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ABSTRACT

Tuberculosis (TB) remains the world’s deadliest infectious disease, and progress toward elimination is hindered by persistent
gaps in early diagnosis. Current reliance on sputum-based tests excludes many vulnerable groups and constrains community-
level detection. Recent advances in artificial intelligence (AI) and mobile health technologies have renewed interest in cough,
the most universal symptom of pulmonary TB, as a scalable acoustic biomarker. Emerging studies suggest that cough carries
disease-specific signatures that can be captured by digital devices and interpreted through AI models, raising the possibility
of rapid, non-invasive, and widely deployable triage tools. However, the field is still constrained by small and geographically
skewed datasets, inconsistent data collection methods, and limited validation in real-world populations. In this technical
review, we synthesize evidence from existing studies and situate cough analysis within the broader landscape of non-sputum
diagnostics. We highlight methodological and clinical challenges, examine the roles of diverse stakeholders in development
and deployment, and outline a roadmap toward equitable translation. If these challenges are addressed, AI-assisted cough
diagnostics could redefine TB case finding by moving testing from centralized laboratories to community settings worldwide.

1 Introduction

Tuberculosis (TB) remains the leading cause of death
from a single infectious pathogen, despite being both
preventable and curable. In 2023, an estimated 10.8
million people developed TB and 1.25 million died, in-
cluding 161,000 among people living with HIV (PLH)1–3.
Following years of decline, global incidence and mortal-
ity rose during the COVID-19 pandemic and have not
returned to pre-2020 trajectories1. Although the great-
est burden falls on low- and middle-income countries
(LMICs), rising incidence in high-income regions4,5 and
outbreaks in low-incidence settings such as Kansas6

underscore that TB remains a persistent global threat.
These patterns, combined with widening inequities in
access to care, highlight the fragility of current control
strategies.

A central barrier to TB elimination is delayed or missed
diagnosis7. Current tools rely heavily on sputum-based
methods such as smear microscopy, culture, and nu-
cleic acid amplification tests8. While effective in labora-
tories, these approaches are impractical for community
screening and often less or inaccurate to children, PLH,
and individuals with paucibacillary or extrapulmonary
disease. Chest radiography, even when supported by
computer-aided detection, requires infrastructure and



trained personnel. As a result, many cases remain unde-
tected or are diagnosed too late, sustaining transmission
and delaying treatment.

The World Health Organization (WHO) has identified
rapid, non-sputum-based diagnostics as a global priority
for TB control9,10. Among emerging strategies, cough
analysis is particularly compelling. Cough is the most
common symptom of pulmonary TB, requires no con-
sumables or invasive sampling, and can be recorded
on ubiquitous devices such as smartphones. Advances
in acoustic signal processing and artificial intelligence
now make it possible to transform cough from a sub-
jective symptom into a quantifiable biomarker11. Early
studies suggest that TB coughs carry distinctive acous-
tic signatures11–14, and proof-of-concept models have
reported promising sensitivity. However, only two of 14
recent studies met both WHO sensitivity and specificity
benchmarks, and most datasets are geographically con-
centrated in a limited number of countries15,16. Together,
these findings highlight the translational gap that must
be closed for cough analysis to achieve clinical impact.

This review synthesizes evidence from 123 studies,
including 40 that directly evaluated AI-based models for
cough-based TB diagnostics. We situate cough analysis
within the broader landscape of emerging diagnostics,
discuss its biological and technical foundations, and
evaluate opportunities and challenges for translation,
equity, and integration into TB programs worldwide.

1.1 Current Diagnostic Landscape and Limitations
across the TB Disease Spectrum

TB does not progress in a strict binary from latent in-
fection to active disease. Instead, it spans a continuum
that includes incipient and subclinical stages, marked
by rising bacterial burden, evolving immune responses,
and increasing infectiousness17. Detecting individuals
in these early phases is especially difficult, since they
may transmit disease despite mild or absent symptoms.

Subclinical TB exemplifies this challenge: individu-
als may carry transmissible infection while remaining
asymptomatic, and conventional diagnostics often fail in
this window17. These limitations have spurred interest
in non-invasive, community-deployable biomarkers, with
cough emerging as particularly attractive. Detecting TB-
associated cough patterns before overt disease could
enable earlier intervention and reduce transmission.

Traditional tools—including symptom screens, chest
radiography, and sputum-based assays—remain central
to practice8, but they are slow, infrastructure-dependent,
and limited in sensitivity for early or extrapulmonary
disease. Alternative approaches under investigation in-
clude urine lipoarabinomannan assays18, host-response
biomarkers in blood and urine19,20, breathomics21–24,
oral swabs25, and AI-assisted imaging26. Each offers
promise but none yet achieves the combination of scal-

ability, robustness, and ease of integration required for
population-level screening27,28.

1.2 Cough as a Biomarker
Cough has long been recognized as the hallmark symp-
tom of pulmonary TB. Pathological changes in the lungs
alter airflow dynamics and sound production, generating
distinctive acoustic features. With the spread of low-cost
digital sensors, these patterns can now be captured and
analyzed using AI algorithms11.

Recent studies confirm that TB-associated coughs
carry unique temporal and spectral signatures11–14. Di-
agnostic pipelines typically involve five stages: acquisi-
tion, preprocessing, feature extraction, AI-based classi-
fication, and validation against clinical standards (Fig-
ure 1). Current evidence, though geographically concen-
trated, demonstrates promising sensitivity but persistent
limitations in specificity relative to WHO targets15,16.

The context in which coughs are collected matters
critically. Most datasets rely on active (solicited) coughs,
elicited on instruction or via induction, whereas passive
(unsolicited) coughs—spontaneous, activity-triggered,
or nocturnal—better reflect community settings29. Mod-
els trained only on active coughs may fail to generalize
to real-world deployment scenarios.

