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ABSTRACT 

Recent advances in artificial intelligence and mobile sensing have renewed interest in the human voice and cough as non-
invasive, low-cost biomarkers of disease. While respiratory, neurological, and psychiatric applications have shown 
moderate-to-high diagnostic accuracies in classification studies, the translation of these tools from proof-of-concept into 
routine clinical practice remains incomplete. This narrative review synthesizes the 2025–2026 literature across five domains: 
(a) the biophysiological foundations that make voice and cough acoustically informative, (b) clinical evidence spanning 
respiratory, neurodegenerative, mental-health, cardiometabolic, pediatric, and laryngeal use cases, (c) the growing body of 
work on linguistic equity and structural bias in speech-based systems, (d) privacy and adversarial security concerns specific 
to voice as biometric data, and (e) deployment prospects in low- and middle-income countries, with tuberculosis screening 
as the most advanced use case. The analysis reveals that no single disease domain has reached the level of large-scale, 
independently validated deployment, though respiratory and laryngeal applications are closest. Structural language bias—
particularly against speakers of tonal languages—remains a first-order obstacle, and current speaker de-identification 
systems demonstrably leak identity information. These findings point to three conditions for responsible scale-up: 
methodological standardization, inclusive multilingual datasets, and governance frameworks that treat voice data as sensitive 
biometric medical information. 
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1. Introduction 

The idea that a person’s voice or cough might carry medically actionable information is not new. 

Clinicians have long listened for hoarseness, stridor, or the distinctive bark of croup; what has changed is the 

availability of cheap, high-quality microphones embedded in billions of smartphones and the maturation of 

machine-learning architectures capable of extracting subtle acoustic patterns from short audio clips. Together, 

these developments have turned voice and cough into candidate digital biomarkers—measurable features of a 

biological signal that can be captured passively, analyzed computationally, and, in principle, deployed at 

population scale without specialized laboratory equipment. 

The promise is considerable. A vocal biomarker collected through a smartphone application could, in 

theory, flag early Parkinson’s disease in a rural clinic that has never seen a neurologist, screen for tuberculosis 

at a community health post in sub-Saharan Africa, or monitor depressive episodes between psychiatric 

appointments. Yet the 2025–2026 literature, when read carefully, suggests a field that is still negotiating the 

distance between promising classification results and trustworthy clinical deployment. Most published work 

remains at the level of review-level synthesis and proof-of-concept modeling rather than mature clinical 

validation (Landry et al., 2025). Several of the largest systematic reviews note persistent heterogeneity in study 

design, limited external validation, and a recurring failure to test models in populations that differ linguistically, 

ethnically, or socioeconomically from the training cohorts. 

At the same time, a parallel literature has emerged that treats equity and privacy not as afterthoughts but 

as constitutive problems. Research on automatic speech recognition (ASR) and adjacent speech technologies 

has documented structural language bias that penalizes speakers of tonal languages such as Mandarin and 

Vietnamese (Roll & Graham, 2025), and a scoping review of fairness in ASR for African American English 

speakers has argued that technical fairness fixes, while important, are insufficient without governance 

structures that center community agency and linguistic justice (Cunningham et al., 2025). On the privacy side, 

a 2025 benchmark found that every state-of-the-art speaker de-identification system tested leaked identity 
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information (Seo et al., 2025), and an adversarial attack study demonstrated that synthetic multilingual 

pathological speech could deceive existing diagnostic models (Zhu et al., 2025). 

This review integrates both streams—the clinical and the sociotechnical—into a single analytical 

framework. The aim is not to catalogue every voice-biomarker study published in the period, but to 

characterize the maturity of clinical evidence, map the most consequential equity and privacy risks, and 

identify what conditions would need to be met before acoustic diagnostics could be responsibly scaled, 

especially in low- and middle-income countries (LMICs). The analysis is organized around five thematic areas: 

biophysiological foundations, clinical applications, linguistic equity, privacy and regulation, and global-health 

deployment. 

It is worth noting at the outset what the COVID-19 pandemic contributed to this field—and what it 

distorted. The global urgency of 2020–2022 prompted a surge in cough-based and voice-based COVID-19 

detection studies, many of which reported impressively high accuracies on datasets collected under controlled 

conditions. As the immediate crisis receded, however, much of this work proved difficult to replicate in 

independent external validations, a lesson that has made the post-pandemic literature more cautious about 

claiming deployment readiness on the basis of single-dataset classification performance. The studies reviewed 

here inherit that caution, and readers will notice that the most credible clinical claims tend to come from multi-

center designs, real-world recording conditions, or systematic reviews that explicitly assess risk of bias. 
 

