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Editorial on the Research Topic
Advancing vocal biomarkers and voice AI in healthcare: multidisciplinary focus on responsible and effective development and use


The human voice is an extraordinary instrument. For millennia, it has been our primary tool for connection, culture, and communication. But to the ears of a clinician, it has always been something more: a subtle, analog indicator of underlying health. Just as the stethoscope revolutionized medicine by amplifying the internal sounds of the body, advances in artificial intelligence (AI) are now poised to translate the ancient art of listening into a precise, scalable, and data-driven science (1). Even without technology, a doctor can often hear the breathy strain of heart failure, the dampened affect of depression, or the motor deficits of a neurological condition long before a formal diagnosis is rendered. Today, machine learning (ML) promises to scale this observation, creating a future where a simple, non-invasive voice recording can aid in the screening, diagnosis, and monitoring of a vast spectrum of human diseases (2).

This promise is the driving force behind the rapid growth of voice AI in healthcare (3). However, the distance between technical possibility and clinical proof remains significant. The path from a promising algorithm to a trusted, effective, and equitable healthcare tool is fraught with profound challenges (4, 5). How do we prove that a subtle change in vocal jitter is strictly linked to heart failure? How do we build robust, billion-parameter models when data are collected from noisy, real-world environments? And crucially, how do we train algorithms that are fair across languages, dialects, and healthcare contexts while protecting privacy and avoiding the inequities embedded in earlier waves of digital health innovation?

This Research Topic, “Advancing Vocal Biomarkers and Voice AI in Healthcare: Multidisciplinary Focus on Responsible and Effective Development and Use,” was convened to confront these questions directly. Rather than celebrate novelty, it evaluates the field's foundations: measurement validity, implementation feasibility, and governance. The collection of articles herein does not offer simple answers. Instead, it provides a detailed, multidisciplinary snapshot of a field in its critical formative years. It brings together work from clinicians, data scientists, ethicists, engineers, and implementation specialists, charting a course that is not only technically innovative but clinically valid, ethically sourced, and socially responsible.

Voice AI has crossed from speculation to structured clinical inquiry. The thirteen papers in this collection demonstrate that voice can now function as a regulated physiological signal, provided its collection and interpretation are governed by standardization, usability, and trust. The contributions are presented here not as a simple list, but as a dialogue, organized around the four key pillars required to build this new frontier in digital health.


1 The foundation: rigorous clinical and scientific validation

Before any algorithm can be trusted, the fundamental link between voice and pathology must be rigorously established. Two articles in this collection provide exemplary models for this foundational work, moving from complex systemic disease to specific, localized pathology.

Kerwagen et al., in their paper “Vocal biomarkers in heart failure: design, rationale and baseline characteristics of the AHF-Voice study,” offer a masterclass in prospective clinical validation. They are not simply analyzing an existing, convenient dataset. They are meticulously building a new one. Their study protocol, which collects daily voice recordings via a smartphone app from patients hospitalized for acute heart failure (AHF), provides a crucial blueprint for the entire field. By correlating voice alterations with objective clinical markers of congestion (such as weight gain and edema), their work moves beyond “black box” correlation to uncover the potential pathophysiological mechanism (e.g., fluid overload affecting the vocal folds). The study's multi-dimensional design, integrating auditory, visual, clinician-rated, and patient-reported measures, sets a new standard for methodological completeness.

Pivoting from systemic disease to localized pathology, Jenkins et al. provide a focused exploratory analysis in “Voice as a biomarker: exploratory analysis for benign and malignant vocal fold lesions.” Using the initial release of the Bridge2AI-Voice dataset, their work tackles a classic diagnostic challenge: distinguishing laryngeal cancer and benign lesions from healthy voices. Their contribution lies in identifying which specific acoustic features hold the most diagnostic promise. They demonstrate that the harmonic-to-noise ratio (HNR), a measure of vocal clarity, is a potent differentiator. By anchoring acoustic markers in vocal-fold physiology, their results reinforce a principle emerging across this collection: mechanistically interpretable features yield the most clinically durable models.



2 The toolkit: building the technical backbone

With a clinical target in sight, the focus shifts to the technical “how.” How do we reliably capture and analyze voice data in the real world? This collection features articles that build the technical backbone for voice AI, from the physical device to the analytical software.

The ubiquitous smartphone is the field's greatest asset and its greatest liability. Awan et al., in “Influence of recording instrumentation on measurements of voice in sentence contexts: use of smartphones and tablets,” provide essential “ground truth” research. They systematically test how different consumer-grade devices, microphones (internal vs. headset), and background noise levels distort the acoustic measures used in diagnostics. Their finding, that measures like Cepstral Peak Prominence (CPP) are significantly affected by device and noise but remain highly correlated with the laboratory standard, is significant. It confirms that while raw values may differ, the diagnostic signal can be preserved, paving the way for developing standardized, hardware-agnostic models. Their results (e.g., >0.9 correlation across devices) now define the empirical boundary between permissible variation and measurement bias.

Building on this need for standardization, Nylén “On Acoustic Voice Quality Index measurement reliability in digital health applications” seeks to refine our understanding of an existing clinical standard. The Acoustic Voice Quality Index (AVQI) is widely used, but its implementation in digital apps has been inconsistent. Nylén's narrative review and empirical evaluation answer a fundamental question: how much speech is enough? His finding that reliability is achieved at 50 words (approximately 20 s), a sample longer than most current recommendations, represents a key contribution to technical rigor in Voice AI. The Nylen argues that this result should be treated as a de facto minimum for mobile data collection, ensuring that measurements are statistically stable before they are clinically trusted.

Additionnaly, Shirk et al. demonstrate the sheer power of new generation AI in “Leveraging large language models for automated detection of velopharyngeal dysfunction in patients with cleft palate.” This paper seeks to act as a technical paradigm shift. Where traditional ML required painstaking feature engineering, this team repurposed OpenAI's Whisper, a pre-trained speech-to-text model for a complex diagnostic task: detecting hypernasality. The model achieved 97 percent accuracy, dramatically outperforming traditional models. Importantly, their smallest model outperformed the largest, underscoring that diagnostic value in healthcare is linked not to computational scale but to contextual training. This contribution is significant as it suggests that the heavy lifting of acoustic feature extraction may already be solved by foundational models. This could help democratizing the development of highly accurate clinical tools and allowing researchers to focus on validation and implementation.

Finally, Yan et al. move from diagnostic analysis to interaction analysis, tackling the immense challenge of processing massive, qualitative, real-world conversational datasets. In “Understanding older people's voice interactions with smart voice assistants: a new modified rule-based natural language processing model with human input,” they confront the limitations of manual coding (which is slow, subjective, and prone to human fatigue) and standard dictionary-based tools, which fail to capture the nuances of evolving dialogues. Their contribution is a hybrid Modified Rule-based NLP (MR-NLP) model, where human-derived insights are used to establish and iteratively refine the rules for an automated system. Testing this on interaction data from older adults using Smart Voice Assistants, they demonstrated their model was not only exponentially more efficient (using only 9% of the time required for manual coding), but also more accurate. Their work provides a critical, reproducible “human-in-the-loop” framework, offering a scalable method to analyze how patients actually use these technologies.



3 The infrastructure: from protocol to practice

A powerful algorithm and a validated biomarker are still not a healthcare solution. They must be embedded within a functional infrastructure, a system that spans standardized protocols, usable software, and novel data structures.

This systematic view is championed by Kalia et al. in “Master protocols in vocal biomarker development to reduce variability and advance clinical precision.” This narrative review delivers a powerful, field-defining argument: without master protocols for data collection and analysis, the entire field risks stalling in a sea of small, non-comparable, and non-reproducible studies. By drawing on established frameworks from the broader digital-biomarker space (such as V3 and DACIA), the authors provide a roadmap for the standardization needed to build robust, generalizable, and clinically applicable tools. Master protocols, they argue, convert one-off experiments into cumulative evidence, transforming “proof of concept” into regulatory science.

While Kalia et al. provide the 30,000-foot view, Moothedan et al. show what it takes to execute it on the ground. In “The Bridge2AI-Voice application: initial feasibility study of voice data acquisition through mobile health,” they test the very app designed to collect data for the ambitious Bridge2AI project. Their findings are a sobering and crucial reminder: a perfect protocol is useless if the tool is unusable. Patients in their feasibility study struggled with task completion and instruction clarity. This paper's contribution is its focus on the often-overlooked work of human-centered design, user experience, and implementation science. It proves that building the app is just as important as building the algorithm. In pragmatic terms, their finding that participants requested assistance in 41% of successfully completed tasks quantifies usability as a scientific variable rather than a post hoc concern.

Complementing this work, Anibal et al., in “Voice EHR: introducing multimodal audio data for health,” propose a new data collection approach. This paper challenges the field to move beyond simple, isolated acoustic tasks (like sustained vowels). They introduce the “Voice EHR,” a semi-structured, patient-spoken health record collected through their HEAR application. This method captures not only the acoustic properties of the voice, but also the semantic meaning of the patient's speech. Using LLMs, they try to show that Voice EHR data is as relevant as, or even superior to, conventional forms. Their innovation reframes voice as both data and narrative, demonstrating that interpretability can emerge from the synergy between voice data and meaning.



4 The ecosystem: ethics, education, and enterprise

Technology does not exist in a vacuum, nor is intrinsically neutral. Its success or failure will be determined by the human and techno-social ecosystem that surrounds it. This includes the people we train, the ethical standards we enforce, and the commercial models we build.

The field cannot advance without a new, hybrid workforce. Dorr et al. address this head-on in “Adapting data science competencies by role and purpose: Voice AI.” This paper, developed within the Bridge2AI-Voice Consortium, details an innovative curriculum for training both clinical and technical learners. By using a “persona-based inductive approach,” they are creating the very people who can bridge the gap between the two worlds: the data literate clinician and the clinically fluent data scientist. Their model institutionalizes diversity, equity, inclusion, and accessibility (DEIA) principles at the level of skill formation, linking ethical literacy to technical competence.

As this field develops, it attracts not just academics, but entrepreneurs. Blatter et al. provide a critical analysis of this new commercial sector in “Voice is the New Blood': a discourse analysis of voice AI health-tech start-up websites.” Their study finds a world of promissory and rather futuristic language, but at the cost of risks of transparency gaps, particularly around the training data used to build proprietary algorithms. This is a significant contribution to the ethical discourse, warning of the dangers of “stealth research” and overhyping. Using discourse analysis their paper serves as a critical watchdog, reminding us that public and investor trust is a fragile resource that through overhype and overpromising, once lost, may be difficult to regain. Their analysis exposes a structural asymmetry between innovation speed and proactive accountability, suggesting that regulation must catch rhetoric at the source rather than after deployment.

As a counterpoint and solution, Krautz et al. offer a “Perspective on bridging AI innovation and healthcare: scalable clinical validation methods for voice biomarkers.” Writing from within the commercial sector, they argue that the only sustainable path to market is one built on rigor. They advocate for proprietary technology, not as a shield for opacity, but as a tool for deeper analysis (Musicology AI). More importantly, they champion large-scale, diverse datasets, strong clinical partnerships, and formal regulatory compliance (for example, medical device certification). This paper provides a compelling commercial and strategic answer to some of the ethical challenges raised by Blatter et al., arguing that for voice AI to succeed as a new business sector, it must first succeed as a rigorous science. Taken together, these two papers define the emerging social contract for voice AI: transparency as currency, certification as legitimacy.

Finally, Malo et al. wrap up this collection with a scoping review of the field's ethical, legal, and social implications (ELSI). The authors delineate a critical boundary between “conventional” digital health risks and “modality-specific” challenges unique to vocal biomarkers. Consequently, the authors reject “exceptionalism” in favor of a “contextualist” framework, asserting that existing bioethical guidance must be rigorously adapted rather than discarded to manage these specific challenges. Their review also uncovers a severe “data divide,” warning that without active correction, the concentration of research in the Global North will reinforce structural health inequities. This work establishes that responsible innovation demands not just technical validation, but a harmonized governance infrastructure that is responsive to the specific inferential power of the human voice.

The unifying paradox of this Research Topic is that openness and protection can coexist. Open datasets accelerate reproducibility but heighten risks of re-identification; proprietary pipelines safeguard quality but risk opacity. Several papers show that the way forward lies in hybrid models: public frameworks combined with auditable, privacy-preserving implementations. This is the field's central intellectual tension and, if managed explicitly, its greatest engine for progress.



5 Conclusion: the road ahead

Taken together, these twelve articles provide an, hopefully, clear map of the road ahead. They demonstrate that the future of voice AI in healthcare is not a simple, linear path. It is a complex, multidisciplinary endeavor that demands simultaneous progress on all fronts. The technical power of LLMs, as shown by Shirk et al., is transformative, but it is inert without the usability testing of Moothedan et al. and the standardization advocated by Awan et al. and Nylén. The new data structures proposed by Anibal et al. can only be realized through the rigorous, standardized master protocols that Kalia et al. demand. The foundational clinical validation modeled by Kerwagen et al. and Jenkins et al. serves as the bedrock for the entire enterprise. Finally, this entire scientific and technical stack will either succeed or fail based on its human ecosystem: our ability to train the next generation of hybrid experts (Dorr et al.) and our collective will to build an industry that values transparency (Blatter et al.) and regulatory rigor (Krautz et al.) in context-sensitive approach (Malo et al.) as the core of its business model.

What this collection establishes is not simply a frontier to be discovered, but a discipline to be furthered and governed. The articles here substantially contribute to establishing best practices in the discipline of audiomics, voice AI in healthcare, and vocal biomarkers. Progress may depend on five operational tenets: (1) adopt master protocols aligned with verification, analytical, and clinical validation stages; (2) treat usability metrics as primary outcomes; (3) require public model and data cards describing linguistic and demographic coverage; (4) integrate DEIA training into every technical curriculum; and (5) pursue early regulatory alignment rather than retrospective compliance. This Research Topic does not mark the arrival of voice AI in healthcare. It marks the end of the beginning. It provides a comprehensive, clear-eyed, and multidisciplinary guide for the hard work that lies ahead: the work of building a future where this remarkable technology is not just innovative, but effective, equitable, responsible, and worthy of our trust.
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The COVID-19 pandemic has expedited the integration of Smart Voice Assistants (SVA) among older people. The qualitative data derived from user commands on SVA is pivotal for elucidating the engagement patterns of older individuals with such systems. However, the sheer volume of user-generated voice interaction data presents a formidable challenge for manual coding. Compounding this issue, age-related cognitive decline and alterations in speech patterns further complicate the interpretation of older users’ SVA voice interactions. Conventional dictionary-based textual analysis tools, which count word frequencies, are inadequate in capturing the evolving and communicative essence of these interactions that unfold over a series of dialogues and modify with time. To address these challenges, our study introduces a novel, modified rule-based Natural Language Processing (MR-NLP) model augmented with human input. This reproducible approach capitalizes on human-derived insights to establish a lexicon of critical keywords and to formulate rules for the iterative refinement of the NLP model. English speakers, aged 50 or older and residing alone, were enlisted to engage with Amazon Alexa™ via predefined daily routines for a minimum of 30 min daily spanning three months (N = 35, mean age = 77). We amassed time-stamped, textual data comprising participants’ user commands and responses from Alexa™. Initially, a subset constituting 20% of the data (1,020 instances) underwent manual coding by human coder, predicated on keywords and commands. Separately, a rule-based Natural Language Processing (NLP) methodology was employed to code the identical subset. Discrepancies arising between human coder and the NLP model programmer were deliberated upon and reconciled to refine the rule-based NLP coding framework for the entire dataset. The modified rule-based NLP approach demonstrated notable enhancements in efficiency and scalability and reduced susceptibility to inadvertent errors in comparison to manual coding. Furthermore, human input was instrumental in augmenting the NLP model, yielding insights germane to the aging adult demographic, such as recurring speech patterns or ambiguities. By disseminating this innovative software solution to the scientific community, we endeavor to advance research and innovation in NLP model formulation, subsequently contributing to the understanding of older people's interactions with SVA and other AI-powered systems.
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Introduction

Older individuals have increasingly adopted AI-powered smart voice assistants (SVA) in recent years, preferring speech-based hands-free and eyes-free interactions over typing or clicking modalities (1–3). SVA employs natural language processing (NLP) AI techniques to interact with user commands. Aiming to understand older people's SVA usage and its effects, researchers often use a dictionary-based text analysis of keywords in qualitative user commands recorded on SVA to gain insights into aspects like anthropomorphizing SVA or ethical considerations related to AI technology (4–6). However, such a dictionary-based approach oversimplifies older people's interactions with SVA to a one-way initiative by the user and fails to capture the communicative nature of such interactions—the transmission and coordination of complex information with others (7).

Interactions with SVA often evolve over multiple conversations. Unlike simple one-off commands or queries, users gradually develop a rapport with their assistants, fine-tuning their preferences and refining their requests (5). Over time, they might engage in follow-up questions, seek clarifications, or adjust instructions based on prior interactions. This iterative dialogue process mirrors the natural progression of human conversations, where understanding deepens and adjusts over repeated exchanges. Existing dictionary-based text analysis tools, such as Linguistic Inquiry and Word Count (LIWC), can only account for word frequencies of a conversation, not episodes of distinct conversations (8). The widely used LIWC cannot capture the dynamic nature of these SVA interactions and fail to showcase the potential of voice assistants to adapt, learn, and provide more personalized assistance as they engage with users over time.

In addition, as people age, they often experience a decline in cognitive abilities and undergo changes in their speech patterns (9). Consequently, older individuals might not always interact with AI-powered SVA through just one clear command. Instead, their interactions might involve multiple repetitions of commands, corrections, and confirmations. This pattern underscores the unique challenges and considerations when analyzing textual data of older people's interactions with SVA.

In this research, we introduce an innovative hybrid natural language processing (NLP) framework, integrating a modified rule-based NLP (MR-NLP) model with human input. This platform independent, replicable approach synergizes manual and automated coding techniques to analyze the voice interaction data of older individuals with Smart Voice Assistants (SVA). The methodology incorporates human-derived insights to construct a lexicon of pivotal keywords and guide iterative modifications of the NLP model, ensuring it effectively captures the nuanced dialogue dynamics in older adults’ engagements with SVA. Our objective is to employ a large-scale data analysis strategy to elucidate the nature of older adults’ communication with AI-enhanced SVA. Through this innovative MR-NLP software solution, we aim to significantly advance NLP model development, focusing on enhancing data handling capacity, processing efficiency, accuracy, scalability, and the ability to interpret and account for contextual meanings within the textual data of old people's voice interactions with SVA. In addition to replicating our proposed MR-NLP framework, researchers can access an online web app version (a.k.a., Automated Textual Data Analysis) with permission via https://excel-helper-deploy.vercel.app.


Adoption of SVA by older people

The adoption and usage of Smart Voice Assistants (SVA), such as Amazon Alexa™, Google Assistant™, or Apple Siri™, have experienced widespread popularity in recent years. These intelligent voice assistants with natural language processing technologies offer a user-friendly interface, requiring minimal technological expertise, thus making them accessible to and usable for older adults with varying levels of digital literacy (10, 11, 12). As older individuals seek ways to improve communication with family members, enjoy entertainment, and engage socially, many are turning to AI-powered SVA devices (13, 14), gradually replacing traditional information and communication technologies (ICT) like online platforms, email, smartphones, and iPads.

According to the Urban Institute, the number of Americans aged 65 and older will double in the next 40 years, hitting 80 million by 2040. Meanwhile, the group of adults aged 85 and older, who most frequently require assistance with basic personal care, will see their numbers increase nearly fourfold from 2000 to 2040. Many older Americans are starting to use smart assistant technologies to aid their daily routines and personal care (15).

According to a 2021 survey conducted by the American Association of Retired Persons (AARP) among adults aged 50 and above, approximately 82% of them use technology as a means of staying connected with family and friends. Furthermore, around 40% of this age group utilize smart devices, including smartphones and voice assistants, to communicate with medical practitioners for various healthcare purposes, such as telehealth consultations, prescription orders, receiving personalized medical advice, and scheduling appointments (16). Research suggests using SVAs can even help older adults improve their health, reducing perceptions of loneliness and pain, and increasing social support and social connectedness (10, 11, 17).

The adoption of technology in healthcare management among older adults is often influenced by factors like cognitive ability, perceived ease of use, technological self-efficacy, and social influence (1–3). The hands-free and eyes-free interaction with SVA provides older individuals with immediate and intuitive benefits, especially when considering physical challenges (1, 3). The ease of use can be critical, as more interaction with NLP-powered SVAs may lead to greater health benefits (18). However, this also brings about new difficulties in understanding their verbal interactions with the SVA.



Age-related changes in cognitive capacities and speech patterns

The cognitive decline experienced by older individuals often correlates with a decrease in the complexity and diversity of their linguistic output (19). Changes in speech patterns, including verbal repetitions, pauses, and slowed speech, have been suggested as potential early indicators of cognitive impairment (20). Furthermore, older people with cognitive impairment may encounter difficulties in understanding speech (21). Consequently, older individuals’ interactions with SVA may be influenced by declining cognitive capacities, leading to speech repetitions, interruptions, or irregularities. These factors can pose challenges when processing qualitative human-SVA speech data. In interventions spanning several months, generating substantial quantities of human-AI voice interaction data, there is a higher risk of misinterpretation or misplacement of codes. Therefore, an alternative method for coding qualitative human-AI voice interaction data is necessary to ensure accurate and reliable analysis.



Coding of human-SVA speech interaction data

Human-SVA speech interaction data is often subject to manual coding using thematic analysis (22) to identify patterns or themes (3, 5). However, manual coding of speech data can present potential challenges, including subjectivity, time and labor intensiveness, and human fatigue (23, 24), which can be exacerbated by the large volumes of textual data generated through human-SVA interactions. Dictionary-based text analysis tools, such as the Linguistic Inquiry and Word Count (LIWC), have been used in computational linguistics (25) and psychology (26) for quantifying large volumes of textual information. LIWC maps words in a text to categories predefined in a dictionary. Each category represents a psychological construct, emotion, or thematic element. While LIWC automates categorizing and counting pre-defined keywords, it cannot account for variances in textual data that are not listed in the dictionary and isn't meant to capture contextual nuances and episodical themes in conversational data.

Decoding human-SVA interactions often involves complex linguistic tasks such as context understanding and disambiguation that go beyond simple word counts. Natural Language Processing (NLP) techniques are appropriate tools for such tasks. NLP with either human-developed rules or machine learning has been developed to automate the manual coding process by extracting textual phrases that indicate thematic concepts of interest (27, 28). While rule-based NLP relies on expert-crafted linguistic rules to extract structured information (29), machine learning based NLP uses statistical models to automate text classification (30). Both NLP approaches yield rapid results of textual data coding, significantly saving on labor and costs (31, 32).

While both NLP methods can automate manual coding, rule-based NLP is better suited for processing human-SVA speech interaction data, particularly due to considerations of sample size. Past studies on older people's use of SVA often involve small sample sizes (e.g., less than 100) and don't meet the threshold of an adequate effect size for machine learning-based NLP, i.e., 0.5 or higher according to Cohen's scale (33). In contrast, rule-based NLP can effectively process qualitative textual data from small sample sizes, requiring only an NLP expert to develop rules (28). Therefore, we propose a new protocol for developing a rule-based NLP framework to capture the nuances of older people's conversations with SVA. The methodology we propose leverages human contributions to formulate a lexicon of pivotal keywords and expert-based rules to guide iterative refinements in the NLP model. To demonstrate the superiority of our MR-NLP model over the manual coding of older people's conversational data with SVA in previous studies (3, 5), the following hypotheses are proposed to test data processing efficiency and accuracy.