Beyond TB, cough has shown value as a surrogate
biomarker in other respiratory conditions, correlating
with lung function and disease burden30. Initiatives such
as TBScreen and CODA11,14 illustrate efforts to cap-
ture both explosive and full-sequence coughs, opening
opportunities to extract richer acoustic and temporal
features.

These advances position cough as a uniquely ac-
cessible biomarker with potential for community-based
screening that reduces reliance on sputum and brings
TB detection closer to the point of need.

2 Study Design
To provide a rigorous evidence base for this rapidly
evolving field, this technical review was conducted in ac-
cordance with the PRISMA (Preferred Reporting Items
for Technical Reviews and Meta-Analyses) framework31

and synthesizes recent advances in AI-assisted TB test-
ing using acoustic biomarkers, with particular emphasis
on cough as a non-invasive and scalable triage tool.

2.1 Search Strategy
We conducted a comprehensive literature search on
March 25, 2025 across Scopus and PubMed, restricted
to English-language studies published from 2020 on-
ward. The search combined three thematic categories:
artificial intelligence and machine learning approaches;
disease-specific terminology (including TB and broader
respiratory diseases); and diagnostic modalities such
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Figure 1. Five-stage cough-based TB diagnostic pipeline encompassing data acquisition, preprocessing, feature
extraction, AI classification, and validation.
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as cough, acoustic markers, point-of-care platforms,
and breathomics. Use of the broader term "respira-
tory disease" allowed capture of studies situating TB
within differential diagnostic frameworks. Breathomics
and point-of-care terms were retained to reflect the
translational potential of integrating complementary non-
invasive modalities into cough-based screening. No
restrictions were placed on geographic origin or study
setting.

2.2 Article Selection and Categorization
The primary inclusion criterion encompassed studies
employing AI for TB diagnosis, screening, or triage
based on cough sound analysis. As this represents a rel-
atively emerging research domain, secondary inclusion
criteria were defined to ensure comprehensive coverage
and contextual understanding. These included studies
exploring AI-based or point-of-care triage approaches for
TB through alternative modalities, such as medical imag-
ing, breath volatile organic compound (VOC) profiling,
electronic health records (EHR), auscultation signals,
multimodal fusion frameworks, and deployment evalua-
tions. Additionally, non–TB-specific AI-assisted cough di-
agnostic studies were retained when encountered, given
their methodological relevance. The exclusion criteria
eliminated publications that were non-diagnostic or non-
computational in nature, including clinical case reports,
biological or epidemiological investigations, and studies
primarily addressing disease transmission. Commen-
taries, reviews not specific to TB, studies confined to
extrapulmonary TB, and AI studies unrelated to TB (e.g.,
COVID-19, pneumonia, or other respiratory diseases)
that did not involve cough-based analysis were also
excluded.

The search retrieved 504 articles, of which 85 stud-
ies met the inclusion criteria following duplicate removal
and title–abstract screening. Upon full-text assessment,
the included studies were subsequently categorized into
four thematic groups: (i) cough-based analysis (n = 29),
(ii) other diagnostic modalities and deployment studies
(n = 41), (iii) multimodal frameworks (n = 3), and (iv)
review or survey articles (n = 12). The primary focus
of this review is on the first category, encompassing AI-
driven cough-based approaches for TB diagnosis and
triage. This hierarchical structure allowed a focused eval-
uation of cough-based methods while contextualizing
them within the broader AI-enabled TB diagnostic land-
scape. Screening and categorization were performed
independently by two reviewers, with any discrepancies
resolved through consensus discussion.

2.3 Quality Assessment
Although most studies clearly defined prediction tasks,
architectures, and evaluation metrics, few addressed
class imbalance rigorously, and external validation was

rare. Reporting of hyperparameter optimization was par-
ticularly limited, reflecting broader challenges in repro-
ducibility across AI-driven triage research. Nevertheless,
nearly all studies specified model architectures, training
procedures, and evaluation metrics, providing a basis for
cross-study comparison, even if reproducibility remains
limited.

2.4 Performance Metrics
Cough-based AI triage tests were assessed using stan-
dard classification metrics, each offering distinct clini-
cal insights. Sensitivity (true positive rate) is critical for
minimizing missed TB cases in high-burden settings,
whereas specificity (true negative rate) helps avoid un-
necessary treatment and patient anxiety. Accuracy pro-
vides an overall measure of performance but is often
misleading in imbalanced datasets. Precision quantifies
the reliability of positive predictions, and the F1 score
balances precision and sensitivity when distributions are
skewed. The area under the receiver operating charac-
teristic curve (AUC-ROC) offers a threshold-independent
measure of discriminative ability. Future evaluations
should prioritize sensitivity and specificity in line with
WHO target product profiles (TPP) (≥65% sensitivity,
≥98% specificity for triage tests)32, while also reporting
threshold-independent measures such as AUC to enable
fair benchmarking across studies. Formal definitions of
these metrics are provided in Appendix A.

3 Datasets, Acoustic Biomarkers, and AI
Approaches for TB Triage

Pulmonary tuberculosis (PTB) accounts for approxi-
mately 90% of cases worldwide33. Cough, a cardi-
nal symptom, has long been recognized as a potential
biomarker, and accumulating evidence shows that it car-
ries disease-specific acoustic signatures12,14,34. This
section synthesizes the landscape of cough-based stud-
ies, from datasets and acoustic signatures to AI method-
ologies and clinical performance benchmarks relative to
WHO target product profiles (TPPs). Detailed dataset
attributes are provided in Tables 1–2.