2. Methodology 

This study adopted a narrative review design, appropriate for synthesizing evidence across a 

heterogeneous and rapidly evolving interdisciplinary field. The authors conducted a comprehensive manual 

literature search across multiple bibliographic databases, including PubMed/MEDLINE, Embase, Scopus, 

Web of Science, IEEE Xplore, and Google Scholar. Six thematic searches were performed independently by 

the authors, targeting (a) voice and cough biophysiology and acoustic taxonomy, (b) clinical applications of 

audio biomarkers across disease domains, (c) continuous cough monitoring and respiratory disease 

classification, (d) linguistic bias and equity in ASR and speech-biomarker systems, (e) privacy, de-

identification, and adversarial attacks on voice data, and (f) tuberculosis screening and acoustic diagnostics in 

LMICs. Reference lists of key articles were also screened by hand to identify additional relevant publications 

(snowball sampling). 

Search terms included combinations of “voice biomarker,” “cough analysis,” “digital biomarker,” 

“speech recognition bias,” “linguistic equity,” “speaker de-identification,” “tuberculosis cough screening,” and 

related variants, with appropriate Boolean operators (AND, OR, NOT). Eligible studies were published 

between 2019 and 2026, with a strong emphasis on work from 2024–2026. Both peer-reviewed publications 

and preprints with clear institutional affiliation were included. Regulatory and policy documents from the 

World Health Organization (WHO) and the European Commission were retrieved directly from the respective 

institutional websites and consulted for the privacy and global-health sections. Records were exported and 

deduplicated manually by cross-checking titles, author lists, and digital object identifiers (DOIs). Each 

candidate study was then screened by at least two authors against pre-specified inclusion criteria; 

disagreements were resolved through discussion. In total, 43 unique sources were identified and verified for 

accuracy. Sources were organised thematically, and a narrative synthesis was conducted with attention to the 

level of evidence, study design, and explicit limitations reported by each study’s authors. 

 

3. Results 

3.1 Biophysiological Foundations of Voice and Cough 

The acoustic features extracted from voice and cough recordings derive their diagnostic informativeness 

from well-understood, if complex, physiology. Voice production is still most parsimoniously described by 

source–filter theory: the vocal folds generate a quasi-periodic source signal, the vocal tract shapes it through 

resonance, and the interaction between the two—traditionally treated as negligible—is increasingly recognized 

as clinically relevant (Calvache et al., 2021). A separate line of perceptual research argues that the recurring 

descriptive terms used across disciplines, languages, and even species track a small number of acoustic 

dimensions related to body size and physiological arousal, which may explain why voice taxonomies keep 

converging on a limited set of perceptual–acoustic axes (Kreiman, 2023). 

In clinical practice, the relevant feature families are relatively stable. A tutorial review on clinical 

acoustic markers identified fundamental frequency, pitch and amplitude variation, harmonic-to-noise ratio 

(HNR), cepstral peak prominence (CPP), maximum phonation time, and pause-related measures as the core 
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analytic toolkit (Schultz & Vogel, 2022). A 2025 review of dysphonia assessment reached a similar list, adding 

relative noise level and the acoustic voice quality index as informative parameters (Timerbulatov et al., 2025). 

In essence, most published “voice biomarker” studies measure one of three properties: the periodicity of the 

laryngeal source, the degree of noise or aperiodicity in the signal, or the way the vocal-tract filter reshapes the 

harmonic spectrum. 

Cough occupies a different biophysical niche. The CHEST Guideline and Expert Panel report frames 

cough not as a simple burst of sound but as a phenomenon with characteristic patterns, morphologic features, 

triggers, and a hypersensitivity phenotype (Lee et al., 2021). A 2023 acoustic study in healthy adults 

demonstrated that voluntary cough, throat clearing, and induced reflexive cough separate acoustically, with 

distinct onset-pulse and frication profiles across maneuvers (Mootassim-Billah et al., 2023). A scoping review 

of 108 studies further divided the field into acquisition, detection, and classification stages, noting the 

increasing use of smartphones for non-contact recording since 2016 (Hegde et al., 2024). The diagnostically 

useful acoustic taxonomy for cough thus includes temporal envelope features, spectral-band energy 

distribution, and features that discriminate voluntary from reflexive, wet from dry, and productive from 

nonproductive cough. 

The overlap between voice and cough biomarkers deserves emphasis. A study of cough airflow and 

acoustics after injection laryngoplasty showed that restoring glottic competence changes both cough airflow 
and cough acoustics (Rameau et al., 2022). This finding serves as a reminder that the cough signal is not simply 

“lung noise”; it is a laryngeal–respiratory event shaped jointly by expiratory airflow, glottal closure and release, 

secretion burden, and airway mechanics. 