H1: Modified Rule-based NLP (MR-NLP) coding of human-SVA speech interaction data will demonstrate higher efficiency compared to manual coding of the same data.

H2: Modified Rule-based NLP (MR-NLP) coding of human-SVA speech interaction data will exhibit fewer unintentional errors than manual coding of the same data.

H3: Modified Rule-based NLP (MR-NLP) coding of human-SVA speech interaction data will result in more accurate analytical interpretations than manual coding of the same data.




Method


Sampling and recruitment

To be considered for inclusion in this study, participants were required to meet several criteria aimed at ensuring their ability to engage with and benefit from the study among older adults. Specifically, eligibility criteria stipulated that participants must be fluent in English, reside alone in an independent living facility within the region, be aged 50 years or older, and have a history of engaging with smart speakers—specifically, Amazon Echo or Google Nest devices—no more than three times per week over the last 30 days. Additionally, participants were required to demonstrate a willingness to interact with an Amazon Alexa™ SVA for a minimum of 30 min daily over a 12-week period and to successfully complete a capacity to consent assessment administered by the research team.

The study recruited a cohort of 34 participants (38% male, 62% female; mean age = 77 years, SD = 11.52, range: 50–98 years; 94% White, 3% African American, 3% Asian American). This sample was selected to explore older adults’ engagement in SVA-based daily routines, such as greetings, accessing weather forecasts, participating in digital games, and making calls to maintain social connections.

The Montreal Cognitive Assessment (MoCA) (34) was administered by MoCA-certified members of the research team prior to the study's commencement to gauge participants’ cognitive function, yielding an average score of 23.47 (SD = 3.65, score range: 14–30). Using a threshold score of 26 for mild cognitive impairment, it was observed that 26% of the study participants attained scores equal to or surpassing this benchmark on the MoCA. This assessment was critical for understanding the cognitive baseline of participants, acknowledging that the sample might include individuals with varying levels of cognitive impairment.

The utilization of the MoCA within our research was strictly limited to descriptive objectives aimed at characterizing the participant sample. The MoCA has a maximum score of 30. Individuals scoring 26 and above are considered to have normal cognitive functioning (for individuals aged 55 + years). Those scoring between 18 and 25 points may be considered to show signs of mild cognitive impairment (MCI), whereas those scoring below 17 may show signs of more significant cognitive impairment. It is imperative to underscore, however, that the MoCA score, in isolation, does not suffice for a clinical diagnosis of MCI or dementia; it represents merely one of several diagnostic indicators. In the context of our investigation, the MoCA was employed solely as an ancillary measure for sample description, without influencing participant inclusion or exclusion based on their MoCA performance. Additionally, it is noteworthy that all participants underwent a capacity to consent assessment and provided informed consent prior to the MoCA administration. Although all research personnel involved were trained in the administration of the MoCA, it is important to clarify that they do not possess the clinical qualifications necessary for diagnosing MCI or dementia.

To ensure the study was tailored to accommodate the diverse cognitive capabilities within the sample, steps were taken to make engagement with the SVA activities as inclusive and accessible as possible. Drawing upon user reviews and ratings available on Alexa, a panel comprising experts in geriatrics research, along with scholars and practitioners in media and technology, selected ten daily routines (see Supplementary Material Appendix 1 for detail descriptions). These routines were chosen based on their widespread popularity, inherent simplicity, and the ease with which they can be activated via simple voice command. These routines encompassed a broad range of activities designed to stimulate engagement, offer entertainment, and facilitate connection. The selection included various forms of entertainment such as music, jokes, games (including Akinator), riddles, and meditation practices like Five Minute Morning. It also comprised informational activities, for instance, weather updates through Big Sky, alongside features aimed at social interaction, such as greetings and the facilitation of phone calls. This approach was adopted to ensure that regardless of individual cognitive differences, every participant could find value and ease in engaging with the SVA activities.

Recruitment was conducted through direct outreach to independent living facilities across the region. Facilities were selected based on their residents’ demographic alignment with the study's target population, and within each facility, residents meeting the eligibility criteria were invited to participate. The recruitment and study procedures received approval from the University of Nebraska-Lincoln Institutional Review Board (IRB #20220321416FB), and all participants provided informed consent.



Manual coding

Participants’ user commands and Amazon Alexa™ responses were recorded and extracted from their individual Amazon SVA accounts. The original raw data consist of time-stamped, text-based commands and responses, organized chronologically in Excel files. Given that the textual data of participants’ user commands to Alexa are embedded within each participant's dataset, a methodologically sound approach was adopted to select a representative subset for manual coding. Specifically, a random sampling technique was applied to select 20% of the participant pool, equating to 7 participants, as a manageable subset for in-depth manual coding analysis. This selection strategy was planned to achieve a balance between the intensive labor required for manual coding, entailing 20 h dedicated to the development of a codebook and an additional 15 h for coding, and the need for a robust dataset sufficient for analytical scrutiny, including the examination of daily routines and other interactions with Alexa.

For the initial analysis, the 20% subset (n = 7) of the data (1,020 cases) was manually coded by human coder. In examining voice-activated device interactions, a case can be a scenario ranging from a singular command, such as “Alexa, play country music for five minutes,” to complex command sequences for interactive experiences like the Akinator game on Amazon Alexa. Akinator, a voice-controlled adaptation of the popular web game for Alexa-enabled devices, utilizes advanced voice recognition to engage users in interactive storytelling. In this game, the genie, Akinator, guesses characters thought of by users through a series of yes-or-no questions. Interactions typically involve initiating the game with a command and responding to the genie's questions with a sequence of answers like “Yes,” “No,” “I don't know,” and “Yes.” A set of coding standards were developed to accounted for successful completions of daily routines and other meaningful interactions (see Supplementary Material Appendix 2), using keywords and commands to group them into 12 distinct daily routines and other interactions such as entertainment (e.g., music, joke, game/Akinator, riddle, meditation/Five Minute Morning), information (e.g., weather/Big Sky), greetings, calls, settings, and additional interactions not part of the pre-programmed daily routines.

To evaluate the representativeness of this subset, independent sample t-tests were conducted to compare demographic and cognitive characteristics (namely, gender: t(33)=−0.17, p = 0.88; age: t(33) = 0.46, p = 0.65; race: t(33)=−0.69, p = 0.49; MoCA scores: t(33) = 0, p = 1.00) and the 12 categories of daily routines and other interactions (between the selected 7-participant subset and the entire cohort of 35 participants. The statistical analysis, conducted at an alpha level of.05, revealed no significant differences among any participant characteristics or SVA interactions (Good Morning: t(33) = 1.12, p = 0.27; Big Sky: t(33) = 0.97, p = 0.34; Riddle: t(33) = 1.41, p = 0.17; Five Minute Morning Meditation: t(33) = 1.27, p = 0.21; Music: t(33) = 0.31, p = 0.76; Good Afternoon & Good Evening: t(33) = 0.76, p = 0.45; Weather: t(33) = 0.96, p = 0.34; Joke: t(33) = 0.35, p = 0.73; Akinator: t(33) = 0.12, p = 0.90; Calls: t(33) = 0.11, p = 0.91; Good Night: t(33) = 1.19, p = 0.24; Setting Volume & Speed: t(33) = 0.34, p = 0.73), thereby substantiating the subset's representativeness of the broader dataset.



Rule-based NLP coding

In line with the procedure outlined in the rule development approach of NLP (22), an expert NLP programmer reviewed the coding standards developed by the human coder and gained a comprehensive understanding of how the keywords and commands were coded. Subsequently, knowledge-based rules were applied to conduct NLP coding of the same raw data.



Text normalization: chronological data sorting

To organize the raw data into a consistent chronological order, i.e., weekly segments, several libraries, including pandas, openpyxl, xlsxwriter, and the Python programming language, were utilized to read and process the same 20% subset (n = 7) of the data. The resulting weekly data was then stored in a new DataFrame to facilitate easy visualization and interpretation. The procedure for the text normalization by sorting the data by weeks is outlined in Figure 1, generated in Mermaid v10.5.0 Live Editor.


[image: Flowchart illustrating the process of text normalization by weekly chronological order, detailing twelve sequential steps from installing libraries and importing modules to exporting processed weekly data to a new Excel file, ending with a labeled “End” box.]
FIGURE 1
Text normalization by sorting the data by weeks.


After the analysis of the downloaded data using Python, a new Excel file was generated, containing the weekly data. The weekly data was organized into columns representing each weekly period, while rows corresponded to different data points or observations for each participant. The program automatically divided the data into weekly segments within seconds, eliminating the need for manual intervention.

To validate the accuracy of the data sorting by weeks performed by the program, a comparison was made with the manual coding results based on a randomly selected participant's data. During this comparison, a discrepancy was identified in one instance—specifically, a single data cell of week 4 for this participant. According to the NLP program's categorization, it should have been classified under week 3, as indicated by the calendar date. After discussing with the human coder, it was determined that this discrepancy resulted from an oversight made by the human coder.



Data sense-making using rule-based NLP or MR-NLP

Utilizing the same 12 categories of daily routines and other interactions as used in manual coding, the 20% subset dataset was processed using the Python programming language, employing an XML export feature and leveraging various libraries such as TextBlob and pandas. The TextBlob library proved invaluable for its capacity to execute robust text processing tasks, including word extraction and the identification of similarities and differences between user commands.

The goal was to utilize the rule-based NLP technique to extract meaningful insights from a dataset consisting of user commands and responses. To achieve this, a set of predefined keywords was established, and various functions were developed to identify these keywords within user inputs. These functions utilized text processing techniques, such as tokenization and word comparison, to determine the presence of keywords and categorize the commands accordingly. To account for the iterative dialogue process of user-SVA interactions, each successful completion of a routine or activity is defined by either a single command input execution or repeated command inputs in a linear continuous time frame. The results of the analysis were cross-tabulated, displaying the frequency of each keyword across different weeks. Additionally, an XML export feature enhanced data compatibility and integration.

Details of the rule-based NLP coding by categories of routines and other interactions are described below and illustrated in Figure 2 generated in Mermaid v10.5.0 Live Editor.


[image: Flowchart depicting a data sense-making process starting with lexicon development, proceeding through tagging, crosstabulation, XML export, and a decision point on human input. If further human input is needed, the process continues to MR-NLP; if not, it follows to the end of rule-based NLP and concludes.]
FIGURE 2
Data sense-making by rule-based NLP or modified rule-based NLP (MR-NLP).


To start tagging using lexicon, a comprehensive set of predefined keywords was established, representing distinct types of commands. These keywords were organized systematically within an enumerated class referred to as “Keyword,” each assigned a corresponding numerical value. This classification system facilitated the straightforward identification and categorization of keywords.

Two crucial functions were developed to identify relevant keywords within user commands: “find_same_words” and “find_different_words.” The “find_same_words” function compared pairs of input strings and extracted any words that were identical in both, while the “find_different_words” function identified words present in one string but absent in the other. These functions enabled the identification of repeated commands, ensuring their accurate classification.

Furthermore, additional functions were implemented to specifically detect certain types of commands, such as Music, Weather, Akinator, Calls, and Setting_vol_speed. By utilizing a combination of keyword detection and contextual analysis, these functions determined the relevance and validity of each command, enabling more a focused analysis.

A pandas DataFrame named “word_df” was constructed to complete crosstabulation after the identification and categorization of keywords were completed. This DataFrame was structured with columns representing each keyword and rows corresponding to different weeks of user interactions. The frequency of each keyword within each week was recorded, allowing for the tracking of usage trends over time.

Additionally, an XML export feature was incorporated into the methodology. The “word_df” DataFrame was transformed into an XML format using the built-in XML exporting capabilities of the pandas library. This export process preserved the hierarchical structure of the DataFrame, facilitating further data analysis and integration with other tools or systems.

The methodology also involved data aggregation and the calculation of total keyword frequencies. By expanding the “word_df” DataFrame to include a row representing the total frequency of each keyword across all weeks, a comprehensive overview of the most used commands was obtained. This information served as a basis for in-depth analysis of user preferences and behaviors.

Human coder and NLP programmer discussed and resolved discrepancies. Based on knowledge learned from the discussion, the rule-based NLP technique was modified to code the entire data set among all 35 participants accordingly. In other words, 20% of the subset data set were coded by the original rule-based NLP model while the MR-NLP model incorporated insights learned from human coder and was applied to re-code the entire data.

Also, informed by discussions between the human coder and the NLP expert, the coding book (Supplementary Material Appendix 2) was revised to correct a primary source of human error coming from coding interactions with Akinator. The coding manual was updated to include the following guideline: “Repeated keywords or phrases within a single, continuous interaction should be considered as a single interaction.” Previously, human coders might overcount interactions with Akinator by tallying each occurrence of the keyword “Akinator.” For instance, a sequence including a command and responses to the genie's queries, such as “Alexa, play Akinator,” followed by “Yes,” “No,” “I don't know, Akinator,” and “Yes,” was mistakenly coded as two separate interactions. However, each set of interactions should be recognized as a continuous exchange marked by a series of affirmations or negations, accurately captured by the NLP model through considering the uninterrupted sequence of user engagement with the device.

In summary, the MR-NLP coding of categories of routines and other interactions proved effective in identifying, categorizing, and analyzing keywords and commands within the user dataset. By employing the MR-NLP technique and custom functions, we were able to extract meaningful insights and track usage trends. The implementation of predefined keywords and functions, such as “find_same_words” and “find_different_words,” facilitated accurate classification of commands, focusing on specific types. Additionally, the XML export feature further enhanced data compatibility and integration.



Data analysis strategy

The data analysis strategy employed in this study aimed to assess the validity of three hypotheses concerning the efficiency, error rate, and accuracy of analytical interpretations derived from coding human-SVA speech interaction data by manual and automated coding methods.

To evaluate the hypothesis that rule-based NLP coding demonstrates higher efficiency compared to manual coding (H1), we measured the time required to code speech interaction data for one participant manually and then compared it with the time taken to process data for 35 participants using the rule-based NLP coding method. The efficiency of the NLP method was quantitatively assessed by calculating the percentage of time saved compared to manual coding.

To test the hypothesis regarding the error rate (H2), we conducted an inter-coder reliability analysis to compare the consistency between human coders and the rule-based NLP programmer. We calculated the agreement level and Cohen's kappa between the manual coding and the MR-NLP coding method, further breaking down discrepancies into categories of program errors, human errors, and differences in coding definitions.

The hypothesis concerning the accuracy of analytical interpretations (H3) was assessed by conducting exploratory factor analysis on a 20% subset of the data, coded using both manual and MR-NLP methods. This analysis aimed to identify whether the coding results led to divergent interpretations of user-SVA voice interactions. We performed principal-components factor analysis with varimax rotation to reveal the dimensions of user interactions across three datasets: one coded using the MR-NLP method post-discussion and discrepancy resolution, one using initial NLP coding, and one using manual coding. By comparing the factor structures and the variance accounted for by each method, we determined the impact of coding method choice on analytical interpretation.




Results


Hypothesis testing

H1: rule-based NLP coding of human-SVA speech interaction data will demonstrate higher efficiency compared to manual coding of the same data.

Manual coding took an average of 3 h to code one participant, with a range of 2–5 h, while the rule-based NLP coding method required 9 h to process 35 participants. The rule-based NLP coding method only consumed a small fraction of the time (9%) needed for manual coding. Consequently, H1 was supported.

H2: modified rule-based NLP (Mr-NLP) coding of human-SVA speech interaction data will exhibit fewer unintentional errors than manual coding of the same data.

To ensure consistency and agreement among the human coder and the rule-based NLP programmer in categorizing the commands, inter-coder reliability analysis was conducted. We employed the percentage agreement measure and Cohen's kappa to assess the agreement between coders. The percentage agreement calculates the percentage of agreement between coders by dividing the number of agreements by the total number of coding instances and multiplying by 100. Cohen's kappa adjusts for chance agreement between coders.

The agreement level between manual coding and the MR-NLP coding method was found to be 85.49% (872 cases) and Cohen's kappa was 0.82 based on a subset of 20% of the data. Among the 14.51% discrepancies (148 cases), 0.29% were attributed to program errors (3 cases) and 7.68% to human errors (67 cases). The remaining 6.54% (78 cases) resulted from differences in coding definitions, such as coding repeated commands for clarification by either Amazon Alexa™ or those participants with declining cognitive functions (25 or lower MoCA score). Consequently, H2 was supported.

Incorporating the feedback received, we extended our analysis by manually coding an additional 20% of the data, subsequently comparing these results with those generated by our NLP coding system. This comparative analysis revealed a remarkable consistency between human coding and NLP coding, with a 99% agreement rate and 0.99 Cohen's kappa in the classifications and interpretations of the data. Human error is the cause of the 1% disagreement due to human fatigue. This high degree of consistency underscores the reliability and accuracy of the NLP system in replicating human-like coding precision on a larger scale.

However, the efficiency comparison between the two approaches highlighted a significant advantage of the NLP system over manual coding. The human coder required approximately 20 h to complete the coding of the additional data subset. In stark contrast, the NLP system demonstrated its computational efficiency by processing the same amount of data in mere seconds. This substantial difference in processing time illustrates the profound impact of employing advanced NLP techniques in data analysis, offering a scalable and time-efficient alternative to traditional manual coding methods.

The findings from this expanded comparison not only address the initial concern regarding the model's comprehensiveness but also emphasize the NLP system's potential to provide accurate and efficient analysis of speech interaction data. Such results highlight the dual benefits of NLP coding: maintaining high accuracy in data interpretation while significantly reducing the time and resources required for data processing.

H3: modified rule-based NLP (Mr-NLP) coding of human-SVA speech interaction data will result in more accurate analytical interpretations than manual coding of the same data.

A crucial question for evaluating effectiveness of the two methods still remains: do the coding results from manual coding and the MR-NLP coding method lead to divergent analytical interpretations of the data, such as differences in data patterns and structures? It could be argued that if unintentional errors do not significantly impact the analytical interpretations, the case for strongly favoring one method over the other might not be as compelling as initially anticipated. To address this concern, an exploratory factor analysis was conducted three times on the 20% subset of data to summarize patterns of the 12 categories of daily routines and other interactions.

The test was performed under three conditions: first, using the final coding results from the MR-NLP coding method (data set 1); second, using the results from the NLP programmer before discussing and resolving discrepancies with the human coder (data set 2); and third, using the results from the human coder (data set 3). As all known errors and discrepancies were resolved in the final coding results using the MR-NLP coding method, the exploratory factor analysis results from data set 1 were considered the standard for comparison against the other two data sets (data set 2 and data set 3).

A principal-components factor analysis with varimax rotation was employed to test the factor structure of the 12 items. We employed factor analysis as a method to distill the complex interactions within the dataset into more manageable, interpretable dimensions. This statistical technique helps in identifying underlying variables, or factors, that explain the pattern of correlations among the observed variables. In the context of our study, it allowed us to systematically reduce the dimensionality of the coding results, thus making the data's structure more comprehensible. By doing so, we aimed to uncover the fundamental constructs that characterize user-SVA interactions, providing a robust means to compare the analytical interpretations derived from both manual and NLP coding methods.

The analysis revealed the presence of four dimensions of user-SVA voice interactions, accounting for 92% of the total variance of the items in data set 1 using the MR-NLP coding method (see Table 1). Similarly, the principal-components factor analysis test performed using data set 2 from the initial rule-based NLP coding method indicated four dimensions as well, accounting for 91.69% of the total variance (see Table 2). However, results of the principal-components factor analysis test from data set 3, which was manually coded by a human, suggested five dimensions among the 12 items (see Table 3). Therefore, unlike the variations of NLP coding methods used in data sets 1 and 2, human coding led to a different interpretation of the data pattern in data set 3. As a result, H3 was supported.


TABLE 1 Factor loadings using principal component and varimax rotation in data set 1 using the modified rule-based NLP model.

[image: Table displaying factor loadings for twelve variables across four factors, with eigenvalues and proportion of explained variance for each factor in the final two rows. Total eigenvalue equals eleven point zero one and total explained variance is ninety-one point seventy percent.]


TABLE 2 Factor loadings using principal component and varimax rotation in data Set 2 by the programmer using the initial rule-based NLP model.

[image: Table displaying factor loadings for twelve items on four factors, with eigenvalues and proportion of variance explained. The total eigenvalue is eleven point zero one, and the total proportion of explained variance is ninety-one point sixty-nine percent.]


TABLE 3 Factor loadings using principal component and varimax rotation in data set 3 coded manually by human coder.

[image: Table presenting factor loadings for eleven variables across five components, along with eigenvalues and proportion of explained variance for each factor. Total explained variance is 97.03 percent.]




Discussion


Manual coding vs. NLP coding

NLP has emerged as a powerful tool for analyzing and processing human language data. As demonstrated by the results in this study, when applied to examining older people's speech interactions with SVA, rule-based NLP coding offers numerous benefits over manual coding, including increased efficiency and reduced unintentional errors. The MR-NLP algorithms utilized in this study processed text data at a significantly faster pace compared to manual annotation. It is important to highlight that rule-based NLP algorithms can seamlessly process theoretically unlimited amounts of additional data within seconds once the rules have been finalized. On the other hand, human coders will always require additional time to code data from new participants.

As the dataset grows, manual coding becomes increasingly challenging to manage and may not be scalable for handling extensive or complex data. In contrast, similar to NLP's scalability in business applications (35), the time- and cost-saving advantages of the proposed MR-NLP coding for older people's speech interactions with SVA are exponential. This efficiency gain will free up valuable time and resources for researchers, enabling them to focus more on discovering insights and providing valuable assistance to older individuals in their journey of aging well.

Our data further supported the notion that NLP coding can effectively reduce unintentional errors compared to manual coding. The human coder in our study made these unintentional errors primarily due to fatigue and the repetitive nature of processing unstructured text data downloaded from SVA. Coder fatigue is a recognized threat to the trustworthiness of content analysis, particularly in cases involving repetitive and clerical coding (36). The results obtained while testing H3 demonstrated that even unintentional human errors can lead to misinterpretations of the data patterns.

Through our study, we have provided a valuable solution to prevent such mistakes in future studies involving text-based human-SVA interaction data. By implementing rule-based NLP coding, researchers can mitigate the impact of unintentional errors caused by fatigue and repetitive coding, thus enhancing the accuracy and reliability of content analysis.

Nonetheless, human feedback has proven invaluable in providing recommendations to improve the rules for NLP algorithms in the present study. When the human coder and the rule-based NLP programmer discussed their discrepancies on the data categorized by routines and other interactions, coding repeated commands for clarification emerged as a primary source of divergence. This observation led to the revelation of the context surrounding such speech repetitions, specifically the relationship between declining cognitive functions and repeated commands by participants. Without human input, this crucial contextual understanding of older people's speech interactions with SVA might have been overlooked. It's evident that integrating manual and automated coding methods into a MR-NLP model is essential for analyzing the voice interaction data between older adults and smart voice assistants.

Consistent with previous research (20, 21), the speech interactions between older people and SVA appear to be influenced by cognitive decline, resulting in repetitions in their speech patterns. These characteristics present challenges when processing qualitative human-SVA speech data. From a user experience (UX) design standpoint, it is crucial for researchers and SVA providers to adapt their AI algorithms to accommodate older people's changing speech patterns caused by cognitive impairment. By doing so, they can enhance the overall flow of conversation between the user and the SVA. The valuable insights obtained from our study can significantly contribute to the development of more inclusive and accessible technologies tailored to the needs of older individuals. Implementing these design improvements will ensure that older people can interact with SVAs more effectively and comfortably, ultimately leading to a more positive and enriching user experience for this demographic.