3.1 Study landscape and acoustic datasets
Of the 29 cough-based analysis studies identified, 14
were published in peer-reviewed journals, 8 in confer-
ence proceedings, 4 as preprints, 1 as a news article, 1
as a book chapter, and 1 as a doctoral dissertation. Most
adopted retrospective or cross-sectional designs and fo-
cused on supervised classification tasks such as TB vs.
non-TB, TB vs. healthy, TB vs. COVID-19, or multi-class
problems (e.g., TB vs. healthy vs. COVID-19).

Notably, 19 of these 29 studies reported dataset cre-
ation or compilation, underscoring that the field remains
in an early stage where building acoustic resources is
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as central as methodological innovation. Collectively,
these studies describe 17 unique acoustic datasets re-
ported to date for TB diagnosis: sixteen cough-based
and one respiratory-auscultation-based34. Of the 16
cough-based datasets, 13 are detailed in Tables 1–2,
while three studies35–37 mentioned TB cough data col-
lection but could not be independently identified or vali-
dated.

Substantial heterogeneity is evident in elicitation mode
(solicited vs. passive), study design (cross-sectional
vs. longitudinal), control composition (healthy vs. TB-
RD vs. mixed), recording protocols, and sample size.
For instance, the Peru TB dataset38 recorded serial
coughs during treatment (days 0, 3, 7, 14, 30, 60),
whereas TASK39 captured natural coughs from hospital-
ized patients over therapy. CODA TB DREAM Challenge
spanned seven international sites and included both ac-
tive and passive coughs, while most other collections
were single-center with standardized active elicitation.
Recording devices ranged from smartphones to ded-
icated microphones; sampling rates spanned 8–44.1
kHz; and durations covered single-cough events to 10-
second segments. These methodological differences
are not trivial—elicitation mode, acoustic environment,
and device type can meaningfully alter cough signatures,
affecting diagnostic reliability.

Only Swaasa TB16, CIDRZ TB40,41, and CODA11,42

enrolled more than 500 participants; most datasets in-
cluded fewer than 200. Public access remains limited
(three open datasets, one upon request). A smaller
subset of studies investigated feasibility or treatment-
monitoring applications. Overall, the field remains ex-
ploratory, characterized by limited longitudinal follow-up
and few deployment-ready evaluations. A full dataset
inventory is provided in Tables 1–2.

3.2 Limitations and representativeness
Despite the global burden of tuberculosis, available
cough datasets remain geographically and structurally
imbalanced (Fig. 2). Fig. 2a illustrates that most
datasets originate from South Africa (Brooklyn43, Wal-
lacedene15,44, TASK39, one CODA11,42 site) and China
(Zhejiang V146, V247, Hangzhou48,49), with India con-
tributing Swaasa TB16 and one CODA11,42 site. Addi-
tional single-site studies came from Pakistan, Kenya,
Ethiopia, Peru, Vietnam, the Philippines, Zambia, Mada-
gascar, Uganda, and Tanzania. Entire high-burden re-
gions—Central and West Africa, Central Asia, and much
of Southeast Asia—remain unrepresented. CODA11,42

is the only multi-country dataset, providing the broadest
geographic coverage among available cohorts. Epidemi-
ological representativeness is similarly limited. Fig. 2b
shows that dataset-level TB prevalence spans nearly an
order of magnitude, with smaller, case-enriched cohorts
exhibiting higher prevalence and wider uncertainty in-

tervals, whereas larger datasets show systematically
lower prevalence and narrower uncertainty intervals.
Confidence-interval widths narrow systematically with
increasing cohort size, reflecting reduced statistical un-
certainty in larger studies. This imbalance underscores
that evidentiary weight is concentrated in one large,
low-prevalence dataset (CODA11,42), while smaller stud-
ies contribute higher uncertainty and prevalence es-
timates. Phase-space analysis (Fig. 2c) reveals that
most datasets cluster within a 30–60 % prevalence band
(IQR 28.6–59.3 %), spanning nearly two orders of mag-
nitude in cohort size. CODA11,42 uniquely occupies the
high-N, low-prevalence quadrant, whereas Peru TB38

and TASK39 lie near the 100 % TB boundary. Such
heterogeneity illustrates why models trained primarily
on mid-size, mid-prevalence datasets may generalize
poorly to population-level screening or high-burden out-
break contexts. In practice, specificity—rather than sen-
sitivity—remains the limiting factor for deployment.

3.3 Clinical and acoustic signatures of TB cough
TB coughs exhibit distinctive features compared to non-
TB coughs. Energy tends to concentrate below 500
Hz, with longer burst durations14, oscillatory spectral
patterns above 2.5 kHz12, and highly informative initial
voiced regions12. Frame-level feature extraction (20–50
ms) captures non-stationary dynamics, while amplitude
normalization and pre-emphasis filters reduce variance
due to patient effort and microphone distance. Common
representations include Mel-frequency cepstral coeffi-
cients (MFCCs), scalograms, and spectral contrast13.
These acoustic features are physiologically grounded:
cavitary lesions, airway narrowing, and altered lung com-
pliance in TB disrupt normal airflow dynamics, produc-
ing lower-frequency concentration and irregular high-
frequency oscillations. Clinically, the value extends be-
yond binary discrimination: differentiating TB from other
respiratory diseases (TB-RD, pneumonia, COVID-19)
is more challenging yet more relevant, since it directly
determines triage and referral pathways.