This biophysiological picture carries direct implications for the linguistic-equity question addressed later 

in this review. Because fundamental frequency (F0) is both a core diagnostic feature for conditions like 

depression and Parkinson’s disease and a lexical feature in tonal languages such as Mandarin, Vietnamese, 

Yoruba, and Thai, the diagnostic meaning of F0-based biomarkers cannot be assumed to transfer across 

language families without explicit validation. Cough, by contrast, is largely involuntary and language-

independent, which makes cough-derived features inherently more portable across populations—though they 

remain susceptible to confounding by non-pathological factors such as smoking, ambient humidity, and 

recording equipment. 

 

3.2 Clinical Evidence Across Disease Domains 

The clinical evidence base as of 2025–2026 is uneven. Respiratory and laryngeal use cases appear 

closest to routine deployment, mental-health and neurodegenerative applications are promising but remain 

validation-heavy, and cardiometabolic applications are narrowest in scope. Figure 1, compiled from Landry et 

al. (2025), Abdelhalim et al. (2025), Briganti and Lechien (2025), Yang Y. et al. (2025), and Ma et al. (2025), 

visualises these performance ranges across disease domains. 

Respiratory disease. This is the most mature domain. A 2025 systematic review of 81 studies found that 

audio biomarkers generally achieved moderate (60–79%) to high (80–100%) diagnostic accuracies for asthma, 

COPD, and pneumonia, though the authors emphasized persistent methodological heterogeneity and the need 

to test models in clinically diverse populations (Landry et al., 2025). A 2026 device-invariant multimodal 

cough model, trained on a real-world multi-center dataset exceeding 10,000 cases, reported improved cross-

device generalization—precisely the kind of engineering advance required before deployment (Yang et al., 

2026). A narrative review of continuous cough monitoring argued that analytically and clinically validated 

monitoring is already informing management of refractory chronic cough, COPD, bronchiectasis, congestive 

heart failure, and gastroesophageal reflux (Galvosas & Small, 2025). 

Neurodegenerative disease. Voice disorders affect up to 89% of Parkinson’s disease patients, making 

this the flagship neurological use case. A 2025 systematic review of machine-learning applications for 

Parkinson’s diagnosis via speech found that free speech and reading were the most commonly used elicitation 

tasks, but the field remains limited by comparability problems and uncertain clinical integration pathways 

(Hossain et al., 2025). A FAIRness audit of 27 publicly available voice-biomarker datasets reported high 

findability but substantial weaknesses in accessibility, interoperability, and reusability (Mahapatra & 

Mahapatra, 2026)—exactly the bottleneck that prevents classification models from crossing into clinical 

practice. 

Mental health. A 2025 systematic review of speech and voice quality as biomarkers in depression 

reported areas under the curve (AUCs) ranging from 0.71 to 0.93, but six of the included studies carried high 

risk of bias, primarily from patient selection and validation design choices (Briganti & Lechien, 2025). That 
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positions voice as a plausible screening or monitoring signal for depression, not a stand-alone diagnostic tool. 

A perspective article on integrating vocal biomarkers into digital health proposed singing as a potentially more 

accessible elicitation task than speech, particularly for populations with linguistic or cognitive impairments 

(Rodrigo & Duñabeitia, 2025). 

Cardiometabolic disease. The evidence base here is the narrowest. A scoping review of 19 studies on 

voice biomarkers in heart failure found that nine focused on diagnosis or differential diagnosis and ten on 

disease-progression monitoring, while still calling for standardized collection and analysis procedures (Yang, 

Chen, et al., 2025). Direct voice or cough evidence for diabetes or metabolic syndrome remains sparse. 

Pediatrics. Pediatric cough work is encouraging for respiratory triage in low-resource settings. A 2025 

systematic review reported sensitivities of 82–94% and specificities of 71–91% across six cough-AI studies, 

though most had small sample sizes and lacked external validation (Abdelhalim et al., 2025). A separate study 

suggested that standard deviation and variance of mel-frequency cepstral coefficients (MFCCs) may help 

screen pediatric vocal cord nodules, but this remains a single cross-sectional observation (Jiang et al., 2025). 

Laryngeal applications. These are perhaps the most anatomically grounded of the voice use cases. The 

standard clinical acoustic families—fundamental frequency, HNR, CPP, maximum phonation time—map 

directly onto laryngeal source mechanics (Timerbulatov et al., 2025). The laryngoplasty study cited above 

(Rameau et al., 2022) reinforces the point that glottic competence is readable in both voice and cough acoustics, 
making these two biomarker classes partially overlapping rather than strictly independent. Table 1 synthesises 

the diagnostic-accuracy ranges and evidence levels reported across these domains, drawing on Landry et al. 