Four-factor solution vs. five-factor solution

The divergent factor analysis outcomes observed between the human-coded data and the NLP-coded data warrant a detailed examination. The principal difference between the four- and five-factor solutions lies in how they conceptualize and categorize the interactions. The four-factor solution, derived from the MR-NLP coding method, suggests a more consolidated view of interaction categories, likely reflecting the algorithm's capacity to group similar interactions based on predefined rules and learning from the coder-NLP programmer discussions. On the other hand, the five-factor solution, emerging from the manual coding, indicates a finer granularity in categorizing interactions. This additional factor could suggest either a unique dimension of interactions captured by human coders but not by the MR-NLP model or potential noise introduced by human error or subjectivity in interpreting interactions.

Regarding the fifth factor, particularly its association with Akinator interactions, it's crucial to clarify that this doesn't solely represent noise or an error. Akinator interactions could indeed reflect a distinct category of engagement with SVAs not fully captured or appropriately grouped by the NLP model. This discrepancy underscores the nuanced understanding human coders have about context and the dynamic nature of human-SVA interactions. It also highlights the challenge in designing NLP models that fully encapsulate the breadth of human interaction nuances. However, without further analysis, we cannot definitively label this fifth factor as noise; it warrants additional investigation in future studies.

One main source of human errors came from the “Akinator” item, particularly due to overcounting interactions due to misinterpretation of repeated keywords or phrases as separate interactions. However, it wasn't the sole source of human errors. These were broadly related to the challenges in consistently applying the coding rules to varied interactions, indicating areas for further training and refinement in manual coding practices.



Cognitive functioning of older people

Our use of the MoCA was intended purely for descriptive purposes, to outline the cognitive functioning profiles within our participant group, rather than to diagnose or classify participants according to their cognitive status. Given the limitations of our sample size, direct comparisons or analyses stratified by specific MoCA score ranges were not feasible. However, the diversity in cognitive functioning among our participants, as indicated by their MoCA scores, suggests potentially meaningful inferences about the broader implications of cognitive decline on technology interaction patterns. Specifically, our findings highlight how interaction behaviors—such as command repetitions, corrections, and modifications—may mirror adaptive strategies employed by older adults to navigate potential cognitive challenges. These observed behaviors provide a window into understanding how SVAs might be used as supportive tools for this demographic, potentially offering indirect insights into users’ cognitive states.

Furthermore, the study opens avenues for future research to explore the relationship between cognitive functioning levels, as broadly indicated by MoCA scores, and SVA interaction patterns. While our sample size and study design do not support direct comparisons across different cognitive levels, our methodology and findings lay the groundwork for subsequent investigations. Such research could aim to identify specific patterns of SVA use that correlate with varying degrees of cognitive functioning, thereby enhancing our understanding of how technology can be optimized to support older adults across the cognitive spectrum.

Regarding the implications of our findings within the context of cognitive decline, it is pertinent to acknowledge that our primary objective was to showcase the utility of the MR-NLP model for analyzing older adults’ voice interactions with SVAs. Nevertheless, the exploratory insights derived from our study—facilitated by the inclusion of MoCA scores for descriptive purposes—suggest potential areas for further investigation. Future studies, with larger and more diverse samples, are encouraged to explicitly examine the impact of cognitive functioning on technology use among older adults. Such research could significantly contribute to the development of SVAs and other technologies that are more responsive and tailored to the needs of older individuals with varying cognitive abilities.




Limitations

While our investigation of rule-based NLP coding for older people's speech interactions with SVA provides compelling evidence of its efficiency gains and error reduction, it is important to acknowledge its limitations.


Implications of partial data coding by human coder

In this study, we opted to manually code a 20% subset of the data derived from interactions between older adults and SVAs, acknowledging the potential limitations this approach might entail. While this strategy was adopted to balance depth with feasibility—given the labor-intensive nature of manual coding—it is essential to consider what might have been overlooked by not coding the entirety of the data.

Firstly, coding only a portion of the data could result in missing out on less frequent, yet potentially significant, patterns of interaction that could offer deeper insights into user behavior or uncover unique use cases of the technology. These rare instances might reveal innovative ways in which SVAs are utilized by older adults, offering valuable perspectives on user adaptability and the technology's versatility. Secondly, the variability in daily routines and the specific commands used by participants might not be fully captured. This variability can provide insights into personal preferences, adaptability to technology, and even changes in cognitive abilities over time. By not examining the full dataset, nuances related to how different individuals interact with SVAs across various contexts might have been underrepresented.

To mitigate these limitations, we employed rule-based NLP coding, designed to extrapolate the insights gained from the manually coded subset to the larger dataset. This approach, while efficient, relies on the assumption that the sampled data adequately represent the broader dataset. In future iterations of this research, investigators should aim to explore methods that combine the efficiency of NLP with the depth of manual coding, potentially through adaptive sampling techniques that allow for more dynamic selection of data for manual review based on preliminary findings.



Sample and system applicability

The study's findings are grounded in data collected from a specific sample of older adults, characterized by their age, living situation, and engagement with SVAs. While our sample provides valuable insights into how this demographic interacts with technology, it is crucial to discuss its broader applicability. Our participants were predominantly white, English-speaking older adults residing in independent living facilities within a specific region. This demographic profile raises questions about the generalizability of our findings to other groups, including individuals from diverse ethnic backgrounds, non-English speakers, or those with different living arrangements such as those residing with family or in assisted living facilities.

Furthermore, the cognitive functioning of our participants, as assessed by the MoCA, varied, indicating a range of capabilities in interacting with technology. This variability is reflective of the broader older adult population, yet our findings may not fully encapsulate the experiences of individuals with more severe cognitive impairments or those who are technologically adept.

We acknowledge these limitations and propose avenues for future research. Specifically, studies involving more diverse samples, including varying ethnic backgrounds, languages, and cognitive abilities, are essential to understand the full spectrum of older adults’ interactions with SVAs. Additionally, exploring the impact of different living arrangements on SVA usage could offer further insights into how these technologies can support independent living and social connectivity among older adults. By broadening the scope of research in this area, we can better tailor SVA technologies to meet the diverse needs of the older adult population, thereby enhancing their usability and effectiveness in supporting aging well.

Like any other NLP algorithms, the performance of our model heavily relies on the quality and representativeness of the training data. For future studies, it is advisable to consider a larger and more diverse sample of participants. This will enable the NLP algorithms to achieve higher accuracy when predicting patterns within the growing and increasingly diverse aging population.

Furthermore, it is essential to note that our current algorithms are programmed to process English-language text data. However, it is entirely feasible to modify and adapt them to handle text data in different languages. By doing so, researchers can extend the benefits of NLP coding to a broader global audience and facilitate cross-lingual analysis of human-SVA interactions among older individuals.

Our data were collected after the lifting of COVID-19 restrictions in most cities in the United States. However, it is possible that the impact of the COVID-19 pandemic persisted during our study. Older people have reported an increased usage of and a more positive attitude toward digital technology, including SVA, during the COVID-19 pandemic (37). Nevertheless, it remains uncertain if such trends will continue in the future. We encourage replications of our study to explore the application of rule-based NLP coding for older people's SVA interactions under different circumstances.



Future comparative analysis

While our study has demonstrated the effectiveness of the MR-NLP model in comparison to manual coding, there are certain limitations that should be acknowledged. First, the primary comparison in our study was between MR-NLP and manual coding processes. While this comparison effectively highlighted the improvements in efficiency and reduction of errors afforded by MR-NLP, it did not encompass comparisons with other automated NLP models. Consequently, the results are focused on demonstrating the superiority of MR-NLP over traditional manual methods, rather than a broad spectrum analysis against contemporary automated systems. Second, the scope of this study was intentionally focused on validating the MR-NLP model against manual coding to establish a baseline of its performance. While this focus was crucial for the initial validation of the model, it limits the understanding of how MR-NLP performs in the broader landscape of NLP technologies where various automated models are employed. Third, although our study lays a solid groundwork for the use of MR-NLP in practical settings, including an open access web app and detailed protocol for replication, it suggests a need for future studies to undertake a comparative analysis with other rule-based and machine learning-based NLP models. Such comparisons would be invaluable in rigorously assessing the scalability and overall efficiency of MR-NLP against other models in handling diverse and large datasets. Fourth, while we have provided all necessary tools and protocols for other researchers to replicate our work, and demonstrated MR-NLP's operational efficiency, the full scalability of our model remains to be tested across varied contexts and larger datasets. Future research could use our published resources to validate and extend our findings in different settings, which would provide deeper insights into the applicability and scalability of MR-NLP. By acknowledging these limitations, we invite the scientific community to both utilize the MR-NLP framework in their work and to build upon our initial findings through further comparative and scalability studies. This ongoing research will be crucial in refining the application of NLP technologies in real-world settings and ensuring that these tools meet the evolving needs of diverse populations.

In summary, the proposed MR-NLP model proves to be an effective tool for investigating older people's speech interactions with SVA or other AI technology. This innovative software solution can be replicated by other researchers by following the outlined procedures using open source software. An online version of our proposed method can be accessed with permission via https://excel-helper-deploy.vercel.app. By providing this method to the research community, we hope to facilitate further exploration and advancement in the development of NLP models, ultimately contributing to a better understanding of the dynamics between older people and AI-based technologies.




Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics statement

The studies involving humans were approved by University of Nebraska-Lincoln IRB Ethics Committee/institutional review board. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.



Author contributions

ZY: Conceptualization, Formal Analysis, Investigation, Methodology, Software, Visualization, Writing – original draft, Writing – review & editing. VD: Data curation, Methodology, Writing – review & editing. JH: Data curation, Writing – review & editing. KJ: Data curation, Writing – review & editing. CY: Conceptualization, Data curation, Formal Analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Supervision, Writing – original draft, Writing – review & editing. VJ: Conceptualization, Data curation, Funding acquisition, Investigation, Project administration, Resources, Supervision, Writing – review & editing. JB: Conceptualization, Data curation, Funding acquisition, Investigation, Project administration, Resources, Supervision, Writing – review & editing. MS: Conceptualization, Data curation, Funding acquisition, Investigation, Project administration, Resources, Supervision, Writing – review & editing.



Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article.

This research was funded by a University of Nebraska Collaboration Initiative Grant.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fdgth.2024.1329910/full#supplementary-material



References

	1. Kim S. Exploring how older adults use a smart speaker-based voice assistant in their first interactions: qualitative study. JMIR Mhealth Uhealth. (2021) 9:e20427. doi: 10.2196/20427
	2. Kim S, Choudhury A. Exploring older adults’ perception and use of smart speaker-based voice assistants: a longitudinal study. Comput Hum Behav. (2021) 124:106914. doi: 10.1016/j.chb.2021.106914
	3. Pradhan A, Lazar A, Findlater L. Use of intelligent voice assistants by older adults with low technology use. ACM Trans Comput Hum Interact. (2020) 27:1–27. doi: 10.1145/3373759
	4. Kowalski J, Jaskulska A, Skorupska K, Abramczuk K, Biele C, Kopeć W, et al. Older adults and voice interaction: a pilot study with google home. In: Brewster S, Fitzpatrick G, editors. Extended Abstracts of the 2019 CHI Conference on Human Factors in Computing Systems. Glasgow, Scotland: Association for Computing Machinery (2019). p. 1–6.
	5. Jones VK, Hanus M, Yan C, Shade MY, Blaskewicz Boron J, Maschieri BR. Reducing loneliness among aging adults: the roles of personal voice assistants and anthropomorphic interactions. Front Public Health. (2021) 9:750736. doi: 10.3389/fpubh.2021.750736
	6. Zhong R, Ma M. Effects of communication style, anthropomorphic setting and individual difference on older adults using voice assistants in the context of health. BMC Geriatr. (2022) 22:751–64. doi: 10.1186/s12877-022-03428-2
	7. Boyd RL, Schwartz HA. Natural language analysis and the psychology of verbal behavior: the past, present, and future states of the field. J Lang Soc Psychol. (2021) 40(1):21–41. doi: 10.1177/0261927X20967028
	8. Boyd RL, Ashokkumar A, Seraj S, Pennebaker JW. The Development and Psychometric Properties of LIWC-22. Austin, Texas, USA: University of Texas at Austin (2022). Available online at: https://www.liwc.app/static/documents/LIWC-22%20Manual%20-%20Development%20and%20Psychometrics.pdf
	9. Murman DL. The impact of age on cognition. Semin Hear. (2015) 36:111–21. doi: 10.1055/s-0035-1555115
	10. Corbett CF, Bowers DC, Combs EM, Parmer M, Jones K, Patel K, et al. Using virtual home assistants to address vulnerable adults’ complex care needs: an exploratory feasibility study. J Gerontol Nurs. (2023) 49(6):33–40. doi: 10.3928/00989134-20230512-05
	11. Shade M, Yan C, Boron JB, Jones V. Interactive voice assistant routines: a usability study. Innov Aging. (2023) 7(Suppl 1):876. doi: 10.1093/geroni/igad104.2819
	12. McCloud R, Perez C, Bekalu MA, Viswanath K. Using smart speaker technology for health and well-being in an older adult population: pre-post feasibility study. JMIR Aging. (2022) 5(2):e33498. doi: 10.2196/33498
	13. Magnusson L, Hanson E, Borg M. A literature review study of information and communication technology as a support for frail older people living at home and their family careers. Technol Disabil. (2004) 16:223–35. doi: 10.3233/TAD-2004-16404
	14. Portet F, Vacher M, Golanski C, Roux C, Meillon B. Design and evaluation of a smart home voice interface for the elderly: acceptability and objection aspects. Person Ubiquitous Comput. (2013) 17:127–44. doi: 10.1007/s00779-011-0470-5
	15. Arnold A, Kolody S, Comeau A, Miguel Cruz A. What does the literature say about the use of personal voice assistants in older adults? A scoping review. Disability and Rehabilitation: Assistive Technology. (2024) 19(1):100–11. doi: 10.1080/17483107.2022.2065369
	16. American Association of Retired Persons. 2021 Tech Trends and the 50-Plus. Washington D.C: AARP (2021). doi: 10.26419/res.00420.001
	17. Jones VK, Yan C, Shade MY, Boron JB, Yan Z, Heselton HJ, et al. Reducing loneliness and improving social support among older adults through different modalities of personal voice assistants. Geriatrics (Basel). (2024) 9:22. doi: 10.3390/geriatrics9020022
	18. Yan C, Johnson K, Jones VK. The impact of interaction time and verbal engagement with personal voice assistants on alleviating loneliness among older adults: an exploratory study. Int J Environ Res Public Health. (2024) 21:100. doi: 10.3390/ijerph21010100
	19. Blazer DG, Yaffe K, Liverman CT. Characterizing and Assessing Cognitive Aging. Washington D.C.: National Academies Press (2015).
	20. Szatloczki G, Hoffmann I, Vincze V, Kalman J, Pakaski M. Speaking in Alzheimer’s disease, is that an early sign? Importance of changes in language abilities in Alzheimer’s disease. Front Aging Neurosci. (2015) 7:195. doi: 10.3389/fnagi.2015.00195
	21. Banovic S, Zunic LJ, Sinanovic O. Communication difficulties as a result of dementia. Mater Sociomed. (2018) 30(3):221–4. doi: 10.5455/msm.2018.30.221-224
	22. Braun V, Clarke V. Using thematic analysis in psychology. Qual Res Psychol. (2006) 3:77–101. doi: 10.1191/1478088706qp063oa
	23. Adu P. A Step-by-Step Guide to Qualitative Data Coding. Oxford: Routledge (2019).
	24. Saldaña J. The Coding Manual for Qualitative Researchers. Los Angeles: SAGE (2016).
	25. Chung CK, Pennebaker JW. The psychological functions of function words. In: Fiedler K, editors. Social Communication. New York: Psychology Press (2007). p. 343–59.
	26. Tausczik YR, Pennebaker JW. The psychological meaning of words: lIWC and computerized text analysis methods. J Lang Soc Psychol. (2010) 29(1):24–54. doi: 10.1177/0261927X09351676
	27. Brent E, Slusarz P. “Feeling the beat”: intelligent coding advice from metaknowledge in qualitative research. Soc Sci Comput Rev. (2003) 21(3):281–303. doi: 10.1177/0894439303253975
	28. Crowston K, Liu X, Allen EE. Machine learning and rule-based automated coding of qualitative data. Proceedings of the American Society for Information Science and Technology. (2010) 47(1):1–2. doi: 10.1002/meet.14504701328
	29. Soderland S. Learning information extraction rules for semi-structured and free text. Mach Learn. (1999) 34(1-3):233–72. doi: 10.1023/A:1007562322031
	30. Zhang X, Zhao J, LeCun Y. Character-level convolutional networks for text classification. In: Cortes C, Lawrence N, Lee D, et al., editors. Advances in Neural Information Processing Systems. Montreal, Canada: Neural Information Processing Systems (2015). p. 649–57.
	31. Chen N, Drouhard M, Kocielnik R, Suh J, Aragon C. Using machine learning to support qualitative coding in social science: shifting the focus to ambiguity. ACM Trans Inter Intell Syst. (2018) 8:1–20. doi: 10.1145/3185515
	32. Evers JC. Current issues in qualitative data analysis software (QDAS): a user and developer perspective. The Qual Rep. (2018) 23(13):61–73. doi: 10.46743/2160-3715/2018.3205
	33. Rajput D, Wang WJ, Chen CC. Evaluation of a decided sample size in machine learning applications. BMC Bioinformatics. (2023) 24:48. doi: 10.1186/s12859-023-05156-9
	34. Nasreddine ZS, Phillips NA, Bédirian V, Charbonneau S, Whitehead V. The Montreal cognitive assessment, moca: a brief screening tool for mild cognitive impairment. J Am Geriatr Soc. (2005) 53:695–9. doi: 10.1111/j.1532-5415.2005.53221.x
	35. Olujimi PA, Ade-Ibijola A. NLP techniques for automating responses to customer queries: a systematic review. Discov Artif Intell. (2023) 3:20. doi: 10.1007/s44163-023-00065-5
	36. Kleinheksel AJ, Rockich-Winston N, Tawfik H, Wyatt TR. Demystifying content analysis. Am J Pharm Educ. (2020) 84(1):7113. doi: 10.5688/ajpe7113
	37. Sixsmith A, Horst BR, Simeonov D, Mihailidis A. Older people’s use of digital technology during the COVID-19 pandemic. Bull Sci Technol Soc. (2022) 42(1-2):19–24. doi: 10.1177/02704676221094731












	
	TYPE Original Research

PUBLISHED 28 January 2025
DOI 10.3389/fdgth.2024.1448351






[image: image2]

Voice EHR: introducing multimodal audio data for health

James Anibal1,2*, Hannah Huth1, Ming Li1, Lindsey Hazen1, Veronica Daoud3‡, Dominique Ebedes3‡, Yen Minh Lam4, Hang Nguyen4, Phuc Vo Hong4, Michael Kleinman5‡, Shelley Ost5‡, Christopher Jackson5‡, Laura Sprabery5‡, Cheran Elangovan5‡, Balaji Krishnaiah5‡, Lee Akst6,7‡, Ioan Lina7‡, Iqbal Elyazar8‡, Lenny Ekawati8‡, Stefan Jansen9‡, Richard Nduwayezu10†‡, Charisse Garcia1, Jeffrey Plum1, Jacqueline Brenner1, Miranda Song1, Emily Ricotta11,12, David Clifton2, C. Louise Thwaites3, Yael Bensoussan3 and Bradford Wood1

1Center for Interventional Oncology, NIH Clinical Center, National Institutes of Health, Bethesda, MD, United States

2Computational Health Informatics Lab, Oxford Institute of Biomedical Engineering, University of Oxford, Oxford, United Kingdom

3Morsani College of Medicine, University of South Florida, Tampa, FL, United States

4Social Science and Implementation Research Team, Oxford University Clinical Research Unit, Ho Chi Minh City, Vietnam

5College of Medicine, University of Tennessee Health Sciences Center, Memphis, TN, United States

6Johns Hopkins Voice Center, Johns Hopkins University, Baltimore, MD, United States

7Department of Otolaryngology-Head and Neck Surgery, Johns Hopkins University School of Medicine, Baltimore, MD, United States

8Geospatial Epidemiology Program, Oxford University Clinical Research Unit Indonesia, Jakarta, Indonesia

9College of Medicine and Health Sciences, University of Rwanda, Kigali, Rwanda

10King Faisal Hospital, Kigali, Rwanda

11Epidemiology and Data Management Unit, National Institute of Allergy and Infectious Diseases, Bethesda, MD, United States

12Department of Preventive Medicine and Biostatistics, Uniformed Services University, Bethesda, MD, United States

EDITED BY
Kun Qian, Beijing Institute of Technology, China

REVIEWED BY
Thomas Quatieri, Massachusetts Institute of Technology, United States
Yi Chang, Imperial College London, United Kingdom
Xin Jing, Technical University of Munich, Germany

*CORRESPONDENCE James Anibal anibal.james@nih.gov

†PRESENT ADDRESS
Richard Nduwayezu, Department of Primary Health Care, College of Medicine and Health Sciences, University of Rwanda, Kigali, Rwanda

‡These authors have contributed equally to this work

RECEIVED 13 June 2024
ACCEPTED 26 December 2024
PUBLISHED 28 January 2025

CITATION Anibal J, Huth H, Li M, Hazen L, Daoud V, Ebedes D, Lam YM, Nguyen H, Hong PV, Kleinman M, Ost S, Jackson C, Sprabery L, Elangovan C, Krishnaiah B, Akst L, Lina I, Elyazar I, Ekawati L, Jansen S, Nduwayezu R, Garcia C, Plum J, Brenner J, Song M, Ricotta E, Clifton D, Thwaites CL, Bensoussan Y and Wood B (2025) Voice EHR: introducing multimodal audio data for health.
Front. Digit. Health 6:1448351.
doi: 10.3389/fdgth.2024.1448351

COPYRIGHT © 2025 Anibal, Huth, Li, Hazen, Daoud, Ebedes, Lam, Nguyen, Hong, Kleinman, Ost, Jackson, Sprabery, Elangovan, Krishnaiah, Akst, Lina, Elyazar, Ekawati, Jansen, Nduwayezu, Garcia, Plum, Brenner, Song, Ricotta, Clifton, Thwaites, Bensoussan and Wood. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



Introduction: Artificial intelligence (AI) models trained on audio data may have the potential to rapidly perform clinical tasks, enhancing medical decision-making and potentially improving outcomes through early detection. Existing technologies depend on limited datasets collected with expensive recording equipment in high-income countries, which challenges deployment in resource-constrained, high-volume settings where audio data may have a profound impact on health equity.



Methods: This report introduces a novel protocol for audio data collection and a corresponding application that captures health information through guided questions.



Results: To demonstrate the potential of Voice EHR as a biomarker of health, initial experiments on data quality and multiple case studies are presented in this report. Large language models (LLMs) were used to compare transcribed Voice EHR data with data (from the same patients) collected through conventional techniques like multiple choice questions. Information contained in the Voice EHR samples was consistently rated as equally or more relevant to a health evaluation.