3.4 AI methodologies
Convolutional neural networks (CNNs) dominate. Xu
et al.48 achieved 94.3% accuracy and 97.7% sensi-
tivity with a CNN on Mel spectrograms, while Yuan et
al.49 combined ResNet50 and DenseNet121 with MFCC
and Mel spectrogram inputs, reporting F1 = 91.7% and
AUC = 0.94. Pahar et al.44 used ResNet50 transfer
learning, achieving F1 = 92.6% for TB vs COVID-19
and 86.3% for TB vs COVID-19 vs healthy. Large-scale
implementations further extend this success: Suda et
al.51 trained CNN + XGBoost models on over 700,000
coughs, demonstrating strong generalization across co-
horts. Temporal architectures extend performance: Frost
et al.52 used a Bi-LSTM with attention (80.0% accu-
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Figure 2. Geographic and epidemiological structure of tuberculosis cough datasets. A. Global distribution of
available cough datasets overlaid on WHO TB incidence categories50, shaded by incidence rate (per 100,000
population). Marker color encodes the number of enrolled participants, and marker shape distinguishes countries
contributing a single dataset (circle) from those contributing two or more datasets (star). B. Dataset-level
tuberculosis prevalence plotted against cohort size (log10 scale). Confidence-interval widths narrow systematically
with increasing cohort size, reflecting reduced statistical uncertainty in larger studies. C. Class-count phase space
showing square-root–scaled TB-positive and TB-negative subject counts. Orange ellipses (95 % robust covariance
contours) highlight clustering within a 30–60 % prevalence band (IQR 28.6–59.3 %), spanning nearly two orders of
magnitude in cohort size. Iso-prevalence rays (red dashed lines) and iso-sample-size arcs (gray curves) provide
geometric reference. Note: Zhejiang Red Cross V2 supersedes V1 and is treated as the consolidated dataset (V2
only). Mayo TB lacked explicit TB-positive counts and is therefore excluded from B and C but retained in A for
geographic completeness.
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racy, 77.8% sensitivity, 81.3% specificity, AUC = 0.85).
Pretraining improved specificity (95.8%) but reduced
AUC (0.79)12. Xu et al.46 combined CNN + Bi-LSTM,
achieving 96.3% accuracy and 98.1% sensitivity. En-
semble approaches (ResNet50, GoogLeNet, Bi-LSTM)
yielded 98.1% accuracy, 98.8% sensitivity, and 97.5%
specificity47. Traditional classifiers remain relevant. Lo-
gistic regression on MFCC and handcrafted features
reached AUC = 0.94 and 95% sensitivity15. ANN mod-
els achieved 92.3% accuracy45. Random Forests opti-
mized for mobile deployment achieved 96.6% accuracy,
93.1% specificity, and 100% sensitivity13. Novel designs
include capsule networks (97% accuracy, 98% sensitiv-
ity53) and NLP-inspired embeddings (AUC = 0.81, F1
= 79%54). Lightweight CNNs also show promise for
low-resource deployment (91% accuracy55). Real-world
evaluations highlight challenges. Sharma et al.14 trained
ResNet18 on passive coughs, achieving AUC = 0.79 ±
0.06 (balanced) and 0.82 ± 0.03 (unbalanced), but only
0.64 ± 0.05 on forced coughs, suggesting elicitation-
dependent variability.

Tables 3, 4 provide a comprehensive overview of tu-
berculosis classification methods based on cough sound
features, systematically organizing the datasets, feature
extraction approaches, classifiers, and performance met-
rics discussed above.

3.5 Performance Landscape and Target Product Pro-
file Alignment

The performance of AI-based TB cough classifiers varies
widely across 13 studies using heterogeneous datasets.
Because dataset composition, data extraction methods,
and evaluation protocols differ, we avoid head-to-head
comparisons and instead assess each report against
WHO TPPs. To ensure consistent reporting, multi-class
studies are reported using TB-class sensitivity, speci-
ficity, and AUC, for contextual placement alongside bi-
nary results.

Achievement rates against WHO benchmarks indicate
a shift in the limiting factor (Fig. 3A). Under the 2014 TPP
for triage (Sen ≥ 90%, Spec ≥ 70%)56, 8/13 studies met
the sensitivity threshold and 13/13 met specificity. Under
the 2024 TPP for non-sputum diagnostics (Sen ≥ 65%,
Spec ≥ 98%)32, 13/13 exceeded the sensitivity mini-
mum but only 2/13 (i.e, Xu et al.48(journal article), and
Yuan et al.49(conference proceeding)) met the elevated
specificity requirement. Thus, specificity, not sensitiv-
ity, is the primary constraint on deployment. Clinically,
high specificity governs throughput and cost: false posi-
tives trigger confirmatory workflows, burden laboratories
and patients, and, especially in low-prevalence settings,
reduce positive predictive value.

Youden’s J (percentage points) summarizes the sensi-
tivity–specificity balance (Fig. 3B). Among binary classi-
fiers, J spans 41.0–96.3, reflecting variation in datasets,

prevalence, and calibration. For the two multi-class stud-
ies, TB-class J is mixed; with n = 2, no inference of
superiority is warranted.

The specificity bottleneck is clearer in the false-
positive-rate (FPR) versus AUC relationship (Fig. 3C).
Although 9/11 systems achieve AUC > 85%, only 1/11
operates at FPR ≤ 2% (equivalently, Spec ≥ 98%). Be-
cause AUC is threshold-invariant, high AUC does not
guarantee performance at the high-specificity operating
point required for large-scale triage; the practical chal-
lenge is choosing sufficiently selective decision thresh-
olds.

The uncertainty in balanced performance decreased
systematically with increasing cohort size (Fig. 3D). The
95% confidence-interval width closely followed an ap-
proximate inverse–square-root relationship with effec-
tive sample size, consistent with binomial sampling the-
ory under sufficiently large and representative cohorts.
This trend suggests that much of the apparent variability
among studies reflects finite-sample statistical effects
rather than intrinsic model instability. Smaller datasets
exhibit broader confidence intervals, highlighting the
dominant role of sample size in determining measure-
ment reliability. Nonetheless, methodological hetero-
geneity across studies likely contributes additional vari-
ance beyond sampling error and should be considered
when interpreting cross-study differences.