(2025), Hossain et al. (2025), Briganti and Lechien (2025), Yang Y. et al. (2025), Abdelhalim et al. (2025), 

and Ma et al. (2025). 

 

Table 1. Summary of Clinical Evidence for Voice and Cough Biomarkers  

Across Disease Domains (2025–2026) 

 

Disease Domain Signal Type Accuracy Range Evidence Level Key Limitation 

Asthma Voice / Cough 
Sens. 80–100% 

Spec. 80–100% 

Systematic review 

(81 studies) 

Heterogeneous methods; 

limited diverse-population 

testing 

COPD Voice / Cough 
Sens. 78–100% 

Spec. 56–100% 
Systematic review 

Specificity variable; cross-

device drift 

Pneumonia 
Cough / Lung 

sounds 

Sens. 64–100% 

Spec. 64–100% 
Systematic review 

Small pediatric samples; 

limited external validation 

TB screening Cough 
Sens. 90.3% Spec. 

73.1% 

Prospective, 2-site 

(n=500) 

Single-country; urban 

hospitals only 

Parkinson’s disease Voice 
Variable (review-

level) 
Systematic review 

Comparability across tasks; 

no consensus protocol 

Depression Voice AUC 0.71–0.93 Systematic review 

High risk of bias in 6/N 

studies; patient selection 

issues 

Heart failure Voice Not standardized 
Scoping review (19 

studies) 

No standardized procedures; 

exploratory stage 

Pediatric respiratory Cough 
Sens. 82–94% 

Spec. 71–91% 

Systematic review (6 

studies) 

Small samples; no external 

validation 

 

Accuracy ranges are compiled from the systematic reviews and primary studies cited in Section 3.2. 
“Sens.” = sensitivity; “Spec.” = specificity. AUC = area under the receiver operating characteristic curve. 
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Fig. 1. Reported Diagnostic Sensitivity and Specificity Ranges for Voice and Cough Biomarkers Across 
Disease Domains 

 

Error bars represent the range of reported values across included studies. The dashed line indicates the 

WHO target product profile sensitivity threshold (90%) for TB screening. Single-point estimates (TB) reflect 

the best-performing multimodal model from Ma et al. (2025). 
 

3.3 Linguistic Equity in Acoustic Diagnostic Systems 

The literature on linguistic equity has converged, by 2025–2026, on a conclusion that should concern 

anyone building voice-based clinical tools: ASR and speech-biomarker systems do not merely vary by accent; 

they carry structural language bias, and speakers of tonal languages are among the groups most penalized even 

when a model looks strong on aggregate metrics. 

Three ASR studies from 2024–2026 document the scale of the problem. A study using the Lottery Ticket 

Hypothesis to probe XLS-R, a large multilingual self-supervised model, found that during fine-tuning the 

model bypasses traditional linguistic knowledge and instead builds on weights learned primarily from the 

languages with the largest share of pretraining data (Storey et al., 2025). A comprehensive evaluation of ten 

ASR models across more than 300 English varieties found that as models increase in size and performance on 

native-speaker English, the relative disparity for second-language speakers worsens, with a significant bias 

against speakers whose first language is tonal (Roll & Graham, 2025). A 2026 study that is the first systematic 

investigation of speech bias in multimodal large language models found high sensitivity to language variation 

and option order, with architectural design and reasoning strategy substantially affecting robustness across 

languages (Wei et al., 2026). 

For voice biomarkers, the implication is direct: “fairness” is not only about demographic parity in 

classification outcomes; it is about whether a model’s performance survives contact with the linguistic 

diversity of real clinical populations. Two technical approaches have shown promise. FairASR demonstrated 

that contrastive learning can reduce demographic disparities in ASR while maintaining competitive overall 

accuracy (Kim et al., 2025), and a privacy-preserving data-selection method showed that bias can be mitigated 

without requiring access to sensitive demographic attributes at inference time (Koudounas et al., 2025). 

Federated learning represents a complementary strategy: it keeps raw audio on-device, and parameter-efficient 

adapters can narrow performance gaps without centralizing voice data (Kan et al., 2024; Jain et al., 2025). The 

important caveat is that federated learning is a mitigation strategy, not a cure; the underlying data imbalance 

and language-coverage deficit must still be addressed at the dataset level. 

