a quarter of studies (n=5) relied on
conventional statistical analysis through the use of indexes, ratios, automated cough counts or coughs
identified by trained examiners [39, 40, 48–50]. Only one study used non-automated analysis, through the
manual identification of coughs by trained examiners [49].

Clinical utility
Most studies focused on the diagnosis of asthma (n=10) [37, 38, 41–44, 48–50, 52]. Other clinical utilities
included the detection of asthma exacerbations (n=2) [47, 53], the stratification of disease severity (n=6)
[36, 40, 45, 46, 51, 54] and the monitoring of treatment response (n=1) [39].

Among the ten studies focusing on the diagnosis of asthma, 80% (n=8) obtained a balanced set of high
sensitivities and specificities, with sensitivity values of 80–96% and specificity values of 83–100% [37,
38, 41–44, 50, 52]. The only study using non-automated analysis through manual cough counts obtained a
moderate sensitivity of 69% and a poor specificity of 34% [49].

Two studies evaluated the diagnosis of asthma exacerbation through a combination of different variables
[47, 53]. The first study evaluated the combination of cough sounds and clinical features, achieving an
AUC of 0.93, a specificity of 95% and a sensitivity of 64% [47]. The second study used smart
stethoscope-based data and clinical features, reporting an AUC of up to 0.94 [53].

Of the six studies aiming to stratify asthma severity [36, 40, 45, 46, 51, 54], three of them [45, 46, 51]
showed high sensitivities (82–91%) and moderate to high specificities (69–97%) for distinguishing
between severe asthma and milder disease. Meanwhile, only one study aimed to monitor patient response
to inhaled corticosteroid treatment and observed AUCs between 0.86 and 0.92 for the distinction between
patients with well-controlled and not-well-controlled asthma [39].
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COPD
Sound acquisition methods
Various physiological sounds such as stethoscopic lung sounds (n=8) [55, 56, 61, 63, 66, 68–70], cough
sounds (n=4) [57, 64, 65, 67], non-stethoscopic respiratory sounds (n=3) [59, 60, 62] and speech (n=1) [58]
were evaluated in COPD studies. These sounds were most frequently recorded through stethoscope-based
systems (n=8) [55, 56, 61, 63, 66, 68–70] followed by smartphones (n=4) [57, 64, 65, 67] and external
sound sensors or microphones (n=4) [58–60, 62]. Four studies additionally evaluated clinical variables
(e.g. age, smoking, presence of acute cough, fever) in combination with sound data [57, 61, 64, 65].

Data analysis methods
Only one study used conventional statistical analysis through qualitative and quantitative assessment of
vibration response imaging [60]. The rest (n=15) [55–59, 61–70] employed automated ML techniques such
as SVM (n=6) [56, 59, 61, 65, 68, 69], decision trees (n=6) [56, 58, 61, 62, 67, 68] and ANN-based
methods (n=6) [55, 56, 66, 68–70], with numerous studies evaluating more than one ML analysis method.

Clinical utility
Most studies (n=10) focused on the diagnosis of COPD [55, 56, 58, 60, 61, 63, 65–67, 70]. Of these, 50%
(n=5) demonstrated high diagnostic performances, with a combination of sensitivities of 80–100%,
and specificities of 82–100% [55, 56, 61, 66, 67]. Two studies additionally found a moderate set of
sensitivities (70–73%) and specificities (70–74.5%) [58, 65]. One study differentiated COPD patients from
asthma patients with a sensitivity of 81% and a specificity of 74% [60]. Another study distinguished
COPD and congestive heart failure patients from healthy controls with a sensitivity of 80% and a
specificity of 82% [67].

For the detection of acute exacerbations of COPD (AECOPD), sensitivities and specificities were 83–100%
and 74–91%, respectively [57, 64]. Additionally, three studies that assessed disease control, specifically the
prediction of patients at risk of developing AECOPD, found moderate to high sensitivities (74–93%) and
high specificities (86–98%) [59, 62, 69].

For COPD severity stratification, one study explored the use of stethoscopic breathing sounds for
differentiating patients with moderate to severe COPD from patients with milder disease [68]. The study
reported high sensitivities (88%) and specificities (91%), suggesting that this method is effective in
differentiating between these levels of severity [68].