A geometric analysis (Fig. 3E) using Euclidean dis-
tance in (sensitivity, specificity) space shows that only
2 of 13 studies lie above the line of equal distance, i.e.,
closer to the 2024 TPP corner (65%, 98%) than to the
2014 corner (90%, 70%). Most studies remain closer
to the 2014 target, underscoring that the last few per-
centage points of specificity are the hardest step toward
2024 compliance. Distances to the 2024 target fall within
the range 19.2–35.3 (median 28.3), suggesting the field
is approaching, but has not yet overcome, the specificity
barrier.

Overall, heterogeneity in recording hardware, acous-
tic environments, and population characteristics likely
contributes to dispersion, while partial reuse of public
corpora introduces limited cross-study correlation yet
enables some benchmarking. To translate AI-based
cough triage into scalable practice, prospective multi-
site validation, standardized TB-class reporting for multi-
class models, and harmonized evaluation across shared
benchmarks and new cohorts are needed to establish
generalizability, and real-world utility.

4 Implementation Requirements and Stake-
holder Framework for AI-Based TB
Cough Analysis

Translating AI-based cough analysis from research pro-
totypes to deployed triage tools requires more than al-
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Figure 3. Performance landscape of AI-based tuberculosis cough classifiers relative to WHO Target Product
Profiles (TPPs). A. Sensitivity versus specificity for binary (blue circles) and multi-class (orange squares) models,
overlaid with WHO TPP thresholds for triage (2014; purple dashed) and non-sputum diagnostics (2024; green
dash–dot). Most systems achieve high sensitivity but fall short of the 98 % specificity target. B. Youden’s J statistic
(J = Sen+Spec−100) summarizes the sensitivity–specificity balance across task types. Binary classifiers show
broad variability, whereas the two multi-class studies exhibit mixed TB-class performance. C. False-positive rate
(FPR) versus area under the receiver operating characteristic curve (AUC), defined as FPR = 100−Spec(%).
Although most models achieve AUC > 85%, few operate at FPR ≤ 2% (equivalently, Spec ≥ 98%), underscoring the
specificity bottleneck at deployment-relevant thresholds. D. Uncertainty in balanced performance, expressed as the
95 % confidence-interval width for the geometric mean (G-Mean =

√
Sen×Spec), plotted against effective sample

size (Neff, log scale). The observed inverse–square-root scaling (∝ 1/
√

Neff) follows binomial expectations, indicating
that much of the apparent variability among studies reflects finite-sample effects rather than model instability. E.
Geometric distance analysis in sensitivity–specificity space showing the proximity of each study to the WHO 2014
and 2024 TPP targets.
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gorithmic accuracy. Experiences from digital health in-
terventions show that impact at scale depends not only
on model performance but also on rigorous external
validation, seamless integration into clinical workflows,
and sustainable governance and financing. This sec-
tion synthesizes lessons from comparable tools, outlines
stakeholder requirements and system-level challenges,
highlights research gaps, and proposes a phased frame-
work for translation.

4.1 Insights from Related Digital Health Interven-
tions

Among digital health tools, AI-assisted chest X-ray in-
terpretation provides the clearest precedent for scaling
diagnostic AI. Following WHO’s 2021 policy guidance
recommending computer-aided detection (CAD) soft-
ware57, several countries have piloted integration into
national programs with mixed results. A 2024 external
validation of twelve commercial CAD products using
South Africa’s national TB prevalence survey revealed
substantial variation across products, with performance
consistently lower in older adults, people with previous
TB, and individuals living with HIV58. Community-based
studies confirmed that in real-world conditions, CAD of-
ten fails to meet the 2024 WHO’s target product profile
for TB screening (≥90% sensitivity and ≥70% speci-
ficity)59.

Beyond imaging tools, mobile applications that esti-
mate TB risk from simple symptom and demographic
inputs represent another class of lightweight screening
solutions. The mTBScreen project harmonized over
900,000 records from national TB prevalence surveys to
train machine-learning and Bayesian models, achieving
a balanced accuracy of roughly 60% on secondary vali-
dation datasets60. A proof-of-concept mobile app was
piloted with 30 health workers in Zambia using clinical
vignettes, where it was generally well-received and con-
sidered an improvement over paper-based workflows,
though usability differed across cadres60. Subsequent
implementation analyses showed that scaling such tools
requires resolving interoperability barriers, particularly
the inconsistent structures and APIs of national elec-
tronic TB databases60.

Together, these experiences demonstrate that tech-
nical promise does not guarantee public health impact.
They highlight the importance of system-level integration
and continuous validation across diverse populations.

4.2 Stakeholder Ecosystem and Requirements
Successful development and deployment of AI-based
cough analysis depend on coordinated engagement
across multiple stakeholders61,62. Effective implemen-
tation requires alignment among technology develop-
ers, public health authorities, healthcare providers, and
community organizations to ensure clinical utility, eth-

ical deployment, and scalability. Fig. 4 illustrates the
envisioned patient journey, from symptom onset through
smartphone-based AI triage to clinical confirmation and
treatment initiation.

Health system integration. For AI-based cough anal-
ysis to be useful in practice, it must fit cleanly into exist-
ing clinical workflows. Community health workers need
training not only on how to elicit and record coughs
consistently, but also on how to interpret AI outputs
and act on them within referral pathways. Patient trust
depends on clear consent processes and strong safe-
guards against stigma or misuse of data. Importantly,
AI screening systems must be linked to confirmatory
diagnostics in a way that does not overload already-
constrained laboratory services; otherwise, increased
case-finding may inadvertently create downstream bot-
tlenecks.