Singing has emerged as the most intriguing proposal for a language-light biomarker task. A perspective 

article argued that singing engages motor, emotional, and cognitive systems in a highly integrated manner and 

can be standardized across cultures more readily than scripted speech tasks (Rodrigo & Duñabeitia, 2025). A 
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separate paper proposed minimum measurement standards for voice-related biomarkers in both speech and 

singing (Pedersen, 2025). A scoping-review protocol on group singing and health biomarkers suggests that the 

field is actively mapping this evidence base (Bouguettaya et al., 2025). These contributions support singing as 

a promising, relatively language-agnostic probe; they do not yet demonstrate that it is universal or that it 

bypasses linguistic inequity in a validated way. Table 2 brings together the principal findings from this 

literature, drawing on Storey et al. (2025), Roll and Graham (2025), Wei et al. (2026), Kim et al. (2025), 

Koudounas et al. (2025), and Cunningham et al. (2025). 

 

Table 2. Evidence of Structural Language Bias in Speech and Audio AI Systems (2024–2026) 

 

Study System Tested Key Finding Affected Group Proposed Mitigation 

Storey et al. (2025) XLS-R (SSL) 

Model builds on 

high-resource 

language weights; 

bypasses linguistic 

structure 

Low-resource 

languages 

Language-aware 

pretraining data 

balancing 

Roll & Graham 

(2025) 

10 ASR models, 

300+ varieties 

Larger models 

increase L2 disparity; 

tonal-language 

speakers penalized 

Tonal L1 speakers 

(Mandarin, 

Vietnamese) 

Integration of L2 

speech into training 

pipelines 

Wei et al. (2026) 
9 multimodal 

LLMs 

High sensitivity to 

language; speech 

amplifies structural 

biases 

Non-English speakers 

Architectural redesign; 

stronger reasoning 

strategies 

Kim et al. (2025) FairASR 

Contrastive learning 

reduces demographic 

disparities with 

minimal accuracy 

loss 

Demographic 

subgroups 

Fair contrastive 

learning framework 

Koudounas et al. 

(2025) 

Speech models 

(ACL industry) 

Bias mitigated 

without sensitive 

attributes at inference 

Multiple groups 
Privacy-preserving data 

selection 

Cunningham et al. 

(2025) 

44 ASR / SLT 

papers 

Technical fixes 

insufficient; 

governance gap 

identified 

AAE speakers, 

diverse communities 

Governance-centered 

ASR lifecycle 

 

SSL = self-supervised learning; L1 = first language; L2 = second language; AAE = African American 
English; SLT = speech and language technology. 

 

3.4 Privacy, Adversarial Security, and the Regulatory Landscape 

The privacy challenge posed by voice biomarkers is more fundamental than the phrase “anonymized 

audio” typically implies. Voice data can be used to infer identity, sex, age, ethnic origin, health status, and 

emotional state, placing it squarely within the category of sensitive biometric information. Under the EU 

General Data Protection Regulation (GDPR) and the EU AI Act, biometric data occupies a special regulatory 

tier, and one legal analysis frames the resulting framework as a continuing negotiation between privacy 

protection and technological innovation (Kalodanis et al., 2025). 

On the technical side, de-identification looks increasingly like risk reduction rather than true 

anonymization. A 2025 benchmark evaluated all major state-of-the-art speaker de-identification systems and 

found that every one of them leaked identity information; the best-performing system was only slightly better 

than random guessing (Seo et al., 2025). A multimodal attack study showed that combining anonymized speech 

with textual transcription exposes critical vulnerabilities in current anonymization methods (Aloradi et al., 

2025). A 2024 perturbation study demonstrated that anonymized speech can be partially restored when the 

perturbation mechanism is known (Guo et al., 2024). DeepSick extends this line of concern into the diagnostic 
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domain itself: current synthetic-voice detectors, typically trained on healthy speech, perform poorly when 

confronted with generated pathological samples (Zhu et al., 2025). Table 3 consolidates these vulnerabilities, 

drawing on Seo et al. (2025), Aloradi et al. (2025), Guo et al. (2024), and Zhu et al. (2025). 

 

Table 3. Demonstrated Vulnerabilities of Voice De-Identification and Diagnostic Systems 

 

Study Attack / Evaluation Finding 
Implication for Voice 

Biomarkers 

Seo et al. (2025) 

Identity-leakage 

benchmark on state-of-

the-art de-ID systems 

All systems leak identity; best 

system only slightly above 

random guessing 

De-identification cannot be 

assumed to protect speakers 

Aloradi et al. 

(2025) 

VoxATtack: 

multimodal (audio + 

text) de-anonymization 

ECAPA-TDNN + BERT fusion 

outperforms top attackers on 5/7 

benchmarks 

Transcript availability amplifies 

re-identification risk 

Guo et al. (2024) 

Adversarial 

perturbation removal 

from anonymized 

speech 

Anonymized speech partially 

restorable when perturbation 

mechanism is known 

Security-by-obscurity 

insufficient for privacy 

Zhu et al. (2025) 

DeepSick: synthetic 

pathological speech 

generation 

Diagnostic models deceived; 

synthetic voice detectors fail on 

pathological speech 

Clinical voice AI must be red-

teamed against deepfakes 

De-ID = de-identification. All findings are from peer-reviewed or preprint studies published 2024–2025. 
 