Infectious respiratory diseases
A total of 19 articles investigated the use of digital audio biomarkers for the diagnosis of infectious
respiratory diseases [71–89] (supplementary table S4). Nearly half of these studies (n=9) focused on the
general diagnosis of pneumonia [71, 73–75, 78, 82–84, 87], while two studies aimed at differentiating
pneumonia from bronchitis [86, 88] and one study targeted lower respiratory tract infections [85]. Specific
aetiologies of infectious respiratory diseases were also investigated, such as tuberculosis (TB) (n=3) [72,
76, 89], pertussis (n=3) [77, 79, 80] and croup (n=1) [81]. Four studies also included the evaluation of
clinical factors in combination with sound data [71, 72, 78, 89].

Sound acquisition methods
Most studies were based on voluntary or spontaneous cough sounds (n=14) [71–74, 76–81, 85, 86, 88, 89].
Breathing or tracheal sounds (n=5) were also reported for the detection of infectious respiratory diseases
[75, 82–84, 87]. Microphones were used in nearly a third of the studies (n=6) [71–76]. Other studies used
various data sources such as pre-recorded sound files from the public domain (n=4) [77, 79, 80, 88],
smartphones (n=4) [78, 81, 85, 89] and electronic stethoscopes (n=4) [82–84, 87].

Data analysis methods
ML algorithms including linear regression (n=8) [71, 72, 74, 76, 78–81], SVM (n=8) [76, 80, 81, 83–86,
88] and ANN-based methods (n=8) [73, 75–77, 80, 84, 86, 89] were used for sound analysis in infectious
respiratory diseases. Only two studies relied on conventional statistical analysis through manual
identification of crackles or wheezes [82, 87].

Clinical utility
Among the eleven studies focusing on the diagnosis of pneumonia, seven of them showed high (80–100%)
sensitivities [71, 73, 74, 78, 83, 86, 88] and seven of them demonstrated high specificities [71, 75, 78, 82,
83, 86, 87]. One study achieved a sensitivity of 72% and a specificity of 82% in distinguishing patients
with pneumonia and COPD from those with a non-pneumonic AECOPD based on stethoscopic tracheal
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sounds [75]. One study distinguished pneumonia patients from bronchitis patients with a sensitivity of 93%
and a specificity of 89% [86]. Three studies focused on TB diagnosis and reported high sensitivities (82–
93%) and specificities (81–95%) [72, 76, 89]. Three studies evaluated pertussis using cough recordings
from publicly available sources and obtained excellent sensitivities of 93–100% and specificities of
92–100% [77, 79, 80]. For croup diagnosis, only one study was reported to use cough sounds, with a
sensitivity of 92% and a specificity of 85% [81].

Various respiratory diseases
A total of 27 records were included in the category of various respiratory diseases and addressed
obstructive or infectious conditions but were not limited exclusively to one of these categories
(supplementary table S5) [90–116].

Sound acquisition methods
The included studies most frequently evaluated stethoscopic lung sounds (n=19) [93, 94, 99, 101–116] and
voluntary or spontaneous cough sounds (n=5) [90–92, 97, 98], while fewer studies (n=3) [95, 96, 100]
focused on non-stethoscopic lung sounds. The sounds were most frequently recorded through
stethoscope-based systems (n=19) [93, 94, 99, 101–116], non-stethoscope-based microphones or sensors
(n=6) [90, 92, 95, 96, 98, 100] and smartphones (n=2) [91, 97]. Approximately 60% of studies (n=16)
used sound files obtained from a publicly available dataset, such as the ICBHI 2017 (n=16) [93, 94, 99,
102–104, 106, 108–116], the Jordan University of Science and Technology dataset (n=3) [103, 104, 106]
and others [109, 111, 115] (supplementary figure S1).

Data analysis methods
For studies relying on conventional statistical models (n=3), variables such as end-point crackling,
beginning of crackling or diagnosis by experienced listeners were used for analysis [92, 95, 100]. Few
studies (n=2) used non-automated data analysis methods [92, 95]. The vast majority of studies (n=24,
88.9%) used ML classifiers, among which decision trees (n=7) [93, 98, 102, 108–110, 115] and
ANN-based methods, such as general ANN methods (n=1) [109], recurrent neural networks (n=5) [91,
104, 111, 114, 116], convolutional neural networks (n=11) [94, 99, 104–107, 111, 112, 114–116],
feed-forward neural networks (n=1) [98], specialised neural networks (n=1) [113] and time-delay neural
networks (n=1) [97], were the most popular. Many studies investigated more than one ML analysis method.