Technology platforms. Heterogeneity in CAD perfor-
mance underscores the risks associated with device vari-
ability. Ensuring consistent deployment requires robust
offline-first functionality, secure data pipelines, and stan-
dardized device specifications across platforms. In par-
allel, data governance frameworks must ensure compli-
ance with national regulations on informed consent, data
retention, and cross-border transfer. Recognizing these
interconnected technical and ethical challenges, major
technology organizations have begun directing their AI
and mobile health Research and Development (R&D)
efforts toward solutions that enhance cross-device con-
sistency, on-device intelligence, and responsible data
stewardship, thereby supporting scalable, equitable, and
regulation-aligned deployment of diagnostic tools in real-
world healthcare settings40,63.

Regulators and policymakers. Current regulatory
frameworks for digital health—such as FDA’s Software
as a Medical Device (SaMD)64 and WHO’s AI ethics
guidance65—provide general principles but are not yet
tailored to acoustic biomarkers or AI models that update
over time. National TB Programs will need to deter-
mine how cough-based AI fits into their case-finding
algorithms, procurement policies, and reporting systems
to prevent fragmented deployment. Clear standards for
validation, model updates, and integration with national
surveillance systems will be essential for safe and con-
sistent use.

Funders and governance bodies. Beyond pilot
projects, sustainable financing, transparent data gov-
ernance, and equitable benefit-sharing mechanisms are
essential to ensure long-term scalability.

4.3 Cross-Cutting Challenges
Even with stakeholder alignment, recurring barriers re-
main.

Trust and acceptance. Health workers express
greater confidence in interpretable AI systems that ex-
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plain outputs rather than black-box classifications66. Pa-
tient concerns about privacy and stigma require trans-
parent consent processes and community engagement.

Sustainability. Continuous validation and lifecycle
management are essential. Programs must plan for
model drift monitoring, device maintenance, and recur-
rent workforce training, supported by financing beyond
initial donor funding.

Equity. Without deliberate design, digital tools risk
exacerbating disparities. Vulnerable groups—including
the elderly, PLH, and those without smartphone ac-
cess—may be systematically excluded. Subgroup per-
formance audits and inclusive design practices are
needed to safeguard equity.

4.4 Critical Implementation Research Gaps
Although several methods have reported promising per-
formance for AI-based cough analysis in controlled set-
tings, no system has yet demonstrated consistent perfor-
mance across diverse devices, and real-world recording
conditions. A handful of models have met WHO screen-
ing thresholds, but these studies often relied on curated
datasets, lacked external validation. As a result, fur-
ther model refinement and rigorous field testing are still
required before cough-AI can be considered clinically
reliable. At present, no country has deployed cough-
based AI for TB screening at scale, and all existing tools
remain in research or pilot phases rather than routine
clinical use. Against this backdrop, four implementation
research gaps remain central to translation:

Prospective, multi-site effectiveness. No large-
scale prospective studies have evaluated AI cough anal-
ysis in routine practice with subgroup analyses and pre-
dictive values at observed prevalence.

Economic evaluation. Rigorous cost-effectiveness
studies that incorporate confirmatory testing loads, pa-
tient costs, and system throughput are needed to sup-
port policy adoption.

Health system impact. Effects on laboratory work-
flows, provider roles, and patient pathways must be
systematically assessed before wide deployment.

Regulatory science. Demonstration projects with
shared protocols and audit trails are needed to estab-
lish precedents for regulatory approval and oversight of
acoustic biomarkers and adaptive models.

4.5 A Phased Implementation Framework
To address these challenges, we propose a phased,
gate-based framework emphasizing explicit milestones
rather than fixed timelines.

Phase 0: Preparation. Map clinical pathways, secure
ethics and data agreements, define device specifica-
tions, and assess site readiness.

Phase 1: Controlled pilots. Deploy in select facilities
to evaluate usability, workflow integration, and diagnostic

performance under local conditions.
Phase 2: Adaptive scale-up. Expand using prag-

matic trial designs; monitor model drift; recalibrate with
local data; integrate with surveillance systems; conduct
economic evaluations.

Phase 3: System integration. Embed within na-
tional TB strategies, institutionalize quality assurance,
establish transparent reporting of model versions and
thresholds, and secure sustainable financing.

At every phase, safeguards must ensure fairness,
interpretability, privacy, and community trust. In sum-
mary, continuous validation, actionable workflows, and
program stewardship—not algorithms alone—will de-
termine whether AI-based cough analysis delivers eq-
uitable gains in TB case finding. As the experience
with CAD and other digital interventions shows, techni-
cal innovation delivers public health impact only when
embedded within robust systems that prioritize trust,
sustainability, and equity.

5 Limitations and Future Directions
5.1 Limitations
5.1.1 Data scarcity and variability
The most fundamental barrier to cough-based AI for TB
triage is the paucity of large, standardized datasets. Ex-
isting collections are fragmented across geographies,
devices, and protocols, with no universally accepted ac-
quisition guidelines. As a result, studies report heteroge-
neous and often non-comparable results22,68. Variability
in recording environments, microphone types, sampling
rates, and patient behaviors introduces distribution shifts
that degrade model performance on unseen data. In ad-
dition, most datasets are skewed toward adults from
a handful of TB-endemic countries, with limited rep-
resentation of children, women, and high-burden but
under-studied regions. This scarcity and imbalance
fundamentally constrain both the robustness and the
generalizability of current classifiers.