The regulatory picture is fragmented. A cross-jurisdictional review compared the GDPR, the Medical 

Devices Regulation (MDR), the EU AI Act, HIPAA and FDA guidance in the United States, China’s Personal 

Information Protection Law (PIPL), Japan’s Act on the Protection of Personal Information (APPI) and 

Pharmaceutical and Medical Devices Act, and India’s Digital Personal Data Protection Act (Jayasree et al., 

2025). A separate EU-focused analysis described the legal and regulatory environment for multi-country 

medical AI as “complex, evolving, and presenting some conflicting principles” (Niemiec et al., 2025). The EU 

AI Act classifies AI systems used for medical purposes as high-risk, imposing obligations for data governance, 

transparency, and human oversight that operate in parallel with existing medical-device regulations (Kalodanis 

et al., 2025). Table 4 sets these jurisdictions side by side, synthesising Jayasree et al. (2025), Kalodanis et al. 

(2025), and Niemiec et al. (2025). 

The practical implication of these findings is straightforward: voice biomarker systems should be treated 

as handling sensitive biometric medical data, built with data minimization and local or federated processing 

wherever feasible, and subjected to adversarial red-teaming against both re-identification and pathological-

speech spoofing before they can be considered clinically trustworthy. 
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Table 4. Comparative Regulatory Landscape for Voice-Based Medical AI (2025–2026) 

 

Jurisdiction 
Primary 

Frameworks 

Voice Data 

Classification 
AI-Specific Rules Key Challenge 

European Union 

GDPR + MDR + 

AI Act (Reg. 

2024/1689) 

Biometric (special 

category); high-

risk AI 

Mandatory conformity 

assessment; data 

governance under Art. 

10 

Overlapping MDR and 

AI Act obligations 

United States 

HIPAA + FDA 

SaMD + PCCP 

guidance 

PHI under 

HIPAA; no unified 

biometric category 

Predetermined change 

control plans for ML 

models 

Fragmented state-level 

biometric laws 

China 
PIPL + medical 

device regulations 

Personal sensitive 

information 

Algorithmic regulation; 

data localization 

mandates 

Cross-border data 

transfer restrictions 

Japan APPI + PMD Act 

Personal 

information 

requiring careful 

handling 

Sector-specific AI 

guidelines 

Harmonization with 

international standards 

India 
DPDP Act 2023 + 

CDSCO 

Digital personal 

data 

Evolving; 

implementation rules 

pending 

Regulatory 

infrastructure gaps for 

AI-SaMD 

Many LMICs 

Variable; often no 

dedicated AI 

framework 

Often unspecified Limited or absent 
No local regulatory 

pathway for voice AI 

 

Compiled from Jayasree et al. (2025), Kalodanis et al. (2025), and Niemiec et al. (2025). PIPL = 
Personal Information Protection Law; APPI = Act on Protection of Personal Information; PMD = 

Pharmaceutical and Medical Devices; DPDP = Digital Personal Data Protection; CDSCO = Central Drugs 

Standard Control Organisation; SaMD = Software as a Medical Device; PCCP = Predetermined Change 
Control Plan. 

 

3.5 Acoustic Biomarkers in Low- and Middle-Income Countries 

The strongest evidence for LMIC deployment comes from tuberculosis screening. A 2025 study 

conducted in Zambia enrolled 512 participants at two hospitals, obtained 500 usable cough recordings, and 

fine-tuned deep-learning classifiers based on pre-trained speech foundation models on three-second audio clips. 

The best multimodal model, which incorporated demographic and clinical features alongside cough acoustics, 

achieved 90.3% sensitivity and 73.1% specificity for distinguishing bacteriologically confirmed TB from all 

other participants—performance the authors reported as meeting the WHO target product profile (TPP) 

benchmarks for TB screening tools (Ma et al., 2025). The WHO’s 2025 update to its TB screening TPPs is 
explicitly technology-agnostic and envisions any tool that can meet specified sensitivity and specificity 

thresholds in diverse operational settings (World Health Organization, 2025). The broader TB biomarker 
literature, however, has historically been heterogeneous and difficult to replicate independently (MacLean et 

al., 2019), so the Zambia result should be read as encouraging evidence rather than a deployment-ready product. 