Discussion: The HEAR application facilitates the collection of an audio electronic health record (“Voice EHR”) that may contain complex biomarkers of health from conventional voice/respiratory features, speech patterns, and spoken language with semantic meaning and longitudinal context–potentially compensating for the typical limitations of unimodal clinical datasets.
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1 Introduction

The COVID-19 pandemic underscored the limitations of healthcare systems and highlighted the need for data innovations to support both care providers and patients. The high volume of patients seeking medical care for COVID-19 and other viral infections has caused extraordinary challenges, including long waitlists, limited time for each patient, increased testing costs, exposure risks for healthcare workers, and documentation burdens (1). Adding to the problem, the world is facing nursing and physician shortages that are expected to rise dramatically over the next 10 years (2–4). This contributes to the increasing rates of provider burnout and a loss of trust in the healthcare system, both of which have been particularly severe since the onset of the COVID-19 pandemic (5–7). To address these problems, artificial intelligence (AI) has been proposed as a mechanism to rapidly perform key clinical tasks such as diagnostics, triage, and patient monitoring, improving the efficiency of the healthcare system. This has become particularly true with the advent of GPT and other multimodal large language models (LLMs), which have advanced capabilities in question answering, image interpretation, programming, and other complex tasks (8, 9). As a result, technology companies have begun to develop foundation AI models for the healthcare space. These are often designed for preprocessing and diagnostic tasks with privileged data (e.g., images) or as Chatbot tools for question-answering (10, 11). While future LLMs may add value to the healthcare system, serious data challenges remain for the widespread, equitable deployment of AI models in healthcare. Below, several primary obstacles are outlined:


1.1 Data availability and interoperability

In many cases, clinical AI models require correlated data—different sources of information from the same patient within the same approximate period of time. Datasets also require extensive curation, which is often expensive, inconvenient, and frequently overlooked as a challenge in the development of health AI. Multimodal data must be linked from across disjointed sources/centers, which often have incompatible systems and different regulatory structures.



1.2 Excluding underserved groups

Currently, many AI technologies are dependent on the availability, quality, and breadth of data in electronic health records (EHR). Yet, robust EHR data is often unavailable or inaccurate in many settings, particularly in resource-constrained areas such as low and middle- income countries (LMICs) or rural areas in high-income countries (12). These disparities are due to many factors, which include biased allocation of healthcare services, gaps in insurance coverage, and other barriers (e.g., transportation) due to a lack of providers or facilities (13). As a result, training data for AI models is often biased against underserved populations (14).



1.3 Misalignment with clinical processes

The data collected in current clinical workflows is incompatible with most AI systems, causing development challenges and hesitancy from healthcare workers, who make decisions based on patient reporting, their own observations, and various tests—not narrow unimodal datasets collected in research settings. Figure 1 (below) highlights the disconnect between the conditions for data collection in funded research projects and those for data collection or inference in real-world settings, which, in some ways, are more similar to the uncontrolled nature of data mined from online sources.
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FIGURE 1
Comparison of audio data collected from research studies with hospital audio data and data from public online sources (i.e., YouTube).




1.4 Contributions

This work makes the following contributions to the structure and collection of healthcare data:


	1.Development of an online application (Healthcare via Electronic and Acoustic Records, “HEAR”) to facilitate the collection of semi-structured multimodal data (text-audio pairs) for developing AI models. The application is designed to be intuitive for patients and technically lightweight for deployment in low-connectivity areas. This system simultaneously captures patient-reported health information (via recorded speech) and unique variations in sound data (changes in voice/speech) without the potential inconsistency of methods such as ambient listening. In a single setting, the HEAR application facilitates rapid collection of health data for training AI models, including retrospective context and factors related to circumstances/lifestyle. The user is not required to type text into a lengthy form, which may cause respondent fatigue and result in data with a high degree of missingness (15, 16).

	2.Presentation of demographic statistics, experimental results, and case studies from an initial Voice EHR dataset. Large language models were used to compare the value of information contained in the Voice EHR with data collected via manual inputs. These preliminary results demonstrate the potential viability of low-cost voice EHR data collected across multiple settings, including hospitals.






2 Related work

Audio data has previously shown potential as a diagnostic tool. The idea that patients with certain conditions might present with unique changes in their voice before showing more progressive signs of disease largely originated with Parkinson's disease. Multiple studies have shown that Parkinson's disease is associated with characteristic and progressive changes in phonation over the disease course, including biomarkers such as decreased word stress, softened consonants, abnormal silences, and monotone speech (17–20). Similarly, many studies have since identified specific voice changes in patients with asthma, COPD, interstitial lung disease, rheumatoid arthritis, chronic pain, diabetes, and laryngeal cancer (21–27). The formation of multi-site data generation projects like the Bridge2AI Voice Consortium shows the increasing interest in leveraging voice as a data modality for healthcare applications (28).

During the COVID-19 pandemic, the demand for low-cost digital healthcare solutions surged, providing an ideal setting to advance audio AI technology. As a result, multiple machine learning methods were trained on voice data to predict COVID-19 positivity or variant status (29–42). However, many of these models were not deployed due to limitations of the training datasets (described below), and there was no significant evidence that voice/audio AI methods improved COVID-19 screening during the pandemic (43, 44).


	1.Dataset Size/Diversity: Many voice AI studies are reliant on small datasets collected from a narrow range of English-speaking patients using high-cost technology like recording booths, preventing deployment in hospitals or at-home settings (See Figure 1 for comparison of “research data” and data from real-world environments).

	2.Data Quality: Multiple past studies were built around crowdsourced datasets, which face significant issues with data quality– reliable annotations (specific indications of disease or health state) are difficult to achieve when collecting limited data from a wide range of possible environments (45, 46). Many datasets, which contain scripted voice samples, may have limited utility due to the lack of context that is needed to account for sources of noise. Moreover, very few datasets were curated through partnerships with healthcare workers in clinical settings, and, as such, do not confirm diagnosis of COVID-19 or other illnesses.

	3.Data Breadth: Past audio AI studies, particularly those involving COVID-19 screening/diagnostics, often excluded patients with confirmed cases of other respiratory illnesses—in some cases, only healthy samples were included in the control cohorts (39–42). Typically, users of any diagnostic tool would choose to test themselves because of newly emerging symptoms. This may then confuse an AI model that was trained only to separate between one specific disease state and fully healthy controls or chronic conditions. Moreover, although illnesses like COVID-19 can cause laryngitis and inflammation of the vocal cords causing voice changes, many other factors, such as smoking habits, can also cause laryngitis (47).



This study introduces “Voice EHR”—patients share their past medical history and progression of present illness (if applicable) through audio recordings, creating a patient-driven temporal record of clinical information to compliment and contextualize acoustic data collected simultaneously.



3 Methods

The development of AI models to accurately detect audio biomarkers of disease is dependent on the acquisition of robust training datasets from diverse settings. The proposed “Voice EHR” methods were designed to enable semantic representations of clinical information containing approximate temporal context (e.g., changes from baseline health) with correlated samples of acoustic data: voice/breathing sounds and speech patterns.

This study was approved by the Institutional Review Board of the U.S. National Institutes of Health (NIH). Informed consent was obtained from all participants prior to data collection, using a consent form on the application. Data is stored on NIH-secured cloud servers maintained by Amazon Web Services (AWS) (48). No personally identifying information is stored at this time.


3.1 Participant recruitment and study population

The data collection process was deployed through two primary channels: (1) public use of the application, which is available online at https://www.hearai.org, and (2) partnerships with healthcare professionals working at collaborating point-of care settings. The HEAR app is low-cost, low-bandwidth, fast/easy to use, and does not rely on any specific expensive technologies (e.g., recording booths), facilitating partnerships with healthcare workers in diverse environments. Collaboration with healthcare professionals will help improve the reliability of voice EHR data by providing validated annotations through recruitment of patients with confirmed diagnoses. Providers may engage with patients and ask follow-up questions during the collection process if necessary to enhance data robustness or if internally useful within the clinical workflow (this can be removed before analysis of the sound data). The application can be used by both providers and patients.



3.2 Data collection

The HEAR application was designed to efficiently collect multimodal audio data for health—voice EHR—via a combination of short survey questions and recorded voice/speech/breathing tasks. The HEAR app contains three main sections (Figure 2—left). After obtaining informed consent, data collection begins with multiple-choice questions focused on basic health information (pages 1–5). This section is necessary during the data collection process to ensure a balanced training dataset for initial model development and validation. The recorded Voice EHR data is collected based on written instructions (pages 7–12). The final section is ideally completed with the assistance of a researcher or care provider to document findings, next steps, diagnosis, and other components of the appointment (pages 14–17). Control participants do not complete pages 4, 8, or 14–17. For this study, a control is defined as a participant who does not have an acute condition.


[image: Instructional infographic for the HEAR (Healthcare via Electronic and Acoustic Records) system showing a stethoscope logo, main title, and a detailed step list for a medical intake process, including asking patients to describe illness progression. Blue section heading provides instructions for sharing detailed symptom history, including medications and severity, with an example describing symptom development, actions taken, and effects.]
FIGURE 2
(Left) Overview of the voice EHR data collection app, including initial survey, patient audio, and information from HCWs. (Right) Screenshot from the app (second audio prompt).




3.3 Audio data

This section of the report describes methods for collecting multimodal audio data containing information on voice/breathing sounds and speech patterns as well as semantic meaning from spoken language. Each prompt is designed based on real-world clinical workflows, which may enable the collection of training data that is more aligned with existing healthcare systems. Table 1 contains the voice prompts and a short descriptor of each. After collection, all audio recordings containing spoken language about health were transcribed with Whisper, a large foundation model for speech-to-text tasks (49).


TABLE 1 Participant prompts included on the HEAR application for audio data collection.

[image: Table with three columns labeled Prompt, Purpose, and Completed By, and seven rows listing specific prompts for patients or controls to describe health background, illness progression, changes in voice or breathing, perform voice or respiratory tasks, address additional factors, and provide a physical exam summary, each with an associated purpose and specified responder.]


3.3.1 Initial inputs: demographic and clinical information for data annotation

AI models developed from voice EHR data may be trained to perform clinical tasks using only multimodal audio data. However, in the experimental stages, respondents were asked to complete an initial set of questions to contextualize the collected audio data. This was done to ensure class balance, account for possible sources of bias, and run comparative experiments. These data include race, sex, symptoms (including duration and progression), education, insurance, and health history. Zip codes were also collected for epidemiological studies.



3.3.2 Semi-structured audio data: voice EHR prompts


3.3.2.1 Prompt 1: health baseline

The health baseline prompt was designed to provide background data on the participant, ensuring that disease can be modeled as a function of change from a fixed point. Purely cross-sectional datasets are unrealistic, potentially misinforming clinicians in real-world scenarios. No patient would be seen, let alone treated, before the care team reviewed the medical records or collected past medical history.



3.3.2.2 Prompt 2: illness trajectory

The second prompt was designed to capture a key interaction between a patient and their provider: “What brings you in today?”. During this interaction, temporal descriptions of illnesses and corresponding patient-initiated interventions (e.g., “taking Tylenol”) are collected, mirroring basic clinical assessments. The aim of this prompt is to ensure clinical information with temporal context is available to complement the sound data. The application asks patients to use basic terminology to describe, in chronological order, the progression of their illness with any associated signs, symptoms, complications, and corresponding interventions. Collecting this information through an audio recording is less burdensome than a typed/written form, potentially serving as a viable substitute for conventional time-series EHR data that is often sparse or unavailable, especially regarding over-the-counter or alternative therapies.



3.3.2.3 Prompt 3: voice baseline

Past Voice AI studies have shown the obstructive impact of variables such as chronic laryngeal conditions or lifestyle factors such as smoking (35). As such, the HEAR application prompts the patient to report any recent changes in voice, speech, or breathing noticed by themselves or others. As with Prompt 1, this prompt aims to replace baseline information in conventional form (i.e., voice samples from prior to illness), which may be unobtainable for many patients. This data may reduce the confounding effect of altered voice sounds or speech patterns that are not related to the current complaint.



3.3.2.4 Prompt 4: conventional acoustic data

Prompt 4 facilitates the collection of conventional acoustic data that is often used in voice AI studies. The first task (Prompt 4, part 1), in which the patient phonates an elongated vowel for as long as possible, may help assess the impact of different variables on how air flows over the vocal cords and indicate the current overall function of the respiratory system. This prompt is a simple method of collecting acoustic features, can be easily translated into other languages, and has been previously used in projects involving crowdsourced data (35). Prompt 4, part 2—the “rainbow passage”—is a validated passage designed to maximize the diversity of acoustic features contained in a single data sample, ensuring that biomarkers are not missed due to limited/narrow inputs (50). These data are collected not only to ensure that pure sound samples are available alongside transcribed speech, but also to provide a mechanism for interoperability and comparison with unimodal data from past studies.



3.3.2.5 Prompt 5: conventional breathing data

Participants are asked to breathe through the nose normally for 30s (prompt 5, part 1) and take 3 deep breaths with the mouth open (prompt 5, part 2). This data facilitates downstream tasks such as the calculation of respiratory rate (widely used in continuous vital sign monitoring) and the capture of dangerous airway conditions such as stridor or distinctive alterations from supraglottic edema (51, 52).



3.3.2.6 Prompt 6: additional information

To further ensure that Voice EHR data contains patient-centered data about medical history and the present illness, Prompt 6 asks if the respondent has any other information that may be important to share (i.e., any contributing information that might not have been covered by past prompts), including challenges faced in engaging with the healthcare system. The addition of this information may lead to improvements in model performance when compared to past health datasets, which have been biased against underserved minority groups or individuals with unique clinical needs not considered in the design of structured EHR systems and standardized surveys.



3.3.2.7 Prompt 7: diagnosis and treatment plan

If available, a healthcare worker will be asked to provide a brief recorded description of the appointment, diagnosis, and treatment plan. This recording may approximate types of clinical data that are often not collected/stored in low-resource settings, including diagnostic tests and other lab results.






4 Preliminary results


4.1 Dataset statistics

This study resulted in the development of an application for the collection of multimodal audio data. “Preliminary efforts resulted in a multi-site dataset of 130 English-speaking patients.”

The total combined length of the recordings was 5.3 hours. Data was excluded from the study if a participant recorded fewer than 2 audio samples, provided audio samples which could not be converted into a readable transcription, or reported no health-related information. These criteria were assessed via manual evaluation by the research team. Data points were also removed if the participant did not complete the demographic/clinical information sections (Pages 1–5 of the application), which were necessary for comparison purposes.

Figure 3 presents demographic statistics for the patients in the initial dataset, including race, age, gender identity, and location of recording (hospital/clinic, home, other). In contrast to other crowdsourced/multi-site voice data generation projects, over half of the samples came from hospital settings (28, 45).


[image: Four pie charts display demographic data: Age is divided into 18-34 at 5.4%, 35-49 at 26.2%, 50-64 at 37.7%, and 65 plus at 30.8%. Gender is split between 59.2% female and 40.8% male. Recording location shows 50% in hospital or clinical settings, 46.9% at home, and 3.1% in other locations. Race is represented as 65.4% White or Caucasian, 17.7% Black or African American, 10% Asian or Pacific Islander, 4.6% Hispanic, and 2.3% other.]
FIGURE 3
Demographic statistics for the initial voice EHR dataset (n = 130).


Figure 4 shows the prevalence of health conditions in the dataset, indicating a high occurrence of chronic conditions like hypertension, sleep disorders, depression/anxiety, thyroid disorders, and pain conditions.


[image: Horizontal bar chart showing frequencies of various health conditions, with hypertension most frequent, followed by sleep disorders, depression or anxiety, thyroid disorders, and chronic pain conditions. COPD appears least frequent.]
FIGURE 4
Occurrences of different health conditions within the initial voice EHR dataset.




4.2 Viability of voice EHR data

Pre-trained large language models (LLMs) were used for conducting additional experiments to compare the information contained in Voice EHR audio recordings with the data initially provided by the patient through manual methods (e.g., multiple choice, short answer). GPT-4o was chosen for this study because this line of models has achieved state-of-the-art performances on various complex tasks, including medical diagnostics (53). Moreover, the use of a pre-trained foundation model eliminated the requirement of additional training/fine-tuning, thereby mitigating concerns about overfitting due to the small size of the dataset featured in this study. These experiments were performed using Voice EHR from participants with an acute complaint who, at minimum, completed the prompts related to health history and current complaint (Prompts 1–2, Section 3.3), resulting in a subset of 41 data points.

In the experiments, GPT-4o was instructed to compare the audio transcripts with the manually input information and rate the two data sources based on a simple rubric designed to reflect general utility of the data in a potential healthcare assessment (Figure 5, Left) (54). The manually input information included the following variables (Table 1): co-morbidities/health challenges (select all that apply, short answer), current symptoms (select all that apply, short answer), progression of symptoms (multiple choice), and duration of symptoms (multiple choice). Results of this experiment showed that, despite averaging less than 90 seconds in length, Voice EHR data on health history and current complaint was consistently more informative (Figure 5, Right).


[image: Instructional graphic with a rubric detailing a five-point scale comparing clinical value of audio transcripts and manual input, beside a bar chart showing most ratings at value 5, favoring audio transcripts.]
FIGURE 5
Left: prompt used for instructing GPT-4o to compare voice EHR audio transcripts with variables collected through conventional mechanisms on the HEAR application. Right: distribution of LLM-generated ratings for the 41 patients included in this experiment.


Figure 5 (Right) shows that, in 83% of cases, the semi-structured audio data from the HEAR application was equally or more informative than manually input data (rating > 2). In 59% of cases, the Voice EHR audio transcript was significantly more valuable (rating = 5). The mean LLM-generated rating was 4.10, with a median of 5 and a standard deviation of 1.36.



4.3 Case studies of initial data

To further demonstrate the potential value of information contained in Voice EHR data, examples of basic health information and audio transcripts for patients with illnesses and control participants are presented in Tables 2–6. This is a limited sample of the dataset, for illustrative purposes.


TABLE 2 Examples of basic health information from the HEAR application.

[image: Table comparing three patients and three controls, listing age, weight, sex, race, occupation, insurance, education, symptoms, health history, recording location, duration, and symptom progression, highlighting clinical and demographic differences across each group.]


TABLE 3 Background health information: transcribed voice EHR from patients and controls.

[image: Table displaying background medical information for three patients and three controls, each describing their prior health status, past illnesses, surgeries, medications, and chronic conditions in detail, formatted as a qualitative research data excerpt.]


TABLE 4 Example of current illness information from 3 patients.

[image: Screenshot of a table displaying patient responses to a prompt about illness progression. The table has four columns: "Prompt," "Patient A," "Patient B," and "Patient C." The prompt instructs patients to describe symptom development, medications, and detail severity over time. Patient A describes a four-day progression with worsening cough and sore throat but no medication use. Patient B describes symptom onset by day, use of ibuprofen and Tylenol, persistent sore throat, headache, congestion, and negative COVID-19 test. Patient C mentions milder symptoms, use of over-the-counter medication, vitamin C, nasal congestion, sore throat, and gargling with saline.]


TABLE 5 Examples of self-identified changes in voice from three patients.

[image: Table with a prompt at the top asking about recent changes in voice or speech due to illness, not chronic conditions. Six responses are shown: Patient A reports a raspier and deeper voice; Patient B describes progressive hoarseness leading to a whisper by day four; Patient C notes no changes and mentions being bilingual; Control A attributes voice crackiness and word-finding issues to dysautonomia; Control B mentions noticing changes after thyroid issues and surgery, including raspiness and a weaker singing voice; Control C explains that multiple sclerosis causes occasional weak voice due to fatigue but no changes from cancer.]


TABLE 6 Example additional health information from three patients.

[image: Table summarizing patient and control responses to a health prompt. Most indicated nothing else to share. Patient B described sensitivity to cleaning product fumes. Control C detailed minor lingering effects from breast cancer surgery and multiple sclerosis.]


4.3.1 Voice EHR: background health information

The background health information provided by both patients and controls (Table 3) exemplified valuable data which was not captured in the initial demographic data (Table 2). For example, Patient A discussed acid reflux and recent use of histamines, both of which may be connected to voice changes or other respiratory biomarkers (55, 56). Control A described multiple potential sources of chronic voice and/or speech changes, which may confuse an AI model attempting to diagnose an acute condition. These included asthma, anxiety, fatigue, brain fog, and dysautonomia. Control B described various thyroid conditions which have been associated with changes in the voice, and Control C explained a history of multiple sclerosis (also known to impact the voice/speech) (57–59).



4.3.2 Voice EHR: longitudinal illness descriptions

Verbal illness descriptions provided not only longitudinal symptom progression but also extensive use of qualifiers (“moderate”, “very”) that quantify severity or other relationships between signs/symptoms. Additionally, the data contained several instances of patient-initiated interventions within the illness window that could potentially account for fluctuations in audio biomarkers.



4.3.3 Voice EHR: voice changes

Initial viability of voice EHR is further supported by data from subjects reporting changes in their audio profile (Table 5). Patients A and B described voice changes due to illness, which can be linked to conventional sound data, thereby ensuring that these changes are considered separately from irrelevant voice/speech anomalies due to lifestyle, recording quality, or other factors. Control A reported voice and speech changes due to dysautonomia, including voice cracks and difficulty speaking coherently. Control B mentioned two separate voice changes due to Atrial fibrillation and hyperthyroidism. Finally, Control C described voice changes due to multiple sclerosis (MS). Each of these voice/speech irregularities could be falsely predicted as an infection or other new, emerging condition. This type of information is not captured in existing datasets.



4.3.4 Voice EHR: other information (free response)

The final Voice EHR prompt was used to capture information regarding other aspects of the patient's life or health which they felt were important and may have impacted their current illness. For example, Patient B mentioned a time just before the illness when cleaning products evoked similar symptoms. Control C talked about residual post-operative pain.





5 Discussion

Results of this study show that semi-structured Voice EHR data may have equal or additional clinical value compared to manually input data (e.g., multiple choice, short answer). This was true in over 80% of cases, even without considering features like the correlated conventional acoustic data (i.e., vowel phonation, rainbow passage) or the patient-reported data on other circumstances that may have impacted overall health. The creation of a “voice EHR” system introduces numerous potential benefits to the clinical AI space, particularly in settings (i.e., low- and middle- income countries) without a developed health records system to consistently provide detailed longitudinal data for digital health technologies.


5.1 Training data for clinical AI

The use of voice EHR as training data for AI models may overcome multiple barriers to the safe deployment of such tools for low-resource settings. EHR-driven AI technologies developed in high-income settings may not provide optimal support to medical decision making in resource-constrained settings where the data may be incomplete, incorrect, or “low tech.” While gold-standard annotations like lab results are not collected in all cases, prompts which were co-designed by healthcare workers and data collection partnerships with clinics will help ensure the viability of voice EHR.

The HEAR application facilitates the rapid collection of “Voice EHR” data in a user-friendly way, without (1) requiring time-consuming and error-prone text data entry on the part of the individual, and (2) enforcing a rigid, pre-defined data schema found in traditional EHR, which may limit the incorporation of information that the patient considers to be important. Furthermore, the process of creating a “voice EHR” may be useful to healthcare workers. In the future, transcribed audio may serve as an accompaniment to clinical notes, reducing the redundancy often associated with data collection and potentially enhancing clinical workflows.

With the introduction of text-sound correlates, Voice EHR may additionally compensate for sources of confusion that are often found in clinical data through “biomarker reinforcement.” Even if participants provide incoherent/incomplete data in terms of semantic meaning, the HEAR application still captures voice and breathing data which may independently contribute to the robustness of the data. For example, lapses in patient memory, incomplete notes from healthcare workers, or information reported in colloquial terminology may compromise the value of language data, but acoustic features from the voice may be unaffected in these scenarios. The converse may also be true, in which transcripts of patient-reported health information still provide usable data despite background noise or recording errors (e.g., the device was held too far from the mouth).