Clinical utility
Approximately 65% of studies (n=18) compared patients with various respiratory diseases (including
asthma, COPD, infections, bronchiectasis, etc.) and healthy controls with a combination of high
sensitivities (87–99%) and specificities (84–99%) [90, 91, 93–95, 98, 99, 101–104, 106–111, 113]. The
respiratory diseases groups evaluated in studies included in this category were extremely heterogeneous,
including conditions such as asthma (n=19) [91–93, 95–99, 102–107, 109–111, 113, 114], COPD
(n=22) [93–96, 98–106, 108–116], pneumonia (n=23) [92–94, 97–116], bronchiolitis
(n=15) [92, 94, 97, 99, 102, 104, 107–109, 111–116], bronchiectasis (n=17) [93, 94, 98–100,
102–105, 109–116], upper respiratory tract infection (n=16) [91, 94, 97, 99, 102, 104, 106, 108–116],
lower respiratory tract infections (n=11) [91, 97, 99, 102, 104, 106, 109–111, 113, 114], obstructive or
restrictive lung diseases not otherwise specified (n=3) [90, 95, 98], fibrosing alveolitis (n=2) [96, 100],
interstitial lung disease (n=2) [98, 105], pulmonary fibrosis (n=3) [101, 106, 111], bronchitis
(n=5) [93, 98, 103, 104, 106], heart failure (n=6) [93, 100, 101, 103, 104, 106], pleural effusion
(n=1) [106], croup (n=1) [97] and tuberculosis (n=1) [98].

Study data synthesis and critical appraisal
In this review, we identified promising diagnostic accuracies of audio-based digital biomarkers for the
diagnosis and management of various respiratory diseases (figure 5). The best diagnostic accuracies were
observed in asthma diagnosis, with 80% of studies (n=8 out of 10) reporting a favourable combination of
both high sensitivities and specificities (⩾80%). Similarly, for distinguishing COPD from healthy controls,
62.5% of studies (n=5 out of 8) reported a combination of high sensitivities and specificities (⩾80%). In
the case of pneumonia, a combination of high sensitivities and specificities (⩾80%) was observed in
36.4% of studies (n=4 out of 11), while 63.6% (n=7 out of 11) demonstrated high sensitivities and 63.6%
(n=7 out of 11) demonstrated high specificities. While most studies focused on disease diagnosis, a
handful of studies explored the use of acoustic biomarkers to evaluate the presence of disease
exacerbations (asthma exacerbation n=2, AECOPD n=2), disease severity (asthma n=6, COPD n=1),
disease control (COPD n=3) and treatment response (asthma n=1). The constrained number of studies
exploring these additional objectives limits the conclusions that can be drawn regarding their accuracies.
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Study data further revealed that breathing sounds were the most commonly analysed audio data,
particularly in studies involving asthma and COPD (supplementary figure S2). Cough sounds were notably
more prevalent in studies focusing on infectious diseases because cough is often a primary symptom of
these conditions. In contrast, obstructive diseases like asthma or COPD tend to present more frequently
with dyspnoea or wheezing as their primary symptoms. Furthermore, cough sounds have long played a
pivotal role in distinguishing between various infectious respiratory conditions, such as the characteristic
whooping cough of pertussis or the seal bark cough in croup. This likely accounts for the increased focus
on cough sounds in studies evaluating infectious diseases and is reflected by the presence of cough-related
keywords as motor themes in figure 3b. The inclusion of speech sounds and vocalised sounds remained
minimal across the included studies. Besides stethoscope-based devices, mobile phones and external
microphones have remained the principal data acquisition devices in the last 5 years (supplementary figure S3).

For analytical methods, ANN-based methods were the most frequently used, especially in the “Various
diseases” category. Studies using ANN were often more exploratory in nature, aiming to assess and
compare multiple analytical methods (supplementary figure S4). SVM, linear regression and decision tree
methods were also frequently used across the different conditions.

Only a small subset of studies (n=8 out of 81) investigated data acquisition in home or workplace settings,
reflecting the early, pre-clinical stage of research in this field and potential research logistical challenges
[48, 49, 53, 58, 59, 62, 69, 95]. Due to this small number of studies, it is difficult to draw meaningful
comparisons or conclusions regarding potential differences in accuracy or validity between settings.

Discussion
Significance within current literature
To the best of our knowledge, this study represents the first comprehensive review of this scale, directed
toward the characterisation of the accuracy of sound analysis in the diagnosis and management of prevalent
airway diseases. This review is also the first to evaluate an umbrella of audio biomarkers, including cough,
breathing sounds, speech, and vocalised sounds.