For childhood pneumonia, the evidence is promising but thin. A study in Malawi tested an AI digital 

stethoscope algorithm in hospitalized children and reported 80.3% sensitivity and 87.2% specificity at the 

chest-position level for detecting abnormal lung sounds (Hoekstra et al., 2025). Combined with the 2025 

pediatric cough-AI review noted above (Abdelhalim et al., 2025), pneumonia emerges as one of the most 

plausible use cases for audio biomarkers in resource-limited pediatric care, though it remains a validation 

problem rather than a solved clinical workflow. 

A cross-domain adaptation study used CycleGAN to translate cough audio features across 

heterogeneous recording conditions within a TB dataset, reporting improved generalizability after 

harmonization (Pande et al., 2025). A separate fairness-aware COVID-19 cough-detection study found that 

fairness constraints could be incorporated with minimal loss in predictive accuracy (Kostavasili et al., 2025). 
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Both results point in the same direction: these systems are most credible when treated as triage or decision-

support tools that have been tested across languages, devices, and sites—not as universal diagnostic engines. 

The risk of what some scholars call “data colonialism” is not hypothetical. One analysis frames the 

colonial legacy in global health governance as a structural pattern in which data flows from vulnerable 

populations in the Global South to institutions in the Global North without adequate benefit-sharing (Latif & 

Otieno, 2025). Another applies a hermeneutical-injustice framework to voice AI at national borders, arguing 

that such systems center dominant Western knowledge structures in ways that can marginalize the very 

communities they claim to serve (Maitra, 2025). For LMIC deployment of voice and cough biomarkers, these 

critiques translate into three non-negotiable conditions: local governance over data, adequate language 

coverage, and data sovereignty mechanisms that ensure value returns to the communities contributing 

recordings. 

The practical architecture for equitable LMIC deployment is beginning to take shape, even if no single 

project has yet realized it fully. On-device inference using lightweight models avoids the need to transmit raw 

audio to remote servers, reducing both privacy risk and connectivity dependence. Federated learning allows 

model improvement across sites without centralizing sensitive recordings. Open-source acoustic toolkits—

integrated with existing health-information platforms like DHIS2 or OpenMRS—could lower the barrier to 

adoption in settings where proprietary software is neither affordable nor appropriate. None of these technical 
solutions, however, substitutes for the institutional work of establishing local ethics review, community 

consent processes, and benefit-sharing agreements that treat voice data as a collective resource rather than a 

freely extractable input to commercial AI pipelines. 

 

4. Discussion 

Read together, the five thematic areas outlined above converge on a field that is rich in proof-of-concept 

work, growing in sociotechnical self-awareness, but still some distance from responsible large-scale 

deployment. Several cross-cutting observations deserve emphasis. 

First, the equity and privacy signal is, at present, stronger than the clinical-deployment signal. The 

studies documenting structural language bias, adversarial vulnerability of de-identification systems, and 

identity leakage from anonymized speech are methodologically tighter and more immediately actionable than 

the clinical classification studies, many of which still suffer from small samples, single-center designs, and 

limited external validation. This asymmetry matters because it means that the sociotechnical risks of premature 

deployment are better characterized than the clinical benefits of timely deployment. 

Second, the biophysiological foundations reviewed here suggest that voice and cough signals are 

genuinely informative—but for reasons that also constrain their diagnostic specificity. Voice measures like 

HNR, CPP, and F0 variability respond to any pathology affecting laryngeal mechanics, vocal-tract 

configuration, or respiratory drive. That gives them broad sensitivity but also makes them vulnerable to 

confounding by age, sex, smoking status, recording conditions, and emotional state. Similarly, cough acoustics 

encode information about secretion, airway geometry, and glottic function simultaneously, which is clinically 

rich but analytically challenging to disentangle. 

Third, singing-based biomarkers and language-agnostic acoustic features (sustained vowels, cough) 

represent the most promising path toward equitable cross-linguistic use, but they are currently at the hypothesis 

stage. The 2025–2026 literature supports singing as a standardizable, culturally adaptable task that may probe 

cognitive and emotional function through motor integration; it does not yet demonstrate that singing-derived 

features bypass linguistic inequity in externally validated clinical studies. Until such validation exists, the field 

should avoid treating singing as a solved cross-cultural solution. 

Fourth, the regulatory landscape in 2025–2026 is fragmented in ways that matter for multi-country 

deployment. The EU AI Act classifies medical AI as high risk and imposes data-governance and transparency 

requirements that operate alongside existing medical-device regulations. The United States relies on the FDA’s 

Software-as-a-Medical-Device framework and predetermined change-control plans. Many LMICs lack 

dedicated regulatory infrastructure for medical AI altogether. For voice biomarker developers operating across 

jurisdictions, the practical consequence is that compliance must be designed in from the beginning, not 

retrofitted after a model has been validated in a single regulatory environment. 