For cases in which both modalities are viable, the use of voice/sound data in combination with transcribed health information may capture a more comprehensive composite of diseases with diverse phenotypes, particularly at the time of presentation. For certain diseases, sound data may contribute biomarkers that would not currently be captured in clinician notes. Ultimately, multimodal audio data expands upon the basic health information that is often used for developing digital health systems, potentially allowing AI models to better consider chronic conditions, voice changes, speech patterns, word choices indicating mood/sentiment, potential exposures, behavioral influences, and specific disease progression. Compared to similar methods like ambient listening, semi-structured Voice EHR may also reduce the variability of multimodal audio data, potentially enabling machine learning modelling from a smaller sample size. This methodology may also reduce AI biases against clinics/healthcare environments that do not engage in conventional workflows or styles of patient interaction (reducing the value of ambient listening in these settings).



5.2 Limitations

Implementation of the voice EHR data collection process has presented multiple challenges that must be overcome for adaptation at scale. Prompts for semi-structured data collection, particularly in uncontrolled settings, must be optimized to ensure that patients are easily able to complete the tasks correctly. In the initial voice EHR dataset, there were numerous incomplete samples containing only the initial text survey (no recorded audio). There were also cases in which participants miscategorized themselves as controls—potentially due to unclear criteria—resulting in missing data. Clearer instructions with example videos will be included in future versions of the application. The dataset must also be expanded to ensure access to (1) diverse participants from different demographic subpopulations and (2) data from a broader range of illnesses. The current dataset was mainly collected at a hospital or in the home. However, the highest volume of data for some types of disease (e.g., respiratory infections) might be found in primary/urgent care settings, which may explain the imbalance between chronic and acute conditions. Moreover, this data contains only English speakers, and further study is needed to understand how different languages, levels of literacy, accents, or other linguistic nuances may affect the data transcription process. Finally, in low-bandwidth areas, the simultaneous capture of voice and other modalities like vital signs was time-consuming, posing questions about the scalability of data collection.



5.3 Future work

Future work will mainly involve dataset expansion to additional sites/settings, including tropical disease hospitals in Vietnam and primary/urgent care centers in the United States, enhancing the overall diversity of the data. Moreover, a privacy-aware, patient-controlled option to create a time-series voice EHR may be introduced to collect personalized control data from participants and run longitudinal studies on how changes in voice/speech/language may prognose future health challenges. Future work will also involve the development of AI models which use Voice EHR data to perform specific clinical tasks, such as diagnosis of respiratory conditions or the prediction of hospital admission based on health status in the emergency room.




6 Conclusion

This report demonstrates that multimodal audio data can serve as a safe, private, and equitable foundation for new AI models in healthcare. Voice EHR may offer a proxy for detailed time-series data only found in high-resource areas, while simultaneously providing voice, speech, and respiratory data to compliment patient-reported information. Ultimately, AI models trained on voice EHR may be used in the clinic and home, supporting patients in hospital “deserts” where healthcare is not readily accessible. While challenges remain, this work highlights the rich information potentially contained in voice EHR.
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Background: Hypernasality, a hallmark of velopharyngeal insufficiency (VPI), is a speech disorder with significant psychosocial and functional implications. Conventional diagnostic methods rely heavily on specialized expertise and equipment, posing challenges in resource-limited settings. This study explores the application of OpenAI's Whisper model for automated hypernasality detection, offering a scalable and efficient alternative to traditional approaches.



Methods: The Whisper model was adapted for binary classification by replacing its sequence-to-sequence decoder with a custom classification head. A dataset of 184 audio recordings, including 96 hypernasal (cases) and 88 non-hypernasal samples (controls), was used for training and evaluation. The Whisper model's performance was compared to traditional machine learning approaches, including support vector machines (SVM) and random forest (RF) classifiers.



Results: The Whisper-based model effectively detected hypernasality in speech, achieving a test accuracy of 97% and an F1-score of 0.97. It significantly outperformed SVM and RF classifiers, which achieved accuracies of 88.1% and 85.7%, respectively. Whisper demonstrated robust performance across diverse recording conditions and required minimal training data, showcasing its scalability and efficiency for hypernasality detection.



Conclusion: This study demonstrates the effectiveness of the Whisper-based model for hypernasality detection. By providing a reliable pretest probability, the Whisper model can serve as a triaging mechanism to prioritize patients for further evaluation, reducing diagnostic delays and optimizing resource allocation.
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1 Introduction

Cleft palate affects approximately 1 in 700 live births worldwide and requires surgical intervention during infancy to prevent adverse feeding, speech, and developmental outcomes (1–3). Despite corrective surgery, up to 30% of patients develop velopharyngeal dysfunction (VPD), a speech disorder marked by hypernasality and reduced intelligibility (4–6). VPD significantly impairs communication and has profound psychosocial consequences (7–9). An accurate diagnosis of VPD relies on a perceptual speech analysis by specialized speech-language pathologists (SLPs), often with adjunctive testing with videonasoendoscopy, nasometry and different types of imaging (10, 11). As such, the diagnosis of VPD is highly dependent on specialized expertise and costly testing equipment. Both factors make VPD care nearly inaccessible in low- and middle-income countries (LMICs). As a result, there is an unknown number of patients who remain undiagnosed and untreated, further perpetuating disparities in care for orofacial cleft patients in LMICs (12–15).

Efforts to increase capacity in the diagnosis and treatment of VPD have harnessed the power of artificial intelligence (AI) and machine learning (ML). These models autonomously conceptualize non-linear relationships in data, making them particularly well-suited for nuanced tasks such as VPD detection. Multiple teams have explored traditional ML approaches using support vector machines (SVMs) and random forest (RF) classifiers, utilizing engineered features like Mel Frequency Cepstral Coefficients (MFCCs) to identify patterns in audio data (16–18). While these methods have demonstrated some effectiveness, their reliance on extensive preprocessing and feature engineering limits their practicality, especially in real-world settings (16–18). Similarly, deep learning models such as convolutional neural networks (CNNs) have shown promise but typically require large, annotated datasets, often amounting to thousands of hours of audio, to achieve clinically meaningful performance (19, 20). Furthermore, many of these models are restricted to analyzing specific phonetic sounds or operate within narrow linguistic contexts, which can hinder their generalizability across heterogenous populations and languages (16–20).

Recent advancements in Large Language Models (LLMs), particularly OpenAI's Whisper model, offer a promising approach to VPD detection by leveraging pre-trained audio processing capabilities (21). Unlike conventional models that require extensive preprocessing and manual feature engineering, Whisper autonomously extracts acoustic data directly from raw audio files, enhancing efficiency and real-world applicability. By utilizing a transformer-based architecture trained on multilingual datasets, Whisper excels at capturing subtle acoustic variations, making it well-suited for detecting hypernasality and other speech irregularities associated with VPD. Its architecture is inherently designed to accommodate diverse linguistic contexts, allowing for seamless integration across varied speech patterns and dialects (21, 22). This versatility is particularly valuable in low- and middle-income countries (LMICs), where linguistic diversity and resource limitations pose significant diagnostic challenges (23). With targeted refinements, Whisper can further enhance existing diagnostic methods, improving accessibility and broadening its clinical utility. Despite this potential, Whisper's utilization in VPD detection remains largely unexplored, presenting an opportunity to advance global healthcare equity through AI-driven speech analysis.

The aim of this study is to leverage Whisper's pre-trained audio processing capabilities to develop a model that can automatically detect the presence of VPD by voice sample alone. We hypothesize that Whisper's key encoded features can be repurposed to identify patterns of VPD within voice samples, with a primary endpoint of model accuracy.



2 Methods

This study was approved by the Institutional Review Board at Vanderbilt University Medical Center/Monroe Carell Jr. Children's Hospital (IRB#212135). Audio samples of patients with a diagnosis of VPD, as well as unaffected voice samples, were sources from publicly available online repositories and institutional datasets to ensure a diverse representation of speech patterns. Unaffected audio samples were sourced from the Centers for Disease Control and Prevention and the Eastern Ontario Health Unit (21, 22). VPD voice samples were obtained from multiple publicly available sources (23–29).

All recordings were preprocessed into WAV format and resampled to 16 kHz to ensure compatibility with the Whisper model. To standardize inputs, each recording was processed to fit Whisper's fixed 30 s input window by zero-padding shorter samples and truncating longer ones. Metadata, including recording conditions and file duration, was cataloged for each sample.

Patient-level variables, including age, sex, and severity of hypernasality, were not included in the analysis due to the lack of this information in the publicly accessible datasets.


2.1 Study design

This study involved data preprocessing, adapting the multi-lingual Whisper model for binary classification tasks, and comparing its performance against traditional machine learning models. The models evaluated included Whisper-base, Whisper-medium, and Whisper-large-v2, each paired with a custom classification head. Baseline comparisons were conducted using Support Vector Machine (SVM) and Random Forest (RF) classifiers.



2.2 Whisper model variants

All three variants—Whisper-base, Whisper-medium, and Whisper-large-v2—share the same transformer-based architecture but differ in parameter size, which influences their computational efficiency and ability to capture complex speech features. Whisper-base, the smallest model, prioritizes speed but has lower precision. Whisper-medium offers a balance between performance and computational demand, while Whisper-large-v2, the most complex variant, has the highest number of parameters and was trained for additional epochs to improve accuracy (24).



2.3 MFCC extraction for baseline models

For the baseline models, MFCCs were extracted using the LibROSA library in Python (Python Software Foundation, Wilmington, DE) (25). To ensure consistency across varying recording lengths, the extracted MFCC sequences were mean-aggregated over time, generating a fixed-length feature vector. These processed representations were then used as inputs for the SVM and RF classifiers.



2.4 Model architecture and training

The Whisper model, originally designed for robust speech-to-text transcription, was adapted for binary classification of VPD. This was achieved by replacing its sequence-to-sequence decoder with a custom classification head. (Figure 1) Each encoder processed the audio data, passing the extracted features to a neural network classifier. The classification head is comprised of five fully connected layers with progressively decreasing output dimensions (4096, 2048, 1024, 512, and 2 nodes), employing Rectified Linear Unit (ReLU) activations between layers. (Table 1) A softmax activation function in the final layer produced probabilistic outputs for classification.


[image: Flowchart illustrating a process for hypernasality prediction from voice samples, including collection, preprocessing, Whisper model variants selection, feature extraction, neural network classifier training, and final prediction, with model training using AdamW optimizer.]
FIGURE 1
Workflow of the whisper-based model for hypernasality detection.



TABLE 1 Neural network architecture for hypernasality detection.

[image: Table listing a neural network architecture with layers in sequence: Linear and ReLU alternating, followed by a Softmax activation. Output shapes decrease from four thousand ninety-six to two across each layer.]

To optimize computational efficiency, the pre-trained parameters of the Whisper encoder were frozen, allowing the classification head to focus on learning task-specific features. The model was trained for 10 epochs using the AdamW optimizer, with a learning rate of 0.00002 and weight decay of 0.0005. (Table 2) Cross-entropy loss was used as the objective function, and early stopping with validation monitoring was implemented to prevent overfitting. All training and evaluation were conducted on an NVIDIA DGX A100 GPU.


TABLE 2 Training optimizer and hyperparameter configuration for model training.

[image: Table showing training optimizer settings with "AdamW" as the optimizer and hyperparameters listed as learning rate 0 point 00002, beta one 0 point 95, beta two 0 point 95, and lambda 0 point 0005.]



2.5 Baseline comparisons

Baseline models, including SVM and RF classifiers, were implemented for comparative analysis. These models utilized MFCCs as input features, requiring extensive feature engineering and preprocessing. Identical data splits were used to benchmark the performance of the Whisper-based model against these traditional approaches.



2.6 Performance evaluation

The dataset was randomly divided into training (70%), validation (15%), and test (15%) subsets, maintaining a balanced distribution of VPD and non-VPD samples. Model performance was assessed using metrics such as accuracy, F1-score, and computational efficiency. Validation metrics were monitored during training to identify the best-performing model for final evaluation on the test dataset.



2.7 Software and reproducibility

All experiments were implemented using Python, with PyTorch for model training and the Hugging Face library for accessing Whisper encoders. The codebase, including preprocessing scripts and training pipelines, is available in a publicly accessible GitHub repository to ensure reproducibility.




3 Results


3.1 Dataset characteristics

The dataset included 184 audio samples, with 96 VPD (cases) and 88 non-VPD (controls) recordings. Audio sample durations ranged from 0.44 to 9.35 s. To ensure balanced evaluation across VPD and non-VPD samples, the data was split into training (70%, n = 129), validation (15%, n = 28), and test (15%, n = 27) subsets, maintaining the original 96:88 case-to-control ratio. The final distribution across subsets is shown in Table 3.


TABLE 3 Dataset distribution across training, validation, and test sets.

[image: Table summarizing dataset split for training, validation, and test cohorts with columns for total samples, VPD samples, and Non-VPD samples. Totals are 184 samples, with 96 VPD, and 88 Non-VPD.]



3.2 Whisper-Based model performance

The Whisper-based model demonstrated strong performance across configurations. (Table 4) The Whisper-base configuration, paired with a custom classification head, achieved the highest test accuracy of 97.0% and an F1-score of 0.97. Whisper-medium and Whisper-large-v2 configurations achieved test accuracies of 94.9% and 89.2%, with corresponding F1 scores of 0.95 and 0.89.


TABLE 4 Comparison of hypernasality detection models.

[image: Table comparing model performance. Whisper-base with classifier achieved 97.00 percent accuracy and 0.97 F-1 score, outperforming Whisper-medium, Whisper-large-v2, SVM, and RF in both metrics.]



3.3 Baseline model comparisons

Baseline models trained using MFCCs as input features showed lower performance compared to the Whisper-based models. The SVM model achieved a test accuracy of 88.1% and an F1 score of 0.86, while the RF classifier achieved a test accuracy of 85.7% and an F1 score of 0.88. These traditional models required significant preprocessing and manual feature engineering, which increased computational overhead.




4 Discussion

This study demonstrates the effectiveness of OpenAI's Whisper model for automated VPD detection, achieving a test accuracy of 97% and an F1-score of 0.97. These results significantly outperform baseline models, including SVM (88.1% accuracy) and RF classifiers (85.7% accuracy), which relied on handcrafted features such as MFCCs. Whisper's ability to capture nuanced speech characteristics directly from raw audio samples, coupled with its holistic processing capabilities, underscores its value in both technical performance and clinical utility. These findings validate the feasibility of leveraging ML technology to bridge gaps in diagnostic care, particularly in underserved and resource-constrained settings.

Conventional methods for hypernasality detection rely heavily on perceptual assessments conducted by SLPs and adjunctive tools such as nasometry, videofluoroscopy, or imaging systems (10, 11). While effective, these methods pose substantial barriers due to significant costs, reliance on specialized equipment, and the need for highly trained personnel. These challenges are particularly pronounced in LMICs, where healthcare infrastructure is limited, and access to qualified professionals is often scarce (13, 15, 30, 31). As a result, many patients in these regions remain undiagnosed and untreated, exacerbating the functional and psychosocial burdens associated with VPD (12–15).

The Whisper-based model provides an innovative solution by offering a high pretest probability of VPD, ensuring efficient triage of patients most likely to benefit from specialized care. By reducing unnecessary referrals and diagnostic procedures, the model minimizes financial and operational waste for healthcare providers and families (32, 33). These benefits are particularly relevant in LMICs, where the cost of consultations, procedures, and follow-up care can prohibit access to care (34–36).

The success of the Whisper-based model lies in its technical architecture. Whisper's pre-trained encoder autonomously extracts high-dimensional acoustic features, such as pitch, tone, and resonance, directly from raw audio data, providing a rich foundation for downstream tasks and eliminating the need for extensive preprocessing (21). Unlike traditional models that process segmented audio, Whisper holistically analyzes entire audio samples, enhancing its clinical applicability. By replacing its sequence-to-sequence decoder with a classification head, Whisper's encoded features can be repurposed for binary classification of VPD detection. This modular design not only minimizes computational demands but also preserves the integrity of the learned representations, enabling efficient and accurate classification of VPD. Importantly, the model demonstrated consistent accuracy across diverse recording conditions, underscoring its resilience to variability in data quality, linguistic diversity, and speaker characteristics, a critical attribute for global healthcare applications in LMICs.

Interestingly, Whisper-base outperformed Whisper-large in hypernasality detection, an unexpected finding given the typical advantage of larger models in speech-related tasks. One likely explanation is overfitting, as Whisper-large's greater parameter count may have captured irrelevant speaker variations, background noise, or linguistic structures rather than the core acoustic features of hypernasality. Additionally, because Whisper was originally designed for speech-to-text transcription, larger models may allocate more resources towards linguistic structure and phoneme recognition, which are not directly relevant to hypernasality classification. In contrast, Whisper-base's streamlined architecture may have retained the essential acoustic features necessary for detecting hypernasality without over-prioritizing language modeling. Furthermore, freezing the encoder may have disproportionately affected Whisper-large, as its deeper architecture depends on layer-wise refinements that could have been disrupted. In comparison, Whisper-base may have been inherently better suited for direct acoustic feature extraction, requiring fewer trainable parameters to adapt effectively to the classification task. These findings underscore the importance of model selection and adaptation in AI-driven speech pathology applications.

The mobile integration of the Whisper-based model represents a logical and impactful next step in improving access to VPD detection and care. With the widespread availability of smartphones, deploying this technology on mobile platforms could democratize diagnostic access. A smartphone-based application could record and analyze speech locally, providing immediate feedback to users without requiring an SLP (37). When combined with cloud computing, the model could support large-scale data analysis, enabling personalized diagnostic insights and more comprehensive population health monitoring (38). This approach would facilitate earlier identification of VPD, expediting referrals for surgical or therapeutic interventions. By reducing diagnostic delays, this technology has the potential to improve long-term psychosocial and developmental outcomes for individuals with VPD (39, 40). Additionally, integrating the Whisper-based model into telemedicine platforms could bridge gaps in care by connecting underserved populations to specialized services (41). This capability empowers community healthcare workers to perform screenings and identify high-risk patients, amplifying the reach of existing healthcare resources.

Despite promising results, this study has several limitations. The dataset was relatively small, consisting of only 184 audio samples, with limited validation and test sets. While the model achieved high accuracy, the small sample size may impact generalizability, particularly across diverse populations, linguistic backgrounds, and recording conditions. Additionally, the study relied exclusively on publicly available data, which may not fully capture the complexity of clinical settings or the variability of patient presentations (42–46). Future research should incorporate proprietary datasets with greater diversity in noise levels, patient demographics, and linguistic contexts. Prospective validation in clinical environments is also needed to assess real-world performance and usability. Additionally, this study did not compare Whisper against a naive neural network, which could provide further insight into the benefits of pre-trained transformer-based models. Exploring this comparison in future research would help contextualize Whisper's performance in hypernasality detection. Lastly, while Whisper's pre-trained encoder demonstrated strong results with English-language samples, additional optimization is necessary to ensure robust performance across non-English languages and dialects, a critical requirement for global scalability.

The strengths of this study lie in its innovative application of OpenAI's Whisper model, which achieves high accuracy and computational efficiency for VPD detection with minimal training data. Additionally, the model's robustness across varying audio conditions makes it highly suitable for real-world deployment. By combining technical innovation with clinical relevance, this study lays the groundwork for deploying intelligent diagnostic tools worldwide, improving care for individuals with cleft-related speech disorders.



5 Conclusion

This study demonstrates the feasibility of adapting OpenAI's Whisper model for automated VPD detection by replacing its sequence-to-sequence decoder with a custom classification head. The adapted model achieved a test accuracy of 97% and an F1-score of 0.97, significantly outperforming traditional models such as support vector machines (accuracy of 88.1%) and random forest classifiers (accuracy of 85.7%). These findings lay the groundwork for future AI-driven tools that can expand access to diagnostic and therapeutic care for cleft-related velopharyngeal dysfunction. AI/ML approaches are particularly suited for care delivery in LMICs, where resources are constrained and clinical expertise is often unavailable.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Author contributions

MS: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. CD: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. JC: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. HC: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. LH: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. JB: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. CL: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. AJ: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. R-TG: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. AH: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. NA: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. AS: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. MPow: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. MPon: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing.



Funding

The author(s) declare that no financial support was received for the research and/or publication of this article.