Previously published reviews primarily focused on the detection of abnormal lung sounds, as opposed to
the diagnosis of diseases as included here. For instance, REICHERT et al. [13] and HEGDE et al. [15]
conducted reviews exploring the use of cough sounds as screening and diagnostic tools, but did not
specifically address diagnostic accuracies. GURUNG et al. [14] conducted a systematic review and
meta-analysis on computerised lung sound analysis, which focused on the identification of abnormal lung
sounds such as wheezes or crackles as opposed to specific clinical diagnoses of respiratory disease.
Similarly, PALANIAPPAN et al. [18, 118] and PRAMONO et al. [119] published systematic reviews on lung
sound analysis, which did not focus on the diagnosis of respiratory diseases.
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64%
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FIGURE 5 Diagnostic accuracies of audio-based digital biomarkers for the diagnosis and management of
asthma, COPD and pneumonia. Green indicates high accuracies (80–100%), yellow indicates moderate
accuracies (60–79%) and red indicates low accuracies (0–59%).
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Beyond differentiating between abnormal and normal lung sounds, this paper further contributed to
reviewing the diagnostic utility of audio-based measures. Harnessing physiological data from multiple
modalities and sources such as respiratory rates, body temperature, sleeping patterns and physiological
sounds has been a challenge in the past owing to hardware and software limitations. With the emergence
of multi-modal wearable devices and deep-learning algorithms, combining audio-based and other respiratory
measures for clinical diagnosis is a promising development in advancing precision medicine for respiratory
diseases [120].

Challenges and considerations for the use of audio biomarkers and ML in clinical settings
While physiological sound analysis holds potential for diagnosing asthma, COPD and infectious
respiratory disorders, notable challenges remain in translating these techniques into clinical routines. Along
the pipeline, the first step of physiological sound analysis is acoustic data collection, which can be
achieved with digital stethoscopes, microphones, smartphones, etc. [6, 13, 121]. The characteristics of the
sound recording systems, including their size, sensor quantity and installation procedures, significantly
impact their clinical utility. Complex sound-recording systems (e.g. those requiring the installation of
multiple sensors in hard-to-reach locations) may require installation by a trained professional; meanwhile,
sound-recording systems such as smartphones are highly dependent on the patient’s own technological
proficiency. Notably, the sound acquisition step is particularly vulnerable to the quality of available
equipment and to the environmental conditions in which sound capture takes place [121–123]. In busy
clinical settings, a high level of ambient noise will lead to subpar signal quality for accurate downstream
data analysis [121–123].

Noise reduction and audio filtering techniques have been described to minimise acoustic artefacts [13, 121,
123, 124]. These methods suppress unwanted noise within an audio sample while preserving the desired
audio content. Audio filters suppress or enhance frequencies within a certain range [124]. Other methods
involve adaptive noise cancellation, spectral restoration techniques and machine learning-based algorithms
[13, 124]. Ultimately, the optimal noise reduction technique depends on a variety of factors such as the
characteristics of the desired audio content (e.g. speech versus stethoscopic lung sounds), unwanted noise
(e.g. background speech versus hums or heart sounds), desired quality of resulting audio sample and
resources available [13, 124].

After noise reduction and filtration, the audio signal is typically divided into short overlapping segments
through frame segmentation and then undergoes feature extraction [122, 123, 125]. Features are usually
combined into a feature vector and then subjected to machine-aided classification analysis. This review
revealed that the most-used classifiers include random forest, linear regression, SVM, k-nearest neighbour
and ANN in respiratory disease detection. Classifier selection is dependent on data and feature types. For
example, random forest and linear regression are both used to predict outcomes in one of two categories
(e.g. yes/no). Random forest models tend to offer high prediction accuracies and are easily understandable
but have been shown to work best for datasets with fewer features [36]. For more complex data, ANNs
offer an advantage in their ability to detect nonlinear relationships [126]. Within neural networks, relational
neural networks are promising for predictive applications in speech and language, where data is often
structured as a sequential stream [127]. When fewer input data are involved, feature-based ML classifiers
such as random forest and SVM usually achieve better performance and explainable classification [128].
However, with data that are more complex, deep-learning methods such as neural networks can better
capture complicated relationships between features of the input audio and the output labels, leading to
better overall performance. It is worth noting that deep-learning methods often require substantially greater
amounts of data (e.g. millions of data points) and require significantly more computational power to run,
although they often show higher accuracies in the diagnosis of respiratory illnesses [129, 130]. Lower
computational constraints on simpler ML classifiers (which often run in minutes, while large deep-learning
models can take hours or days) may make them better candidates for home-monitoring contexts, given that
remote and digital healthcare practice has become increasingly important in recent years [131]. Notably,
computing performance was almost never reported in the included studies but constitutes an important
consideration when integrating this technology into resource-limited mobile devices.