5.1.2 Lack of generalization
Models that achieve high performance on internal val-
idation consistently falter when deployed in new con-
texts. Cough recordings differ substantially across de-
vices, environments, and patient groups, and models
trained in one setting frequently overfit to local artifacts
rather than genuine disease signatures. Such domain
shifts result in marked accuracy losses when models
are transferred across populations. Two complementary
strategies are required: (i) development of generalizable
models through domain adaptation, transfer learning,
and systematic augmentation; and (ii) context-specific
fine-tuning for particular populations, workflows, or hard-
ware. Generalizable models support scalability, while
targeted adaptation provides a practical route for near-
term deployment.
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Figure 4. An individual uses an AI-powered tool to analyze her cough and receives triage advice, ranging from
reassurance to scheduling a clinic appointment. Such systems could enable timely tuberculosis (TB) triage in
community and home settings. Inspired by67 and generated with the assistance of ChatGPT (OpenAI, 2025). All
scenes are simulated for illustrative purposes; the positions of medical instruments and actions are not intended to
represent actual clinical practice.
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5.1.3 Interpretability challenges
Deep learning approaches to cough analysis remain
opaque, limiting their clinical credibility69. Without in-
terpretability, it is impossible to verify that classifiers
rely on physiologically meaningful acoustic signatures
(e.g., burst duration or spectral profiles) rather than spu-
rious noise. This opacity undermines clinical trust, ob-
structs regulatory approval, and weakens scientific in-
sight. Transparent models are therefore not optional but
essential for clinical translation.

5.1.4 Clinical validation and deployment
The most consequential gap is determining whether ex-
isting models are clinically reliable—specifically, whether
they achieve sufficiently robust sensitivity, specificity, and
predictive values under real-world conditions. To date,
nearly all algorithms have been evaluated on small, ret-
rospective datasets, leaving their true performance in
routine practice unknown. Differences in disease preva-
lence, comorbidities, device hardware, posture, and user
behavior can alter acoustic signatures and significantly
affect accuracy outside controlled settings. Although a
few studies report sensitivities approaching 96% under
ideal conditions—meeting or exceeding WHO thresh-
olds for triage44—no large-scale prospective or longitu-
dinal field trials have been conducted. Until such studies
demonstrate consistent performance across diverse pop-
ulations and deployment environments, the clinical utility,
safety, and cost-effectiveness of cough-based triage re-
main uncertain.

5.2 Future Directions
5.2.1 Standardized large-scale datasets
Progress will require the creation of large, standardized,
and globally representative repositories of cough sounds.
Just as the Foundation for Innovative New Diagnostics
(FIND) biobanks transformed molecular diagnostic eval-
uation70, a global acoustic data bank is essential to ad-
vance non-sputum diagnostics. Such an initiative must
be coordinated by WHO, national TB programs, and clin-
ical consortia, with universal acquisition protocols spec-
ifying device types, recording duration, segmentation,
and noise control. Equitable inclusion across age, sex,
geography, and comorbidities is mandatory to prevent
biased models. Open-access, well-annotated reposito-
ries would accelerate collaborative benchmarking and
establish fair comparative standards.

5.2.2 Domain adaptation and robustness
Robustness across settings cannot be assumed—it
must be engineered. Domain adaptation methods, in-
cluding adversarial alignment, transfer learning, and un-
supervised distribution matching, are indispensable for
enabling models to generalize across populations and
devices. Pre-training on large respiratory sound corpora

followed by TB-specific fine-tuning has already demon-
strated benefit. Data manipulation strategies that simu-
late noise, microphone variability, and recording artifacts
should be standard practice. Only models hardened
against such variability will prove reliable in real-world
deployment.

5.2.3 Explainable AI and model interpretability
Translation into practice demands explainability at the
core of system design. Techniques such as attention
mechanisms, saliency mapping, and feature attribution
clarify which spectral or temporal components of a cough
drive predictions71. These methods ensure that models
rely on clinically meaningful signals, facilitate regula-
tory approval, and strengthen clinician trust. Moreover,
interpretable frameworks may uncover novel acoustic
biomarkers, transforming cough analysis from a classifi-
cation tool into a discovery platform.

5.2.4 Rigorous clinical validation
Clinical translation will not occur without large-scale,
prospective trials. Studies must span community screen-
ing, HIV/TB co-management clinics, correctional facil-
ities, and urban slums, while explicitly evaluating per-
formance in children, people with HIV, and those with
COPD, diabetes, or undernutrition. Endpoints should ex-
tend beyond sensitivity and specificity to include patient
outcomes, program throughput, and cost-effectiveness.
Regulatory engagement and workflow integration must
begin in parallel with trial design. Beyond triage, cough
acoustics may offer insight into disease severity and
treatment monitoring, but such applications remain spec-
ulative until rigorously tested.

5.3 Beyond sputum: other-modal strategies for TB
Cough represents one of several promising non-sputum
signals. Breathomics, lung sound analysis, symptom-
based models, skin-based sensing, and EHR-derived al-
gorithms all offer complementary pathways. Individually,
these modalities remain constrained by reproducibility
or scalability, but their integration may deliver robust so-
lutions. Breathomics and e-nose devices have shown
variable diagnostic performance, with some studies re-
porting sensitivities above 90% and specificities above
85% (e.g.,21,22), while others report more modest re-
sults due to heterogeneous sensors and limited clinical
trials23,24. Lung sound analysis aligns conceptually with
cough but requires contact-based sensors and is noise-
sensitive34. Symptom-based algorithms72,73 and EHR-
driven models74 are under exploration, while skin-based
approaches remain nascent75.

Integration of acoustic data and imaging modalities,
supported by advances in multimodal AI76,77, is demon-
strating the potential to offer a more credible path to
robust non-sputum testing. Recent multimodal efforts
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exemplify this direction: the Swaasa AI platform inte-
grates cough features and symptom metadata for clini-
cal screening16; deep learning frameworks combining
cough-derived spectrograms with chest X-ray and CT
imaging have been applied for multi-disease classifica-
tion76,77; and other real-world systems leverage cough
and patient metadata to enhance TB prediction78. To-
gether, these studies illustrate how cough-centered mod-
els can evolve into multimodal, non-sputum triage plat-
forms.