Acknowledgments

The authors would like to thank the Data Science Institute at Vanderbilt University for providing technical resources and support throughout this project. We also extend our gratitude to the Department of Plastic Surgery and the Division of Pediatric Plastic Surgery at Monroe Carell Jr. Children's Hospital for their guidance and collaboration. Special thanks to the speech-language pathology teams for their expertise and assistance in curating datasets for this study. Additionally, this work benefited from publicly available voice recordings sourced from institutions such as the Centers for Disease Control and Prevention and the Eastern Ontario Health Unit. We acknowledge the role of OpenAI's Whisper framework in facilitating this study's exploration of artificial intelligence applications in speech diagnostics. Finally, we recognize the invaluable contributions of all co-authors and colleagues who reviewed and refined the manuscript. This work has not been previously published but was derived from an ongoing effort to expand access to innovative diagnostics for velopharyngeal dysfunction.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Generative AI statement

The author(s) declare that no Generative AI was used in the creation of this manuscript.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References

	1. Leslie EJ, Marazita ML. Genetics of cleft lip and cleft palate. Am J Med Genet C Semin Med Genet. (2013) 163C(4):246–58. doi: 10.1002/ajmg.c.31381
	2. Paradowska-Stolarz A, Mikulewicz M, Duś-Ilnicka I. Current concepts and challenges in the treatment of cleft lip and palate patients-a comprehensive review. J Pers Med. (2022) 12(12):2089. doi: 10.3390/jpm12122089
	3. Posnick JC, Kinard BE. Challenges in the successful reconstruction of cleft lip and palate: managing the nasomaxillary deformity in adolescence. Plast Reconstr Surg. (2020) 145(3):591e–603e. doi: 10.1097/PRS.0000000000006614
	4. Smetona JT, Naran S, Ford M, Losee JE. What’s new in cleft palate and velopharyngeal dysfunction management: an update. Plast Reconstr Surg Aug. (2024) 154(2):378e–90e. doi: 10.1097/PRS.0000000000011312
	5. Hopper RA, Tse R, Smartt J, Swanson J, Kinter S. Cleft palate repair and velopharyngeal dysfunction. Plast Reconstr Surg. (2014) 133(6):852e–64e. doi: 10.1097/PRS.0000000000000184
	6. Sell D, Mildinhall S, Albery L, Wills AK, Sandy JR, Ness AR. The cleft care UK study. Part 4: perceptual speech outcomes. Orthod Craniofac Res. (2015) 18(Suppl 2):36–46. doi: 10.1111/ocr.12112
	7. Sweeney WM, Lanier ST, Purnell CA, Gosain AK. Genetics of cleft palate and velopharyngeal insufficiency. J Pediatr Genet. (2015) 4(1):9–16. doi: 10.1055/s-0035-1554978
	8. Barr L, Thibeault SL, Muntz H, de Serres L. Quality of life in children with velopharyngeal insufficiency. Arch Otolaryngol Head Neck Surg. (2007) 133(3):224–9. doi: 10.1001/archotol.133.3.224
	9. Bhuskute A, Skirko JR, Roth C, Bayoumi A, Durbin-Johnson B, Tollefson TT. Association of velopharyngeal insufficiency with quality of life and patient-reported outcomes after speech surgery. JAMA Facial Plast Surg. (2017) 19(5):406–12. doi: 10.1001/jamafacial.2017.0639
	10. Brydges HT, Laspro M, Verzella AN, Alcon A, Schechter J, Cassidy MF, et al. Contemporary prevalence of oral clefts in the US: geographic and socioeconomic considerations. J Clin Med. (2024) 13(9):2570. doi: 10.3390/jcm13092570
	11. Putri FA, Pattamatta M, Anita SES, Maulina T. The global occurrences of cleft lip and palate in pediatric patients and their association with demographic factors: a narrative review. Children (Basel). (2024) 11(3):322. doi: 10.3390/children11030322
	12. Xepoleas MD, Naidu P, Nagengast E, Collier Z, Islip D, Khatra J, et al. Systematic review of postoperative velopharyngeal insufficiency: incidence and association with palatoplasty timing and technique. J Craniofac Surg. (2023) 34(6):1644–9. doi: 10.1097/SCS.0000000000009555
	13. Lucas C, Torres-Guzman R, James AJ, Corlew S, Stone A, Powell ME, et al. Machine learning for automatic detection of velopharyngeal dysfunction: a preliminary report. J Craniofac Surg. (2024) 11(6):771. doi: 10.1097/SCS.0000000000010147
	14. Peters DH, Garg A, Bloom G, Walker DG, Brieger WR, Rahman MH. Poverty and access to health care in developing countries. Ann N Y Acad Sci. (2008) 1136:161–71. doi: 10.1196/annals.1425.011
	15. Pantoja T, Opiyo N, Lewin S, Paulsen E, Ciapponi A, Wiysonge CS, et al. Implementation strategies for health systems in low-income countries: an overview of systematic reviews. Cochrane Database Syst Rev. (2017) 9(9):CD011086. doi: 10.1002/14651858.CD011086.pub2
	16. Rogers HP, Hseu A, Kim J, Silberholz E, Jo S, Dorste A, et al. Voice as a biomarker of pediatric health: a scoping review. Children (Basel). (2024) 11(6):684. doi: 10.3390/children11060684
	17. Rong P, Heidrick L, Pattee GL. A multimodal approach to automated hierarchical assessment of bulbar involvement in amyotrophic lateral sclerosis. Front Neurol. (2024) 15:1396002. doi: 10.3389/fneur.2024.1396002
	18. Dhillon H, Chaudhari PK, Dhingra K, Kuo R, Sokhi RK, Alam MK, et al. Current applications of artificial intelligence in cleft care: a scoping review. Front Med (Lausanne). (2021) 8:676490. doi: 10.3389/fmed.2021.676490
	19. Chu HC, Zhang YL, Chiang HC. A CNN sound classification mechanism using data augmentation. Sensors (Basel). (2023) 23(15):6972. doi: 10.3390/s23156972
	20. Bhat GS, Shankar N, Panahi IMS. Automated machine learning based speech classification for hearing aid applications and its real-time implementation on smartphone. Annu Int Conf IEEE Eng Med Biol Soc. (2020) 2020:956–9. doi: 10.1109/EMBC44109.2020.9175693
	21. OpenAI. Introducing Whisper. San Francisco, CA: OpenAI (2022). Available at: https://openai.com/index/whisper/ (Accessed March 07, 2025).
	22. Radford A, Kim J, Xu T, Brockman G, Mcleavey C, Sutskever I. Robust Speech Recognition via Large-Scale Weak Supervision. San Francisco, CA: OpenAI (2022). Available at: https://cdn.openai.com/papers/whisper.pdf (Accessed March 07, 2025).
	23. Cowan T, Paroby C, Leibold LJ, Buss E, Rodriguez B, Calandruccio L. Masked-Speech recognition for linguistically diverse populations: a focused review and suggestions for the future. J Speech Lang Hear Res. (2022) 65(8):3195–216. doi: 10.1044/2022_JSLHR-22-00011
	24. OpenAI. Whisper-Large v2. New York, NY: Hugging Face (2023). Available at: https://huggingface.co/openai/whisper-large-v2 (Accessed March 07, 2025).
	25. Librosa Development Team. librosa.feature.mfcc. Librosa 0.10.2 Documentation. San Francisco, CA: GitHub (2023). Available at: https://librosa.org/doc/latest/generated/librosa.feature.mfcc.html (Accessed March 07, 2025).
	26. Centers for Disease Control and Prevention. CDC’s Developmental Milestones. Atlanta, GA: CDC (2023). Available at: https://www.cdc.gov/ncbddd/actearly/milestones/index.html (Accessed December 01, 2023).
	27. Eastern Ontario Health Unit. Let’s talk: tips for nuilding your child’s speech and language skills (2017). Available at: https://www.youtube.com/watch?v=K0aHjxzDb7I (Accessed December 01, 2023).
	28. Fauquier ENT. What is VPI (Velopharyngeal Insufficiency)? (2018). Available at: https://www.youtube.com/watch?v=WM5fVCdBPHs (Accessed March 18, 2025).
	29. Jones & Bartlett Learning. Hypernasality (2018). Available at: https://www.youtube.com/watch?v=KWz5_fpnZYc (Accessed December 01, 2023).
	30. Aslam MZ, Trail M, Cassell 3rd AK, Khan AB, Payne S. Establishing a sustainable healthcare environment in low- and middle-income countries. BJU Int. (2022) 129(2):134–42. doi: 10.1111/bju.15659
	31. Meyers D, Brady J, Grace E, Chaves K, Gray D, Barton B, et al. 2021 National Healthcare Quality and Disparities Report. Rockville, MD: Agency for Healthcare Research and Quality (US) (2021).
	32. Yi N, Baik D, Baek G. The effects of applying artificial intelligence to triage in the emergency department: a systematic review of prospective studies. J Nurs Scholarsh. (2024) 57(1):105–18. doi: 10.1111/jnu.13024
	33. Al Kuwaiti A, Nazer K, Al-Reedy A, Al-Shehri S, Al-Muhanna A, Subbarayalu AV, et al. A review of the role of artificial intelligence in healthcare. J Pers Med. (2023) 13(6):951. doi: 10.3390/jpm13060951
	34. Galbraith AA, Wong ST, Kim SE, Newacheck PW. Out-of-pocket financial burden for low-income families with children: socioeconomic disparities and effects of insurance. Health Serv Res. (2005) 40(6 Pt 1):1722–36. doi: 10.1111/j.1475-6773.2005.00421.x
	35. Yerramilli P, Chopra M, Rasanathan K. The cost of inaction on health equity and its social determinants. BMJ Glob Health. (2024) 9(Suppl 1):e012690. doi: 10.1136/bmjgh-2023-012690
	36. de Siqueira Filha NT, Li J, Phillips-Howard PA, Quayyum Z, Kibuchi E, Mithu MIH, et al. The economics of healthcare access: a scoping review on the economic impact of healthcare access for vulnerable urban populations in low- and middle-income countries. Int J Equity Health. (2022) 21:191. doi: 10.1186/s12939-022-01804-3
	37. Mantena S, Celi LA, Keshavjee S, Beratarrechea A. Improving community health-care screenings with smartphone-based AI technologies. Lancet Digit Health. (2021) 3(5):e280–2. doi: 10.1016/S2589-7500(21)00054-6
	38. Bajwa J, Munir U, Nori A, Williams B. Artificial intelligence in healthcare: transforming the practice of medicine. Future Healthc J. (2021) 8(2):e188–94. doi: 10.7861/fhj.2021-0095
	39. Berisha V, Liss JM. Responsible development of clinical speech AI: bridging the gap between clinical research and technology. NPJ Digit Med. (2024) 7(1):208. doi: 10.1038/s41746-024-01199-1
	40. Pitkänen VV, Alaluusua SA, Geneid A, Vuola PMB, Leikola J, Saarikko AM. How early can we predict the need for VPI surgery? Plast Reconstr Surg Glob Open. (2022) 10(11):e4678. doi: 10.1097/GOX.0000000000004678
	41. Butzner M, Cuffee Y. Telehealth interventions and outcomes across rural communities in the United States: narrative review. J Med Internet Res. (2021) 23(8):e29575. doi: 10.2196/29575
	42. LEADERSproject. Cleft palate speech therapy using books for phrases and sentences (2019). Available at: https://www.youtube.com/watch?v=1nHhqdCnwBI (Accessed December 01, 2023).
	43. Shriners Children's Chicago. New App may help kids with cleft palate speak easier (2016). Available at: https://www.youtube.com/watch?v=5fubZitvY-Q (Accessed December 01, 2023).
	44. Bothel Pediatric and Hand Therapy. Case study: pediatric speech therapy for cleft palate (2016). Available at: https://www.youtube.com/watch?v=noUGRjClUg4 (Accessed December 01, 2023).
	45. LEADERSproject. Cleft palate speech and feeding: addressing speech and language before surgery (2016). Available at: https://www.youtube.com/watch?v=-sEt3i0sHr4 (Accessed December 01, 2023).
	46. American Speech-Language-Hearing Association. Evaluation and treatment of resonance disorders and velopharyngeal insufficiency (2018). Available at: https://fb.watch/nBEd3Y93AQ/ (Accessed December 01, 2023).












	
	TYPE Original Research

PUBLISHED 15 April 2025
DOI 10.3389/fdgth.2025.1514971






[image: image2]

The Bridge2AI-voice application: initial feasibility study of voice data acquisition through mobile health

Elijah Moothedan1, Micah Boyer2, Stephanie Watts2, Yassmeen Abdel-Aty2, Satrajit Ghosh3, Anaïs Rameau4, Alexandros Sigaras5, Olivier Elemento5, Bridge2AI-Voice Consortium and Yael Bensoussan2*

1Charles E. Schmidt College of Medicine, Florida Atlantic University, Boca Raton, FL, United States

2USF Health Voice Center, Department of Otolaryngology-Head & Neck Surgery, University of South Florida, Tampa, FL, United States

3McGovern Institute for Brain Research, Massachusetts Institute of Technology, Cambridge, MA, United States

4Sean Parker Institute for the Voice, Department of Otolaryngology-Head & Neck Surgery, Weill Cornell Medical College, New York, NY, United States

5Englander Institute for Precision Medicine, Weil Cornell Medical College, New York, NY, United States

EDITED BY
Toshiyo Tamura, Waseda University, Japan

REVIEWED BY
Diala Haykal, Centre Médical Laser Palaiseau, France
Tongyue He, Northeastern University, China

*CORRESPONDENCE Yael Bensoussan yaelbensoussan@usf.edu

RECEIVED 22 October 2024
ACCEPTED 31 March 2025
PUBLISHED 15 April 2025

CITATION Moothedan E, Boyer M, Watts S, Abdel-Aty Y, Ghosh S, Rameau A, Sigaras A, Elemento O and Bensoussan Y (2025) The Bridge2AI-voice application: initial feasibility study of voice data acquisition through mobile health.
Front. Digit. Health 7:1514971.
doi: 10.3389/fdgth.2025.1514971

COPYRIGHT © 2025 Moothedan, Boyer, Watts, Abdel-Aty, Ghosh, Rameau, Sigaras, Elemento, Bridge2AI-Voice Consortium and Bensoussan. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



Introduction: Bridge2AI-Voice, a collaborative multi-institutional consortium, aims to generate a large-scale, ethically sourced voice, speech, and cough database linked to health metadata in order to support AI-driven research. A novel smartphone application, the Bridge2AI-Voice app, was created to collect standardized recordings of acoustic tasks, validated patient questionnaires, and validated patient reported outcomes. Before broad data collection, a feasibility study was undertaken to assess the viability of the app in a clinical setting through task performance metrics and participant feedback.



Materials & methods: Participants were recruited from a tertiary academic voice center. Participants were instructed to complete a series of tasks through the application on an iPad. The Plan-Do-Study-Act model for quality improvement was implemented. Data collected included demographics and task metrics including time of completion, successful task/recording completion, and need for assistance. Participant feedback was measured by a qualitative interview adapted from the Mobile App Rating Scale.



Results: Forty-seven participants were enrolled (61% female, 92% reported primary language of English, mean age of 58.3 years). All owned smart devices, with 49% using mobile health apps. Overall task completion rate was 68%, with acoustic tasks successfully recorded in 41% of cases. Participants requested assistance in 41% of successfully completed tasks, with challenges mainly related to design and instruction understandability. Interview responses reflected favorable perception of voice-screening apps and their features.



Conclusion: Findings suggest that the Bridge2AI-Voice application is a promising tool for voice data acquisition in a clinical setting. However, development of improved User Interface/User Experience and broader, diverse feasibility studies are needed for a usable tool.

Level of evidence: 3.
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Introduction

The human voice constitutes a rich source of information as it relates to disease status (1). With its spectrum of acoustic features coupled with its cost-effectiveness and accessibility, voice has gained recognition for its utility as a potential biomarker for disease, screening, diagnosis and monitoring (2, 3). Furthermore, recent development technology, such as artificial intelligence (AI) and machine learning (ML), have seen its introduction into the realm of voice analysis that can now be automated to process large amounts of data (1). Combining AI/ML with voice analysis allows for efficient analysis of voice data, which promises discovery of scalable acoustic markers in association with health diagnosis, screening, and monitoring to improve patient outcomes (4).

Voice data collection is low cost inexpensive, often only requiring recording device with a microphone (i.e., computer, smart device). This simplicity makes voice-based screening and diagnostics an attractive tool to utilize in low-resource settings. However, to unlock the full potential of voice as a tool, there is a crucial need for large datasets that capture diverse populations and disease statuses along with other established physiologic biomarkers (2, 5, 6). Current literature on this topic has only been studied on small- to medium-sized data sets with limited data outside of acoustic measures not linked to multi-modal health data. Inclusion of speech and voice data in large-scale trials adds an additional longitudinal variable that has the potential to improve scientific discovery and patient outcomes (7), but comparing studies and pooling data is challenging due to a lack of existing standards in how voice and other acoustics are measured and collected (8).

In hopes of advancing the potential of voice as a biomarker, the Bridge2AI-Voice consortium has the goal of establishing an ethically sourced, diverse, and publicly available voice database linked to multimodal health biomarkers (9). This extensive and open-access voice database will serve as the foundation for voice AI research, facilitating the development of predictive models that can significantly advance the field of voice through improved quality acoustic data, establishment of voice bioinformatic standards, development of an infrastructure for audiomic data storage, and formulation of training algorithms for clinicians and scientists.

In order to create this voice database, the Bridge2AI-Voice Consortium developed a novel mobile application hosting the data acquisition protocols to collect data through various acoustic tasks, surveys, questionnaires, and validated patient-reported outcomes (PROs). With the goal of creating data collection with users at home, there needs to be an evaluation of its utility in order to identify technical constraints and challenges that exist. A pilot feasibility study allows for us to gain a preliminary understanding of user interaction and general feedback of this app for a smoother transition to broad implementation (10). This pilot feasibility study assesses the possible implementation of this application through task performance metrics and participant feedback.



Materials & methods


Study setting and participants

This study was conducted at a tertiary academic voice center, University of South Florida Health Voice Center, in Tampa, Florida between June 5, 2023, and July 28, 2023. The study used a mixed sample of participants, with and without voice disorders. The eligibility criteria included: participants who were at least 18 years old and could read the English language. Exclusion criteria were as follows: an inability to provide informed consent in English and inability to read English. All patients meeting inclusion criteria were offered to participate in the study.



Enrollment

Participants were recruited by providers or research staff for enrollment. Participants were informed during the consent process that the app was created by the Bridge2AI-Voice consortium and outlined its purpose. Participants were explicitly informed about the data that was being collected, the methods used to secure these data, and the information that would be used for the study. All participants provided written informed consent for all the study procedures. The participants did not receive financial incentives for completion of the study. The study was approved by the Institutional Review Board of the University of South Florida (IRB number 004890).



App development

A multi-institutional, multi-disciplinary group of researchers participated in the development of this novel tool. The group consisted of researchers from 14 different institutions and with expertise in software engineering, data science, machine learning, laryngology, speech pathology, acoustic science, bioethics, pulmonary science, neurological biomarkers, and mood biomarkers. The aim of the app was to collect demographic information, validated questionnaires, and acoustic tasks for four different categories of diseases in the adult population: vocal pathologies, neurological and neurodegenerative disorders, mood and psychiatric disorders, and respiratory disorders. Full protocols for data acquisition were developed including the following categories:


	-Demographics: The group was asked to include common demographic data and include other demographics that could affect voice and speech (e.g., weight, socio-economic status, literacy status, etc.).

	-Past medical history (PMHx): The group was asked to include common disorders with care being taken to include diseases and conditions that are known to affect voice and speech (e.g., COPD, chronic sinusitis).

	-Confounders: The group was asked to include confounders and social habits that are known to affect voice and speech (e.g., smoking status, hydration status).

	-Acoustic tasks: The group was asked to include common acoustic tasks performed for screening or diagnosis of the conditions studied in the clinical setting or research setting.

	-Validated questionnaires and PROs: Patient-reported outcomes and validated patient questionnaires commonly used in clinical or research practice with evidenced-based correlation with the diseases studied (e.g., GAD-7 for anxiety, VHI-10 for dysphonia).

	-Clinical Validation: The group was asked to develop a section including questions that would confirm the diagnosis and treatment obtained by a clinician.

	-“Gold Standards”: The group was asked to add data modality that are used for confirmation or included in the basic work-up of the diseases studied (e.g., pathology report for laryngeal cancer, pulmonary function test for asthma).



Full data acquisition protocols will be available in the REDCap instrument Shared Library and are also available for download at our GitHub repository: https://github.com/eipm/bridge2ai-redcap.

All current tasks on the app during the study period are listed in Table 1. The Bridge2AI-Voice is undergoing constant alpha- and beta-testing in order to better understand its practicality and usability among the general public before large-scale data collection and therefore, some tasks may be altered, added, or removed based on patient feedback, auditing and validation experiments conducted by our group (11). Figures 1, 2 showcase the current design of the app.


TABLE 1 Available tasks, PROs, questionnaires, and mean time for completion on the Bridge2AI-voice app.

[image: Table listing twelve tasks with corresponding type of task and mean completion time in minutes and seconds; tasks include demographics, questionnaires, validated PROs, and an acoustic task, with times ranging from 0:12 to 11:22.]


[image: Mobile app interface with two screens side by side. The left screen shows a “Digital Literacy” survey, asking if the user can read, write, and use a smart device, with “Yes” checked for each. The right screen displays “Eligible Studies,” stating eligibility for Voice Disorders and Neurological and Neurodegenerative Disorders studies, featuring an illustration of two people shaking hands, and buttons “I am not interested” and “I am interested” below.]
FIGURE 1
Bridge2AI-Voice app interface.



[image: Mobile app interface with a purple gradient header labeled "B2AI Voice." First screen provides microphone test instructions, showing a large red record button at the bottom. Second screen displays diagnostic and questionnaire sections, featuring an illustration of a heart with medical icons and a sheet of paper with checkboxes.]
FIGURE 2
Bridge2AI-Voice app interface.




Outcome measures


Demographics

Participants completed a basic sociodemographic questionnaire at enrollment which included: age, gender, primary language, education level, employment status. Additional information collected included any history of a voice disorder, self-reported disabilities, smart device ownership, and mobile health app use.




Feasibility metrics

A six-item feasibility metric questionnaire was created by the research team to better understand participant feedback. Metrics related to task completion and time of completion were collected for every task; other metrics were only answered when applicable to task. Completion time did include any time that research staff was asked for assistance and assisted. Feasibility metrics were answered as yes (Y) or no (N). Answers were determined by the research staff collecting data.


	•Was the task completed?

	•Was the acoustic task successfully recorded?

	•Did the acoustic task have to be re-recorded?

	•Was a headset used?

	•What was the time of completion?

	•Did the participant ask for assistance?





Exit survey

A 6-item interview-style questionnaire was given to participants at the end of the study completion to better understand participants engagement/interaction and to gauge general feedback. Exit survey questions, and subsequent follow up questions, were modified from the Mobile App Rating Scale (MARS) from the Functionality and Engagement sections (12). Responses were qualitative and not scored on a scale.


	1.How easy were the tasks prompts to understand?

	•Was the vocabulary, wording, and grammar clear, unambiguous, and appropriate?

	•Did you have to go back and reread the prompt to understand was it was asking for?




	2.How easy was the app to interact with?

	•Did you understand how to interact with the app to successfully complete the tasks?

	•Were the interactions consistent and intuitive?

	•Did you understand whether you had completed a task correctly, how to progress to the next screen, etc.?




	3.Was the app interesting/engaging for you to use?

	4.Did you find the tasks physically difficult or taxing to perform?

	5.Did you find the tasks mentally difficult or taxing to perform?

	6.Was the interface physically difficult to interact with (e.g., taps, swipes, pinches, scrolls)?





Data collection

Participants were brought to a private clinic room and introduced to the app on a study iPad by a member of the research staff. Each participant was asked to complete a one to three tasks followed by the feedback interview for a total time of less than 20 min. Participants were then informed of what task(s) they would be completing, that they would be timed from when they began until they had completed the task, and that a research member would be available for assistance/questions if needed. Participants were instructed to wear a headset with microphone if the task included voice recording, as per the Bridge2AI-Voice suggested standards, and begin. A research member observed and timed the participant. At completion of each task, time to completion and feasibility metrics were recorded. The research personnel then began the exit survey questionnaire with participants in which qualitative responses were recorded. This procedure was completed for each task the participant completed. Participants were limited to 1–3 tasks at a time, in which task assignment depended on the length of the task and the time available by the participant. Audio data was not collected at this stage of the app development. Current research by the consortium is attempting to outline techniques and recommend appropriate protocols for quality voice data collection in future iterations of the app as well as other clinical research involving voice data collection (13).



PDSA model of improvement

We employed the Plan-Do-Study-Act (PDSA) model for three phases of data collection (14). The PDSA model is a four-step iterative approach for quality improvement and is widely used in quality improvement initiatives. The model begins with a strategy to assess improvement approaches (Plan), followed by a small-scale trial of data collection (Do). The study team evaluates and gains insight from the outcomes (Study), determining whether to implement alterations or initiate a new cycle of improvement (Act). This model was used to inform the app development team of weaknesses or concerns observed by the research team during participant completion. The phases in this study consisted of 10–20 participants per cycle. Minimal yet effective improvements related to recruitment, data recording, and interface changes were made. None of the improvements made affected participant data collection and subsequent metric measurement. No major changes to features or content were made to the app during the research study timeline.




Results


Overview

47 participants were recruited over a two-month enrollment period. Participant characteristics are shown in Table 2. Mean and median age was 58.3 and 64, respectively. 61.7% were female, 91.5% spoke English as a primary language, 55.3% held a bachelor's or graduate degree, and 40.4% were employed. 36% of participants had a self-reported disability, most commonly reporting a physical, visual, or auditory impairment/deficit. 100% of participants owned a smart device, with 49% using a mobile health application currently. Over 20 primary referral diagnoses were reported by participants in Table 3.


TABLE 2 Participant characteristics (n = 47).

[image: Demographic and technology usage table summarizes participant characteristics: median age is 58.3 years, 61.7 percent female, 36.2 percent hold a bachelor's degree, 91.5 percent speak English, 44.7 percent are retired, 40.4 percent are employed, 36.2 percent report disabilities, all own smartphones or tablets, and 48.9 percent use mobile health applications.]