To date, most of these ML-driven methods have primarily been used in research settings and have yet to
transition to clinical practice. AI-based analyses are subject to the same challenges in lung sound analysis
as they are in many other healthcare domains [131]. Notably, the quality of these algorithms is strongly
dependent on the quality of the data used to train them [131]. Samples in the included studies were often
small, and poorly characterised. Consequently, the potential for generalising these findings to broader
populations remains uncertain. Although speech sound may help improve diagnostic accuracies over the
use of physiological sound (e.g. coughs, wheezes) in isolation, it also introduces more significant privacy
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issues with respect to patient identification. Data protection is especially important in a clinical context
owing to potential impacts on employment, insurance and more [132]. Introducing measures such as
encryption, and using reporting guidelines and risk-of-bias tools specific to AI or deep-learning clinical
trials, such as Consolidated Standards of Reporting Trials-AI (CONSORT-AI), Prediction Model Risk Of
Bias Assessment Tool-AI (PROBAST-AI) and Transparent Reporting of a Multivariable Prediction Model
of Individual Prognosis Or Diagnosis-AI (TRIPOD-AI), enables researchers to enact the Findability,
Accessibility, Interoperability and Reusability (FAIR) principles of AI analysis and facilitate its transition
to clinical implementation [133].

Study limitations
First, it is crucial to recognise the important heterogeneity among included studies. This heterogeneity
manifests in various aspects, including the diversity of sample populations, ranging from paediatric to adult
patients and encompassing variations in disease severity; the type of sound recorded, e.g. cough,
stethoscopic lung sounds and speech; the wide array of devices used, ranging from complex stethoscope-
based systems to smartphones; the type of features extracted, e.g. spectral, cepstral and temporal; and the
study goals, e.g. diagnosis, monitoring and staging. The results of these studies have been grouped
according to clinical application (e.g. diagnosis, monitoring, staging) and presented together for the
purpose of this review. However, highly variable methodologies in sound data acquisition and data
analysis methodologies are noted in the study data. As such, a meta-analysis of the literature data was not
possible. Second, many studies did not use gold standard methods to establish diagnoses
(e.g. symptom-based diagnosis of pneumonia), which can limit comparisons across studies and the extent
to which definitive conclusions can be drawn regarding their accuracies. Lastly, many of the included
studies presented unclear or high concerns for bias and applicability, which highlights a compelling need
for higher quality studies that adhere to rigorous protocols for patient selection and reporting.

Conclusion
The present review on physiological sound and speech analysis sheds light on the potential of this
noninvasive, contact-free approach for the diagnosis and management of common respiratory diseases. The
current body of evidence consistently demonstrated moderate (60–79%) to high (80–100%) accuracies for
the diagnosis of COPD, asthma, and infectious respiratory diseases across a wide variety of sound analysis
techniques as well as a wide array of devices and feature extraction methods in pre-clinical settings. Our
review underscores the need for more rigorous study designs, better characterisation of study populations,
and the use of gold standard diagnostic criteria to facilitate meaningful comparisons across studies.
Clinically diverse populations can be further included in the research protocol to enhance clinical validity.
Data security, algorithmic bias and user privacy remain significant challenges in the development of
AI-driven diagnostic tools using sound-based data. A rigorous implementation of comprehensive standards
and the development of robust regulation frameworks (e.g. TRIPOD-AI) is necessary for addressing
algorithmic bias and promoting trust and transparency of AI in respiratory medicine. With continued
advances in the field of bioacoustics and machine intelligence, physiological sound technology may provide
a complementary tool to existing clinical tools in the diagnosis and management of respiratory diseases.

Questions for future research

Recent years have seen significant advances in audio-based digital biomarkers for respiratory diagnostics,
largely driven by improvements in portable data collection devices, and AI-based data analysis methods.
However, numerous questions and challenges must be addressed for safe, efficient and appropriate clinical
implementation.

1. How will audio-based digital biomarkers contribute to and enhance the multimodal diagnosis of respiratory
diseases when combined with other variables such as clinical data and other biomarkers?

2. Will the same audio-based digital biomarkers validated for diagnostic use be equally accurate for other
applications, such as remote monitoring of disease progression, remission or exacerbation?

3. In the context of audio data acquisition, particularly in private settings or for prolonged periods of time,
what gold standard measures should be taken to ensure data safety and confidentiality?
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