Fifth, the tuberculosis use case in Zambia is the single most compelling LMIC result in the current 

literature, but it also illustrates the limitations of extrapolation. The study enrolled approximately 500 

participants at two urban hospitals, which is enough to demonstrate feasibility but not enough to claim 

generalizability across the geographic, linguistic, and epidemiological diversity of high-burden TB settings. 
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Future work will need to benchmark cough-based AI against chest X-ray with computer-aided detection and 

molecular diagnostics in head-to-head comparisons, and to assess model robustness under truly varied field 

conditions. 

Sixth, the overlap between voice and cough biomarkers is underappreciated in the clinical literature, 

where these two signal types are typically studied by separate research communities. As the laryngoplasty 

study demonstrates, glottic competence shapes both voice quality and cough acoustics. Neurodegenerative 

conditions like Parkinson’s disease affect both phonation and the cough reflex. Respiratory conditions alter 

both breathing patterns—audible in sustained vowels—and cough morphology. A more integrated research 

agenda that treats voice and cough as complementary windows onto shared physiology, rather than as 

independent biomarker modalities, could improve diagnostic specificity and reduce the feature-redundancy 

problem that plagues current multi-signal classification systems. 

Seventh, the dataset-quality findings reported by Mahapatra and Mahapatra (2026) should be read as a 

systemic warning. If the publicly available datasets that underpin voice-biomarker research are findable but 

poorly accessible, interoperable, and reusable, then even well-designed classification studies risk building on 

fragile foundations. The FAIR principles—originally articulated for genomic data—need to be operationalized 

for audio health data in ways that account for the unique re-identification risks of voice. This means not only 

publishing datasheets and model cards, but also developing data-access governance structures that balance 
open science with speaker privacy. 

Finally, the scoping review by Cunningham et al. (2025) on ASR for African American English speakers 

makes a point that extends well beyond that specific population: the deficit is not just in data or models, but in 

who gets to define what counts as “correct” speech. When speech-biomarker systems are built on a normative 

assumption about how language sounds, they risk pathologizing variation. The same pitch-flattening that 

signals depression in one cultural context may reflect perfectly healthy communication norms in another. 

Acoustic features that carry diagnostic information in English may carry lexical information in Mandarin. 

Resolving this requires not only diverse training data, but interdisciplinary collaboration between clinicians, 

computational linguists, and the communities being assessed. 

Several limitations of the present review should be noted. Although the search spanned six major 

bibliographic databases and was supplemented by manual reference-list screening, relevant work indexed only 

in regional or non-English databases may have been missed. As a narrative review, the study selection was not 

governed by a pre-registered protocol, and a systematic review or meta-analysis would provide stronger 

evidence on diagnostic accuracy. The field is evolving rapidly, and findings reported here reflect the literature 

available through early 2026. 

 

5. Conclusions 

Voice and cough are credible, low-cost, and potentially scalable biomarkers of disease, but the 2025–

2026 literature makes clear that their clinical translation depends on three conditions being met in parallel. 

First, methodological standardization—of recording protocols, feature-extraction pipelines, and validation 

benchmarks—is essential to move the field beyond the current patchwork of incomparable classification 

studies. Second, linguistic and demographic equity must be treated as a design requirement rather than a post-

hoc evaluation metric; the documented bias against tonal-language speakers and the failure of current de-

identification systems demonstrate that fairness cannot be assumed. Third, governance frameworks must 

recognize voice as sensitive biometric medical data, subject to the most protective tier of privacy regulation 

and to adversarial security testing before deployment. 

The most advanced LMIC use case—cough-based tuberculosis screening—has reached WHO target-

product-profile thresholds in a single-country study, but its extension to diverse settings will require the same 

three conditions: local data, local governance, and robust cross-site validation. Researchers, clinicians, 

regulators, and the communities whose voices are being recorded should jointly shape the standards now, 

before the field’s trajectory is determined solely by commercial actors or by the inertia of data already collected 

under imperfect consent regimes. 

Two observations for future research may be useful. First, the most promising path toward linguistically 

equitable biomarkers runs through tasks that minimize dependence on language-specific phonetics: sustained 

vowels, cough, and singing appear better suited to cross-cultural standardization than connected speech, though 

none has yet been validated as genuinely universal. Second, the adversarial security literature reviewed here 

suggests that clinical voice-AI systems will need to be red-teamed as rigorously as any other biometric 

authentication system—and that the threat model should include not only identity theft but also the generation 
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of synthetic pathological speech designed to manipulate diagnostic outcomes. How the field responds to these 

challenges in the next two to three years will determine whether voice and cough biomarkers fulfill their 

considerable promise or remain permanently stalled between laboratory performance and clinical reality. 
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