TABLE 3 Participant voice diagnoses.

[image: Table listing voice and airway disorders in three columns per row, including irritative, structural, and neuromuscular conditions such as Irritable Larynx Syndrome, Chronic Cough, and Vocal Cord Paralysis, as well as diseases like Asthma, Amyloidosis, and Glottic Cancer.]

Three PDSA cycles were completed. There were 15 participants for PDSA 1, 20 participants for PDSA 2, 12 participants for PDSA 3. PDSA 1 focused on improving recruitment practices of participants, PDSA 2 focused on improving the research staff assistance, and PDSA 3 focused on improving feedback relaying to the app development team. Alpha- and beta-testing as well as app updates were ongoing throughout this study period.



Feasibility metrics

There was a total of 29 different questionnaires and tasks at the time of data collection (Table 1). The “confounders” questionnaire was stratified into 5 different “tasks”, thus a total of 34 “tasks” were available to complete. The 47 participants completed a total of 68 tasks. Of these 68, only 46 (68%) were able to successfully complete the task as instructed. Moreover, of these 68 tasks, 32 fell under the “acoustic” category in which an audio recording by the participant was required. 13 (41%) were able to successfully complete as instructed. Participants asked for assistance by the research staff 41.2% of the time, often asking multiple times for an individual task. Notably, the Glides task (i.e., a task requiring moving from high to low and low to high pitches) required assistance 100% of the time. A total of 19 participants asked for assistance on one or multiple tasks with a mean age of 63.8. Those who asked for assistance were mainly female (66.6%), employed (46.7%), and held a bachelor's degree (43.3%).

Table 1 reports the average completion time for each task. When all current task average completion times were added together, the total completion time of all tasks in the app was approximately 51 min and 30 s. The longest task to complete was the DSM-5 Adult survey and the shortest task to complete was the Voice Problem Severity scale.



Exit survey

Upon completion of the 2-month study period, 47 participants completed the interview-style questionnaire.

The user responses reflected a favorable perception of a voice-screening app and its features, with one participant saying, “I am excited for this app to be ready one day. I would definitely use something like this with my condition”.

Moreover, responses also highlighted the utility of the application as it currently stands. One user mentions that “[they] thought it was very easy and intuitive to complete”. However, a majority of users made comments in regard to the current interface and/or with the clarity of the instructions. Many users emphasized the need for more explicit instructions regarding how to audio record the task, how to play back the recorded audio, or even when to record. One user says “I couldn't remember what the scale meant, and I had to keep scrolling back up to remind myself what it meant and then scroll way back down to where I left off” in regard to the PTSD Adult survey. Beyond this, some users felt that some of the survey and questionnaire tasks on the app were dense and difficult to engage with, making some tiresome to complete. One user notes that “I felt that the questionnaire had too many questions on the screen and could have been made into two pages” in regard to the DSM-5 Adult questionnaire.

Additionally, user responses pointed out different ways to improve the app design and experience. While the app is currently in its base model, with design and aesthetic being developed, participants suggested different modalities that could potentially reduce mental exhaustion. One user suggested an incorporation of some motivational elements to better user engagement.




Discussion


Principal findings

The Bridge2AI-Voice consortium developed and pilot-tested a novel mobile application designed for eventual voice data collection to improve voice data research. This study aimed to assess the practicality and utility of this application through task performance metrics and participant discussion. Results highlight that the feasibility of utilizing the data collected through this app presents both promises and challenges that need to be addressed.

While completion rates did vary across tasks, the majority of users were able to successfully complete the tasks as instructed indicating a certain level of usability. However, a majority of the acoustic tasks that would require audio collection were unsuccessfully completed, which is a very important finding to consider as we eventually aim to transition data collection in the remote setting, without assistance from research personnel. With Bridge2AI-Voice's ultimate goal of introducing at-home data collection with this mobile app, this highlights a concern that needs to be addressed. If voice and audio tasks were unable to be performed, subsequently the app would be collecting insufficient voice and audio data, weakening the diversity of the database and consequently the AI/ML models to be trained. Addressing this fundamental issue needs to be a priority for the Bridge2AI-Voice consortium in order to ensure the best voice practices and its technology are being employed in order to capture of the best audio samples. Through results of this feasibility study, a special focus on user experience/user interface (UX/UI) was initiated, with the addition of a UX/UI expert to the team for further iterations of the app.

Furthermore, based on the feasibility metrics, the task completion time remains a barrier for this application to be an efficient screening tool. As it currently stands, the summed average time for completion of all tasks available on the app is 51 min and 30 s. It's important to highlight this is subject to change as the app continues to be updated and modified, but if more elements are added to the protocol, it is reasonable to assume that this total completion time is to increase. However, one goal of the app is to ideally bundle tasks and surveys when appropriate in relation to a user's disease status. Regardless, this raises concern about user fatigue and engagement sustainability. This fatigue experienced often towards the latter half of surveys and tasks has been shown to reduce the quality of responses or even lead to premature termination of participation, potentially leading to nonresponse bias (15, 16). Factors known to influence this phenomenon include survey length, survey topic, question complexity, and question type, with open ended questions contributing more to exhaustion (16). As the app continues to go through new iterations, it's critical to understand the quality of the responses being received from the app task protocol early on. Users have already expressed dissatisfaction with the length and density of the surveys and questionnaires, highlighting a necessity to create a more streamlined protocol to ensure the best quality of responses. Moreover, the recorded completion time may be affected if the surveys and tasks are not being authentically answered by participants, resulting in a potential under- or overestimation of the test parameter. Future beta-testing in the app should attempt to better understand the influence fatiguability has on response quality and completion time by having participants complete more tasks by bundling tasks across the app. While there is no universal standard for mobile health apps and the time it takes to complete certain protocols, one goal of the application protocol should be to reduce user burden while still collecting sufficient comprehensive data.

With respect to the exit survey interviews, participants were receptive to this mobile application as a future screening tool and support the utility of voice-screening tools in disease diagnosis, screening, and maintenance based on participant opinions. However, a recurrent theme that presented itself from feedback was that there is a need for more explicit instructions and the incorporation of a more better user experience (UX). This ambiguity of task instructions poses a significant challenge to the app's utility, as exemplified by the large, measured percentage of participants that required assistance. Since the app was developed by clinicians and scientists, some of the language used in the surveys, questionnaires, and audio tasks could reflect a higher reading level. Future iterations of the app should investigate the current reading level using existing tools, like the Flesch-Kincaid readability tests, and seek to match the health literacy of the general population (17). The addition of questionnaire to gauge healthy literacy may help better understand the population this app intends to serve. Beyond instruction clarity, there was a call by participants for a more user-friendly interface. The app as it stands is in the process of developing its aesthetic and translating that into the UX. However, we are seeing very early into beta-testing how common comments are on the design of an app and can affect the UX by participants. Once the interface is thoroughly developed, future beta-testing should include more questions from the MARS questionnaire to evaluate UX. Addressing these concerns can further optimize the user experience, potentially improving some of the metric measures.

Audio data has already been shown to serve a potential diagnostic tool in patients with certain disease states that can present with unique vocal changes, including Parkinson's disease, chronic obstructive pulmonary disease (COPD), diabetes, chronic pain, and laryngeal cancer to name a few (18–22). However, without adequate high-quality voice samples, the reliability and accuracy of voice biomarker research may be restricted. The integration of voice-based assessments into digital health tools has the potential to advance early disease detection, continuous disease monitoring, and personalized treatment strategies. For example, an individual using a voice-assessment tool through an app may be identified to have softened consonants, abnormal silences and monotonous speech may point to recommended evaluation for Parkinson's disease (18). Through ongoing refinement, the Bridge2Ai-Voice app attempts to bridge the gap between research and clinical utility.



Limitations

This study is not without limitations. Firstly, this feasibility study was conducted at a single site. Consequently, this leads to a small sample size (n = 47) without geographical diversity, as evidenced by some of the demographic information collected (i.e., primary language, gender). The homogeneity reflected in our demographics greatly limits the generalizability. As the app continues to be modified and early feedback is incorporated, research around the practicality and utility of this app needs to expand to other sites within the consortium to have a more robust, diverse study population to better understand the measured metrics and interview responses as they relate to different subgroups of the populations. As a feasibility pilot, this study did not have a control arm and thus we were unable to test the true efficacy or other measured metrics between groups. Moreover, the determination of whether a task was successfully completed or recorded was subjective as it was made at the decision of the research assistant. While the research assistants are trained on the tasks, a more structured framework with objective benchmarks for what is considered successful vs. unsuccessful in regard to completion and acoustic recording could help with future testing in pinpointing specific faults within the protocol.




Conclusions

The findings of this pilot feasibility study indicates that the Bridge2AI-Voice smartphone application shows promise as a tool for voice data collection. However, several challenges need to be addressed to enhance its practicality. Refinement of task instructions, interface design, and incorporation of engagement enhancement strategies are crucial for maximizing the app's utility in voice data collection. The smartphone app is need for further adaptation and refinement before large scale voice data collection can be implemented in real-world settings.
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Acute heart failure (AHF) is a life-threatening condition and a common cause of hospitalization. The defining clinical feature of AHF is volume overload, leading to pulmonary and peripheral edema and consequently to weight gain. Vocal biomarkers have the potential to facilitate the early detection of worsening HF and the prevention of AHF episodes by offering a non-invasive, low-barrier monitoring tool. The AHF-Voice study is a prospective monocentric cohort study designed to investigate the trajectories of voice alterations during and after episodes of AHF, identify potential vocal biomarkers, and enhance the understanding of the pathophysiological mechanisms underlying these voice changes. It will examine the characteristics and determinants of vocal biomarkers, analyzing their correlations with patients' clinical status and comparing them to alternative clinical parameters in HF. Further, it aims to determine whether specific vocal biomarkers can accurately map different HF phenotypes and assess their association with patient trajectories. The study phenotypes patients hospitalized for AHF at admission and discharge, and follows them for a period of 6 months. During hospitalization, daily voice recordings are collected using a specially-designed smartphone app. Following discharge, patients are requested to continue daily voice recordings with their own smartphone for the subsequent six months the 6-month follow-up. Patient-reported outcome measures and body composition are assessed in the hospital and at follow-up visits. Sub-studies explore vocal fold oscillation through video-laryngostroboscopy and assess the feasibility of combining voice analysis with in-ear sensor technology for comprehensive digital phenotyping. A total of 131 patients were enrolled between April 2023 and November 2024: their mean age was 75 years (SD 10), 31% were women, 86% were in NYHA functional class III or IV, and 38% presented with de novo heart failure. Additionally, 59% of participants owned smartphones. The AHF-Voice study will provide insights into the potential of vocal biomarkers as reliable indicators of congestion, paving the way for innovative and accessible tools to support heart failure management.
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Introduction


Rationale

Heart failure (HF) affects over 64 million individuals globally, with symptoms like breathlessness, fatigue, and edema (1). In Germany, acute decompensated HF is the most common reason for hospitalization (2). The in-hospital mortality of patients with acute HF (AHF) ranges between 4% and 10%, and mortality within the first year after discharge between 20% and 30% (3). Each hospitalization due to decompensated HF increases the risk of subsequent events (4). It is therefore imperative that incipient decompensation is promptly identified to prevent hospitalization (3, 5).

Patients with worsening HF usually experience a gradually increasing volume overload, accompanied by body weight gain and symptoms like dyspnea, peripheral edema and fatigue. Without adequate treatment, the patient will eventually require hospitalization due to further deterioration. The international HF guidelines recommend that patients assess their body weight daily as a primary non-invasive self-monitoring measure (3). In addition, non-invasive and invasive remote patient management (RPM) including hemodynamic monitoring of pulmonary artery pressure or self-monitoring weight measurement, has demonstrated beneficial effects (6–8). However, RPM require either invasive procedures, and/or the acquisition of additional hardware. There is a paucity of non-invasive alternatives for self-monitoring and reliable identification of incipient decompensation.

In recent years, advancements in digital technologies including artificial intelligence have facilitated the utilization of the human voice as a vocal biomarker for the diagnosis and management of diseases (9). Previous studies have reported the use of vocal biomarkers in neurodegenerative, cardiovascular and respiratory diseases (10–12). In the case of HF, Murton et al. showed that weight loss following diuretic therapy in patients hospitalized for AHF was associated with changes in specific voice features (13). Maor et al. demonstrated that vocal biomarkers can be generated from unstructured telephone-based recordings by crosslinking selected voice features with clinical outcomes. In their study, vocal biomarkers were associated with an increased risk of hospitalization and mortality in patients with congestive HF (14). The use of smartphone-based voice recordings and the automated generation of clinically meaningful vocal biomarkers reflective of changes in clinical status in patients with HF has been demonstrated by Amir et al. (15, 16). However, the evidence for vocal biomarkers in patients with HF is scarce and heterogeneous, with most studies encompassing small sample sizes and are limited to remote data collection after discharge.

Furthermore, the underlying pathophysiological mechanisms of voice alterations in patients with HF remain poorly understood. Several hypotheses are being discussed. (1) Murton et al. suggested that AHF-related volume overload leads to vocal fold edema that may cause changes in phonation, such as a hoarse voice with a limited vocal range, and leads to a changed fundamental and more irregular frequency (higher jitter) (13); (2) a general swelling of the vocal tract was proposed by Amir et al. (15, 16); that may influence formant frequencies (resonance characteristics) and contribute to reduced vocal clarity or shifts in frequency bands (17); (3) Reddy et al. showed that congestion alters sound pressure levels, which might be indicative for impaired lung function (18) relating to a reduced phonation duration and variability in intensity; (4) dysphonia has been observed in patients with left atrial enlargement, which may be caused by compression of the recurrent laryngeal nerve, known as cardiovocal or Ortner's syndrome, with the inability to control strengthening of the vocal folds and resulting in a hoarse and unstable voice (19, 20). Also, a combinations of these alterations are plausible mechanisms, as voice production involves an interplay between vocal fold oscillation and airflow (21).

The AHF-Voice study aims to improve the understanding of vocal biomarkers in HF by exploring the characteristics of voice alteration in patients with AHF via daily voice recordings throughout their in-hospital period of decompensation-recompensation and the post-discharge period thereafter. Additionally, it will assess the self-perceived measurements of voice alteration and anatomically visual differences in the state of decompensation and recompensation.



Main research questions

The “Acute Heart Failure Voice Analysis Prospective Cohort Study” (AHF-Voice study) aims to explore the relationship between congestion and voice alterations in patients with AHF, with a view to reflecting their clinical condition. The study will address the following key questions: (1) What are the characteristics and determinants of vocal alterations in patients with AHF? (2) To what extent do these vocal alterations correlate with the patient's clinical status during an AHF episode? (3) To what extent are vocal biomarkers sensitive to changes over time, and how do they compare to established clinical parameters in HF such as quality of life or NT-proBNP levels? (4) Can specific vocal biomarkers or combinations thereof be mapped to different HF phenotypes? (5) Are vocal biomarkers associated with patient prognosis? (6) Are voice alterations in patients with AHF associated with pathophysiological changes, such as vocal fold edema, that affect vocal fold oscillation?




Methods


Study design

The AHF-Voice study is designed as a prospective monocentric observational cohort study. The study is being conducted at the University Hospital Würzburg as part of the UNISONO project, which is funded by the German Federal Ministry of Education and Research (Grant #16SV8877). The study was approved by the local Ethics Committee (245/22-me), complies with the Declaration of Helsinki and adheres to the STROBE reporting guidelines (22). The AHF-Voice study was registered at ISRCTN registry (ISRCTN13093083).



Setting

All patients hospitalized at the Department Internal Medicine I of the University Hospital Würzburg are screened for study participation. The study period will be 6 months after index hospitalization, including structured follow-up visits after 6 weeks and 6 months. Figure 1 shows the study design. In addition to the primary study, two sub-studies will be conducted: the Strobo sub-study and the In-Ear sub-study.


[image: Flowchart illustrating the AHF-Voice main study timeline from admission through discharge to follow-up at six weeks and six months, showing voice recordings, assessments of volume status, fat and muscle mass, clinical questionnaires, strobo and in-ear sub-study evaluations at each phase.]
FIGURE 1
Design of the AHF-Voice main study and its two sub-studies. The figure shows the data collection over time. In the main study, daily voice recordings are performed during index hospitalization (blue smartphone), and voice recordings are continued at home on the patients’ own smartphones, if available (orange smartphone). In addition, body composition analyses and patient-related outcome measurements are carried out during admission, discharge, and follow-up visits. In the Strobo sub-study, a video-laryngostroboscopy and a voice field measurement will be performed on admission, discharge, and follow-up time points. As part of the In-ear sub-study, the in-ear sensor is used daily during index hospitalization, and at the 6-week and 6-month follow-up visits. BCM, body composition monitor; GAD-2, generalized anxiety disorder-2, KCCQ, Kansas City cardiomyopathy questionnaire; PHQ-2, patient health questionnaire-2.




Participants

Inclusion criteria are: hospitalization with AHF (diagnosis compatible with international guidelines including edema, dyspnea, fatigue, and/or signs of congestion in chest x-ray and elevated NT-proBNP levels) (3), age ≥18 years, life-expectancy ≥6 months, willingness to attend planned follow-up visits at the outpatient clinic, and written informed consent. Exclusion criteria are: high output HF, cardiogenic shock, high-urgency listing for heart transplant, left ventricular assist device implanted/planned, and history of vocal fold disorder or vocal fold surgery.



Index hospitalization

During the index hospitalization, detailed phenotyping of each patient will be conducted, including medical history, clinical data (e.g., transthoracic echocardiogram, electrocardiogram), and routine blood tests. At index hospitalization, patients will complete quality of life self-report questionnaires regarding health-related quality of life (23-item Kansas City Cardiomyopathy Questionnaire) (23), depression (2-item Patient Health Questionnaire) and anxiety (2-item Generalized Anxiety Disorder) (24). Additionally, a voice impairment-related questionnaire (12-item Voice Handicap Index) (25) will be conducted at admission and discharge. Daily voice recordings will be collected using a specifically designed smartphone app (ZANA Technologies GmbH, Karlsruhe, Germany) and will be performed under supervision of study staff (see Figure 2). A comprehensive assessment of body composition (Body Composition Monitor, Fresenius Medical Care, Bad Homburg, Germany) is conducted at admission and discharge.


[image: Screenshot collage of a German language speech therapy app interface featuring a red cartoon character with headphones guiding users through various speaking tasks, progress bars, and microphone icons. Sections display instructions, motivational feedback, and task completion percentages.]
FIGURE 2
User interface of the specifically designed smartphone application in the AHF-Voice study. The application facilitates the recording of three distinct voice tasks: (1) spontaneous speech, (2) sustained vowel, and (3) reading of a text passage, one after the other. Additionally, the application allows the patient to maintain a weight diary. Screenshots from AHF Voice app, Zana Technologies GmbH.


In addition to the daily voice recordings, patients contributing to the In-Ear sub-study, will explore the feasibility of using novel in-ear sensor technology for comprehensive digital phenotyping in patients with HF. Therefore, patients will have an in-ear sensor inserted and will wear it for at least 5 min daily, during which vital parameters will be recorded (In-Ear sub-study). The Strobo sub-study will focus on visualizing the pathophysiological aspects of vocal changes during the AHF period. For this purpose, patients will undergo video-laryngostroboscopy (video nasopharyngoscope XN HD, Xion Medical, Berlin, Germany) and voice field measurements (Digital Video Archive Software DiVAS; Xion Medical, Berlin, Germany) at admission and discharge as well. The obtained video and audio materials will be analyzed by a blinded phoniatrist.



Follow-up period

All patients are asked to continue with the use of the mobile application for daily voice recordings after discharge on their own smartphone, if available. Six weeks and 6 months after the index hospitalization, patients are invited to the outpatient clinic of the Comprehensive Heart Failure Center at the University Hospital Würzburg (26). There, they will undergo standardized routine clinical re-evaluation including electrocardiogram, transthoracic echocardiogram, six-minute-walk test, pulmonary function tests, body composition analysis and video-laryngostroboscopy/voice field measurement (Strobo sub-study) and in-ear vital parameter measuring (In-Ear sub-study). Furthermore, participants will be asked to complete questionnaires regarding health-related quality of life (Kansas City Cardiomyopathy Questionnaire-23) (23), depression (Patient Health Questionnaire-2), anxiety (Generalized Anxiety Disorder-2) (24) and voice impairment (Voice-Handicap-Index-12) (25). Potential hospitalizations since the last study visit will be documented and tracked by requesting discharge letters. In case of death between follow-up visits, the cause will be clarified using death certificates, hospital letters, or reports from physicians and relatives. If patients do not attend follow-up visits, the study staff will conduct a standardized telephone-based interview to collect an abbreviated clinical data set.



Surrogates of congestion

AHF-Voice utilizes a number of surrogate markers to assess the level of congestion. Daily weight recordings are taken during hospitalization and follow-up visits. Patients with their own smartphone can log their daily weight through app-based entries. Routine laboratory parameters, including NT-proBNP levels, are measured at admission and discharge. Additionally, body composition assessments will be performed at admission, discharge, and during follow-up visits, providing insights into fluid overload.



Smartphone application

The smartphone application has been developed specifically for voice recording in the study. The app is available for iOS and Android systems and was developed through an iterative process that actively involved patients with HF in dedicated focus groups. Their feedback was incorporated into the design of the user interface to create a user-friendly and easy-to-use application (see Figure 2).

During index hospitalization, all patients are asked to perform daily voice recordings with a study smartphone (iPhone SE 2023, Apple Inc., Cupertino, USA) under the supervision of the study staff. Patients are then prompted through a voice dialogue interface on the smartphone app to perform the following set of speech tasks:


	•Sustained vowel phonation (vowel/a:/)

	•Spontaneous speech

	•Reading standardized passage (“Northwind and Sun”)



During index hospitalization, study staff ensures that the same time of day is chosen for the daily voice recordings (e.g., 30 min–1 h after waking up). After discharge, patients will be asked to continue using the smartphone app on their own smartphone, if available. These patients will be instructed to install the smartphone app on their device prior to discharge, and will then be prompted to perform the speech tasks once a day. In addition, the daily weight measurements can be entered into the app. During the follow-up period, patients who do not own a smartphone will not collect voice recordings after discharge, but will contribute to the data set when attending the outpatient visits after 6 weeks and 6 months.



In-ear sensor

The in-ear sensor called c-med° alpha (Cosinuss GmbH, Munich, Germany) is comparable to a hearing aid and is inserted into the ear canal (Figure 3). It continuously and non-invasively measures body temperature, pulse rate, and blood oxygen levels in real time using optical sensors. It is approved as a Class IIa medical device (27, 28).


[image: Illustration showing a sensor placed inside an ear canal transmitting health data such as temperature, heart rate, and blood oxygen to a smartphone via Bluetooth, with corresponding icons displayed on the phone screen.]
FIGURE 3
Application principle of the c-med° alpha in-ear sensor. The illustration shows the functionality of the in-ear sensor and illustrates its position within the ear canal. The data, which includes the pulse rate, oxygen saturation, and body temperature, is transmitted to a smartphone via bluetooth. Reproduced with permission from “Application principle of the c-med° alpha” by Cosinuss GmbH.




Premature termination of follow-up

Withdrawal of consent will trigger premature termination of follow-up. Reason for withdrawal will be documented, and efforts will be made to complete the clinical information for this last patient contact. In case a patient misses a follow-up visit, study staff contact the patient directly in order to motivate him/her to attend the clinical follow-up visit at the Comprehensive Heart Failure Center (CHFC). If a visit at the CHFC isn't possible, telephone follow-up assessments and/or completion of background information via the general practitioner or other care providers will be attempted.