5.4 Ethical, regulatory, and equity considerations
As AI-based cough triage advances, ethical safeguards,
regulatory oversight, and equity must be embedded from
inception. Cough audio constitutes sensitive biometric
data and demands rigorous governance for consent, re-
tention, and sharing. Compliance with General Data
Protection Regulation (GDPR), Health Insurance Porta-
bility and Accountability Act (HIPAA), and national laws
is mandatory. Real-time systems that discard audio after
analysis reduce risk, but continuous-learning pipelines
require ongoing consent and transparent governance.
Regulatory approval will hinge on frameworks such as
FDA’s Software as a Medical Device (SaMD)79,80 and
WHO’s in vitro diagnostic prequalification81,82. Model
fairness must be systematically evaluated: biases by
age, sex, geography, or comorbidities cannot be toler-
ated in deployment83–86. Community engagement is
equally essential. Participatory design and local co-
development strengthen trust, cultural fit, and adoption
in TB-endemic communities87–89. Equitable deployment
must remain central. Without deliberate targeting, digital
health tools risk widening disparities90–93. Ministries of
health, NGOs, and funders must prioritize deployment
in high-burden, resource-limited settings to ensure maxi-
mal impact.

5.5 Integration into TB programs
The ultimate test of AI-based cough analysis lies in its
integration into TB control strategies. These systems
are best positioned as triage tools to flag individuals for
confirmatory testing by GeneXpert or chest radiography.
Deployment research must therefore evaluate usability,
acceptability, and cost-effectiveness, alongside diagnos-
tic accuracy. Health-economic studies should account
for both direct implementation costs and indirect bene-
fits such as earlier detection, reduced transmission, and
improved treatment outcomes. Integration requires in-
teroperability with digital health infrastructures, following
standards such as Health Level Seven – Fast Health-
care Interoperability Resources (HL7 FHIR), while en-
suring offline functionality and local language support for
low-resource settings. Pilot studies should inform work-
flow design, training needs, and strategies for continu-
ous model monitoring62. Privacy safeguards—including

de-identification, encrypted transfer, and role-based ac-
cess—must be instituted before scale-up. Equally impor-
tant are clear referral pathways for individuals flagged
positive, ensuring timely confirmatory testing and treat-
ment. Translation into national programs will succeed
only if models are continuously monitored, periodically
updated, and aligned with emerging global guidance on
digital diagnostics. If achieved, AI-based cough testing
has the potential not to replace sputum assays, but to
transform who is tested and when—shifting TB programs
toward earlier, broader, and more equitable detection.

6 Conclusion
Tuberculosis continues to challenge global health, and
reliance on sputum-based diagnostics constrains timely
case detection in community and primary care settings.
The potential value of cough-based triage lies in its ac-
cessibility, low cost, and scalability—smartphone-based
tools could shift initial screening from centralized labora-
tories to community settings, extending reach to popula-
tions that face the greatest diagnostic delays. Advances
in artificial intelligence and mobile health technologies
have positioned cough analysis as a promising non-
invasive approach.

Proof-of-concept studies demonstrate that TB-
associated acoustic patterns can often be detected with
high sensitivity; however, specificity and overall clinical
reliability remain key limitations, and existing systems
cannot yet be considered ready for routine use. Even the
most rigorous evaluations to date have been conducted
under controlled clinical conditions with selected patient
groups, offering only partial insight into real-world per-
formance. Evidence remains limited for children, people
living with HIV, and individuals with coexisting respira-
tory conditions—precisely the groups where TB burden
is highest and diagnostic gaps are most pronounced.

Field studies show that smartphone-based cough col-
lection is technically feasible and generally acceptable
to patients in primary care settings. These early im-
plementations indicate that the basic workflow can be
integrated with minimal infrastructure and without spe-
cialized personnel. However, important questions re-
main about health worker training needs, durability of
diagnostic performance outside supervised research en-
vironments, and fit within existing triage pathways in di-
verse low-resource settings. Early deployments suggest
operational viability, but uncertainties persist regarding
scalability, quality assurance, and long-term usability
within community health programs.

Realizing the promise of cough-based TB screening
will require progress on two fronts: developing reliable
and affordable diagnostic models that meet WHO perfor-
mance criteria across diverse populations and contexts,
and demonstrating that these tools can be deployed
effectively, acceptably, and sustainably in resource-
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limited health systems. Achieving this vision will depend
on building standardized and globally representative
datasets, conducting rigorous multi-site prospective val-
idation studies, and establishing clear regulatory and
ethical frameworks tailored to audio-based diagnostics.

If these challenges are addressed, AI-assisted cough
analysis could transform TB case finding and establish
a scalable paradigm for symptom-based diagnostics
across respiratory diseases—shifting screening from the
laboratory to the community, where it is needed most.
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A Performance Metric Formulae
The following formulas define the standard classification
metrics used to evaluate TB testing models based on
cough sound analysis. To calculate these metrics, the
following terms from the confusion matrix are used: True
Positives (TP) are TB-positive cases correctly identi-
fied by the model, while True Negatives (TN) are TB-
negative cases correctly identified. False Positives
(FP) refer to TB-negative cases incorrectly classified as
TB-positive, and False Negatives (FN) are TB-positive
cases incorrectly classified as TB-negative.

• Accuracy =
T P+T N

T P+T N +FP+FN

• Sensitivity (True Positive Rate) =
T P

T P+FN

• Specificity (True Negative Rate) =
T N

T N +FP

• Precision =
T P

T P+FP

• F1 Score = 2 · Precision ·Sensitivity
Precision+Sensitivity

=

2T P
2T P+FP+FN

• AUC-ROC: The Area Under the ROC Curve is com-
puted by plotting the True Positive Rate (Sensitivity)

against the False Positive Rate (FPR =
FP

FP+T N
)

at various thresholds. It does not have a single
closed-form formula but is computed numerically.
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