Sample size calculation and power analysis

In general, there is no consensus about how to determine the sample size for clinical prediction models when applying AI methods (29). Also, the variability of sample size in the above-mentioned studies for voice analysis in patients with heart failure is high: whereas Amir et al. investigated voice alterations in 40 hospitalized patients for the association of vocal biomarkers with the binary status of congestion (“wet” vs. “dry”) (15), Maor et al. used the voice recordings of 10,583 patients (n = 8,316 for training cohort and n = 2,267 for test cohort) for the correlation of speech measures with hard clinical endpoints (i.e., hospitalization and death) (14). To conclude, the feasibility of vocal biomarker generation in patients with heart failure has been proven, but the optimal generation process is far from being well described.

The sample size calculation was performed using GPower software and based on the study of Amir et al. (16). In their study, the vocal biomarker (unitless value; mean value ± SD) of chronic heart failure patients undergoing hemodialysis treatment due to volume overload changed from 0.87 ± 0.17 before dialysis to 1.07 ± 0.15 after dialysis. The mean loss of body weight was 2 kg. From own results, we know that the volume reduction in hospitalized AHF patients is even greater (about 3 kg body weight) (30). Based on a repeated measures ANCOVA using the covariates left ventricular ejection fraction (LVEF ≥50% and <50%) and sex (♀, ♂) and assuming a conservative large variance (SD 0.30) and an effect size of f = 0.40, 111 patients are needed to achieve a power of 80% at alpha of 5%. Based on previous study experience, a drop-out rate of 10% was assumed. We therefore aim for a total sample size of 123 patients, which also allows for the analysis of changes in NT-proBNP using the methods described in Sahiti et al. (30). To this number were added those patients who withdrew from the study prematurely while still in hospital, resulting in a cohort of 131 patients.



Data analysis of baseline characteristics

Data are summarized using descriptive statistics. For continuous variables, normally distributed data are presented as mean and standard deviation, while non-normally distributed data are expressed as median and quartiles. Categorical variables are reported as absolute numbers and percentages.



Future statistical analyses

Data will be described using conventional methods according to the nature of the data. Repetitively sampled data will be investigated using generalized estimating equations (GEE) for repeated measures analysis (vocal feature) or repeated measures analysis of (co)variance (rANCOVA; e.g., for clinical data). To investigate the prognostic utility, Kaplan–Meier plots for graphical inspection and uni- and multivariable Cox proportional hazards regression analyses will be used. Subgroup analyses will include age, sex, de novo vs. decompensated chronic HF, heart failure with reduced ejection fraction (HFrEF) vs. heart failure with preserved ejection fraction (HFpEF). post-hoc comparisons of baseline findings and follow-up patient outcomes may be performed in the entire study and sub-populations of special interest. Appropriate adjustment for potential confounding and multiple testing will be considered for each research question separately.

AI-based methods, including machine learning and deep learning will be performed for the derivation of clinically meaningful vocal biomarker in patients with AHF applying primarily a binary approach (“decompensated” vs. “recompensated”).



Missing data

All patients of the AHF-Voice study will be included, possibly with censored observation times. All efforts will be taken to prevent missing values in subjects who are alive. Whenever there is the possibility of significant bias due to missing data, additional analyses using imputation techniques will be employed and used for supportive sensitivity analysis.




Results


Recruitment and characteristics of the AHF-voice study sample

Between April 2023 and November 2024, 131 patients were recruited for the AHF-Voice Study. 50 (38%) of the patients participated in the Strobo sub-study, and 31 (24%) in the In-Ear sub-study. Of 131 patients, 9 (7%) of patients withdrew their consent during the follow-up observation time. Non-participation of patients was primarily attributable to physical or mental limitations.

Table 1 summarizes the baseline characteristics of the study population. The mean age of participants was 75 ± 10 years, 31% were women, and 38% were diagnosed with de novo HF. The majority of patients were in New York Heart Association (NYHA) functional class III (57%) or IV (29%) and the median NT-proBNP level at admission was 5,215 [2,650; 13,558] pg/ml. The most frequent underlying cause of HF was an ischemic etiology (42%), the mean LVEF was 47 ± 17, and 47% exhibited HF with a preserved ejection fraction (HFpEF). The most common comorbidities were diabetes (38%), peripheral artery disease (17%), chronic obstructive pulmonary disease (18%), and 10% current-smokers and 50% former smokers. The median length of hospital stay was 10 [7; 15] days. The majority of patients (59%) had their own smartphone, which enabled them to continue with daily voice recordings after discharge.


TABLE 1 Baseline characteristics of the AHF-Voice study cohort (n = 131).

[image: Table summarizing baseline characteristics of a patient cohort including sociodemographic data, heart failure characteristics, comorbidities, medical history, clinical measurements, patient-reported outcomes, and technology use, displayed as counts, percentages, means, or medians with ranges.]

Overall, 3,072 voice recordings (1,024 per voice task) were collected during the hospitalization period of all 131 patients, corresponding to a median of 21 [15; 30] voice recordings (7 [5; 10] per voice tasks) per patient.




Discussion

The AHF-Voice study has been designed to provide new insights into the etiology, characteristics, determinants, progression, and prognostic utility of vocal biomarkers in patients experiencing an episode of AHF. Smartphone-based daily voice recordings are used as a substrate to detect subtle vocal changes, which are then associated with conventional markers of congestion.

The AHF-Voice study cohort represents a well-phenotyped population of patients with AHF. It comprises a high proportion of patients with NYHA functional class III and IV at admission, indicating a substantial number of patients with significant congestion. The cohort includes a significant proportion of patients with de novo HF and an even distribution between heart failure with a reduced or mildly reduced ejection fraction and HFpEF. The profound differences between LVEF-based HF phenotypes (31) will allow for stratified analyses, thereby exploring potential voice-based differences between these HF subtypes. Furthermore, a substantial number of voice recordings were collected during the index hospitalization and will be collected during follow-up period, enabling the application of advanced artificial intelligence methodologies for predictive modeling.

Changes of vocal biomarkers over time and their determinants remain under-researched. Previous studies only suggested the existence of distinct vocal biomarker patterns in individuals exhibiting either congested or decongested states (13, 15). To address this gap, the AHF-Voice study will investigate the longitudinal trajectories of vocal biomarkers in patients with AHF through daily voice recordings, both during the course of their hospitalization and over a 6-month observation period. This approach will facilitate a comprehensive assessment of vocal changes in relation to disease progression and patient outcomes, thereby contributing to the development of more personalized and predictive care strategies for patient with AHF.

According to the European Laryngological Society (ELS) and the American Speech-Language-Hearing Association, a comprehensive voice assessment for general voice impairments in the field of phoniatrics is suggested (32, 33). The AHF-Voice study will be the first to comprehensively examine all four (auditory, visual, physician-reported, and patient-reported) dimensions of the human voice: (i) vocal characteristics are captured through the recording of various voice tasks; (ii) visual assessment of the vocal cords is conducted using video-laryngostroboscopy, with vocal fold description following the guidelines of the ELS (32); (iii) an independent phoniatrist evaluates the voice using the RBH (roughness, breathiness, hoarseness) scale; (iv) all patients provide self-reported outcomes via the Voice Handicap Index-12.

As previously stated, the pathophysiological reasons for voice alterations in patients with HF remain unclear. The considerable number of patients participating in the Strobo sub-study will enable the provision of innovative insights into the pathophysiological aspects of disturbed vocal cord function and its potential association with prognosis, including rehospitalization and mortality within six months. Furthermore, the quality of voice recordings can vary due to factors such as ambient noise, the distance between the mouth and microphone, and the type of smartphone used by the patient after discharge (34). To assess and compare these impacts, simultaneous voice recordings were collected using both a smartphone and the reference standard of voice field measurement.

The importance of digital health technology in clinical trials is increasing (35, 36). Our study encompasses the development of a dedicated mobile solution and deploys smartphone-based remote data collection, allowing for asynchronous and continuous data collection in both hospital and home settings. The results from the AHF-Voice study will inform future decentralized and virtual clinical trials. Furthermore, vocal biomarkers may serve as a novel digital endpoint in future HF trials.

The study has several limitations. First, selection bias may affect the generalizability of the findings, as only German-speaking participants were included, which limits the applicability of the results to non-German speakers. Further studies should be conducted in additional languages in order to gain a more comprehensive understanding of the impact of language. Alterations in voice quality resulting from upper respiratory infections during the study period could confound the analysis of vocal biomarkers. For this purpose, a longitudinal data collection approach was chosen, and clinical (e.g., fever) and laboratory parameters (e.g., C-reactive protein) of inflammation assessed at each study visit. Finally, it is possible that participants' increased awareness of potential voice disorders, due to their involvement in the study, may influence their self-assessments of their voice.



Conclusion

The AHF-Voice study provides a comprehensive framework deriving vocal biomarkers from voice recordings, covering all four dimensions of voice diagnostics: self-reported outcomes, physician-reported assessments, visual evaluation of the vocal cords, and acoustic voice analyses. The longitudinal design of the study permits the continuous monitoring of the voice over time, thereby offering valuable insights into the trajectories of voice alterations and their association with disease progression and prognosis in patients with HF experiencing an AHF episode. Moreover, the investigation aims to explore the potential of vocal biomarkers as a future tool for telemonitoring, with the objective to enable the early detection of decompensation in HF patients. In addition, the AHF-Voice study will inform on the utility of vocal biomarkers as digital endpoints for future HF trials.
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Introduction: Voice as a biomarker has emerged as a transformative field in health technology, providing non-invasive, accessible, and cost-effective methods for detecting, diagnosing, and monitoring various conditions. Start-ups are at the forefront of this innovative field, developing and marketing clinical voice AI solutions to a range of healthcare actors and shaping the field's early development. However, there is limited understanding of how start-ups in this field frame their innovations, and address—or overlook—critical socio-ethical, technical, and regulatory challenges in the rapidly evolving field of digital health.



Methods: This study uses discourse analysis to examine the language on the public websites of 25 voice AI health-tech start-ups. Grounded in constitutive discourse analysis, which asserts that discourse both reflects and shapes realities, the study identifies patterns in how these companies describe their identities, technologies, and datasets.



Results: The analysis shows start-ups consistently highlight the efficacy, reliability, and safety of their technologies, positioning them as transformative healthcare solutions. However, descriptions of voice datasets used to train algorithms vary widely and are often absent, reflecting broader gaps in acoustic and ethical standards for voice data collection and insufficient incentives for start-ups to disclose key data details.



Discussion: Start-ups play a crucial role in the research, development, and marketization of voice AI health-tech, prefacing the integration of this new technology into healthcare systems. By publicizing discourse around voice AI technologies at this early stage, start-ups are shaping public perceptions, setting expectations for end-users, and ultimately influencing the implementation of voice AI technologies in healthcare. Their discourse seems to strategically present voice AI health-tech as legitimate by using promissory language typical in the digital health field and showcase the distinctiveness from competitors. This analysis highlights how this double impetus often drives narratives that prioritize innovation over transparency. We conclude that the lack of incentive to share key information about datasets is due to contextual factors that start-ups cannot control, mainly the absence of clear standards and regulatory guidelines for voice data collection. Addressing these complexities is essential to building trust and ensuring responsible integration of voice AI into healthcare systems.
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1 Introduction

Voice as a biomarker is a nascent but promising field of research, emerging at the intersection of digital technology and healthcare. Propelled by unprecedented advances in artificial intelligence (AI) over the past decade, vocal biomarker research and its various clinical applications hold transformative potential for non-invasive diagnostics, personalized medicine, and early disease detection (1, 2). Voice biomarker research is also the basis of a promising health-tech market, evaluated at $1.9 billion in 2021 and projected to exceed $5 billion by 2028 (3).

However, there are still ethical, legal, social, and technical uncertainties in this new field. While voice data enables convenient, remote, cost-effective data collection (1, 4), public research—conducted by academic, government-funded, and non-profit entities—reports significant challenges likely to impact the future of the field. These challenges include the lack of accessible, high-quality, and ethically sourced voice datasets, as well as the absence of standardized data collection practices (4–6). Start-ups are pioneering innovation in the field, developing and beginning to market health-tech products based on voice biomarker technology (also referred to as voice AI health-tech). While start-ups play a critical role in the research, development, and marketization of these promising voice AI tools, the ways they are describing and characterizing voice AI health-tech at this early stage, and how their discourse may affect the field and end-users' perception has not yet been studied.

This study examines the discourse published on the websites of 25 start-ups developing voice AI health-tech products. Using constitutive discourse analysis, we investigate how these start-ups describe themselves and their voice AI technologies and products. Websites are a vital means of communication for start-ups, often representing the first point of contact for investors and customers (7). Website language is an integral part of the start-up's identity-formation process and a critical source of discourse to convey start-up intentions. Start-ups are tasked with carefully selecting their discursive strategies to positively impact perceptions of their organization and innovations, especially in novel fields. The goal of the study is to uncover how these start-ups strategically position themselves within a dynamic and competitive market while navigating challenges such as limited evidence on vocal biomarkers, limited and underdeveloped regulation, high demand for public trust, and uncertain uptake and integration of their products into healthcare systems. Public-facing websites serve as central communication platforms, influencing perceptions among interested parties, including investors, clinicians, and the greater public. By analyzing the discourse on these websites, this study reveals how start-ups strategically frame their innovations to project legitimacy and reliability to potential partners, funders, and end-users. It also explores potential gaps or synergies between private sector messaging and broader societal expectations, including ethical standards and governance needs. Ultimately, this analysis provides insights into emerging market trends and highlights opportunities for developing robust voice data governance frameworks that foster transparency and collaboration between the public and private sectors.



2 Materials and methods

This study employs an adapted constitutive discourse analysis, a post-structural method based on the view that reality is a product of social construction (8). In accordance with the 4-step model developed by Potter and Wetherell (9), the constitutive discourse analysis method used in this study consists of sample identification, website scraping, grounded coding, and analysis.


2.1 Introducing constitutive discourse analysis: definition and objective

Discourse analysis is an established field dedicated to examining language use as a form of social action. This method and its sub-types provide lenses through which the construction of meaning, identity, and relationships can be analyzed. In this study, constitutive discourse analysis is leveraged to identify and investigate how the discursive patterns of start-ups in voice AI health-tech constitute subjectivities of this emerging field more broadly. Originating in the field of social psychology, constitutive discourse analysis is particularly well-suited for meso-level discourse (as opposed to micro-level, e.g., situated conversation analysis, or macro-level discourse, e.g., systemic phenomena) (10). Constitutive discourse analysis has been used in fields thematically related to this study such as marketing research and the sociology of science (11, 12).

Discourse is defined inclusively as “any form of spoken interaction, formal and informal, and written texts of all kinds” (11). Potter and Wetherell argue that we use discourse for various functions (to order, persuade, accuse, etc.), and the linguistic choices they make vary according to the function they are pursuing. Identifying discursive patterns is the first step, with the aim being to hypothesize the intended (or unintended) functions of those patterns in their context, and finally to consider the consequences of those discursive patterns. Figure 1 presents the steps of the adapted constitutive discourse analysis method and Figure 2 illustrates the relationships between the patterns, functions, and consequences in the analysis portion of the method in more detail.


[image: Flowchart diagram outlining a qualitative research process with six stages: sample identification (n equals 25), website scraping (n equals 60), grounded coding, identification of discursive patterns (consistency n equals 2, variation n equals 1), contextualization, and analysis (functions n equals 2, consequences n equals 3).]
FIGURE 1
Summary of the constitutive discourse analysis method steps.




2.2 Sample identification

The sample identification process was completed in collaboration with Evangelista et al. (13). Google searches between September 2022 and January 2023 with different combinations of keywords (acoustic biomarkers, vocal biomarkers, voice as a biomarker, acoustic analysis, start-ups, companies, and investments) were used to identify start-ups in the field. Content broadly related to voice AI and voice as a biomarker of health including news articles, press releases, editorials, financial reports, advertisements, and scientific publications was also screened to identify relevant companies (13). To be included in the study, start-ups must have an English-language website and focus on the utilization of vocal or speech analysis to screen, diagnose, monitor, or treat disease. Exclusion criteria can be found in Table 1. Two researchers (EE and HG) identified 24 start-ups that fit these criteria. One start-up (#23) was identified later, before the grounded coding process began, deemed to fit the inclusion criteria, and added to the study, bring the total sample to 25 start-ups.


TABLE 1 Sample identification exclusion criteria.

[image: Table with two columns labeled Criteria and Description lists exclusion criteria for start-ups: non-English language websites, non-human health focus, not using voice as a biomarker of health, no public website, or not active as of July 2023.]


TABLE 2 Finalized codebook from grounded analysis.

[image: Table with two columns labeled “Code/sub-code” and “Definition” listing voice AI-related terms such as artificial intelligence, voice biomarker, descriptors, and their definitions including subcategories like accessibility, accuracy, privacy/security, information on creator, superlative descriptors, and validation/certification.]



2.3 Website scraping

Each of the 25 start-up websites was carefully reviewed by two researchers (HG and AB) to select all webpages providing information about the start-ups and their voice or speech-based products, services, and technologies (e.g., webpages labeled Home, About, Technology, Products, Science, FAQ, etc.). Webpages or parts of webpages containing blog posts or referring to external links or documents (e.g., media headlines, academic publications) were not included in this sample as the scope of this study is limited to the discourse produced by the start-ups themselves and published on their website (not an external link). Selected webpages were screen captured between February 8th and March 6th, 2023. For the start-up (#23) that was discovered later (on March 3, 2024), the Wayback Machine was used to access the version of start-up's website that was publicly available in February 2023. Due to variation in website design (the total number of webpages per website), between one and seven webpages were captured per start-up. In total, 60 webpages were selected, captured, and uploaded into the qualitative analysis program NVivo 14 (14).



2.4 Grounded coding

Grounded coding is the process of categorizing words, phrases, and paragraphs into themes without a pre-defined coding grid. This “grounding” allows for themes, patterns, and discrepancies to emerge directly from the text. The text is examined from a literal, neutral perspective, without making assumptions based on the context or the researcher's presuppositions about the creator of the text. For example, the code “Becoming a Reality” emerged from the observation of a repeated phrase in the quotes “Extracting medical patterns from voice is becoming a reality” (#1) and “Detecting diseases from the voice? What initially sounds like a future scenario could soon become a reality thanks to modern AI technology” (#2).1

An initial coding grid was built by one researcher (AB) during the first round of grounded coding. The researcher (AB) then refined the coding grid, merging, adding, or removing irrelevant codes (see Table 2 for final coding grid). This coding grid was reviewed and validated independently by each member of the research team (HG, JCBP). A second round of coding was then conducted to apply the refined coding grid to all the webpages. Finally, three co-authors (AB, HG, JCBP) reviewed the results to determine the coding process was complete.




3 Analysis


3.1 Identification of discursive patterns

The first phase of the analysis consists of identifying discursive patterns in the sample. Discursive patterns are features of the sampled texts that are either consistent or varied throughout the sample. These patterns can either relate to the content (i.e., topics mentioned, recurring themes, etc.) or the form of the text (i.e., how topics are described; stylistic choices etc.). Discursive patterns emerge naturally from the grounded coding process, as each code is created when a pattern is identified. Some of the identified discursive patterns consist of multiple related codes, while others are a single code. Not all codes that emerged from grounded coded are reported in the results section as discursive patterns, only those for which hypotheses for their function were made in the process of contextualization. Patterns of consistency are expressed with a quantitative element (by presenting the quantity as n, and relative weight as a percentage) to give the reader a sense of the degree of consistency of a pattern in the sample. Patterns are qualified as being varied the content is consistent between multiple start-ups, but the form is varied. For example, of the 32% of start-ups that mention the voice datasets used to train their AI technology, only one start-up thoroughly describes their data collection methodology. This outlier start-up thus represents variation in the sample.



3.2 Hypothesizing functions and consequences through contextualization

In the second phase of the analysis stage, hypotheses of the functions and consequences of the discursive patterns are raised, and linguistic evidence is provided from the start-up website discourse to verify these hypotheses (9). Functions are defined as the underlying purposes of discursive patterns, in other words, the reasons why the sampled start-ups choose the words and language that they do. Consequences are broadly defined as the effects discursive patterns have on various actors (e.g., individuals, groups, institutions, etc.) and the society in which the discourse is produced. In this study, hypotheses are made by examining the context, defined as the reality or environment in which the discourse is constructed. In practice, this process of contextualization was carried out by analyzing the existing literature on the different contextual elements that affect the behavior and discourse of the sampled voice AI health-tech start-ups.

As illustrated in Figure 2, the consequences of the discursive patterns are part of a feedback loop as they are both constitute the discourse and context and are constituted by the discourse and the broader context. As in biological evolutionary processes, there is reciprocal causation in this relationship, whereby discourse is both constitutive of and constituted by: (a) the actors that produce it (e.g., voice AI start-ups) and the audience the start-up intend to reach (e.g., end-users and investors); (b) the environment in which it is produced (e.g., the broader voice as a biomarker research field and the socio-economic context of modern healthcare systems). Examining this reciprocal causation is in line with other studies that explore how “health discourse is mutually shaping/shaped by current digital environments” (15).


[image: Flowchart illustrating how discourse, represented by any form of written or spoken language, leads to discursive patterns, which inform functions or goals, resulting in consequences that influence context and feedback into discourse.]
FIGURE 2
Summary of the analysis phase of the method.





4 Results: identification of discursive patterns

This section presents the discursive patterns identified in the text of the voice AI health-tech start-up websites. Three main patterns emerged during the grounded coding and analysis phases (see Table 3): a pattern of thematic consistency in the descriptive words used to qualify voice AI technology (A); a pattern of stylistic consistency in the use of comparative and superlative to qualify voice AI and/or the start-up (B); and a pattern of variation in the quantitative and/or qualitative descriptors used to qualify voice datasets used in the development and training of a voice AI technology (C). While the first two patterns relate to the way start-ups tend to qualify their technology, their organization, or their team, the last pattern relates to the way start-ups describe (or do not describe) their training voice datasets.


TABLE 3 Summary of discursive patterns.

[image: Table with three rows summarizing language patterns in AI technology descriptions. Each row details a pattern, key features, and findings: Pattern A covers consistency of descriptors like efficacy, reliability, and safety; Pattern B involves comparative and superlative language for positioning; Pattern C notes variation or omission in describing voice datasets, including terms like diverse, unbiased, or quantitative specifics.]


4.1 Pattern A: thematic consistency of descriptors

The first discursive pattern that arose from the grounded coding process was the recurrence of similar themes. Specifically, most websites use similar descriptive language (hereafter “descriptors”) to characterize their voice AI technology. The most consistent descriptors are categorized in nine themes: accessibility, time-efficiency, cost-effectiveness, scalability, accuracy, objectivity, data security/privacy, non-invasiveness, and control. Although each of these descriptors (and their identified synonyms) hold a specific meaning, these terms either tend to convey efficacy (i.e., in terms of gains of time, resources, or ease to access/use for the end-user); reliability (i.e., in terms of accuracy and objectivity); or safety (i.e., the absence of physical risks for the end-users).


4.1.1 Efficacy (accessibility, time-efficiency, cost-effectiveness, and scalability)

Descriptors related to the ease of access/use and efficiency of voice AI products are the most consistent pattern identified in the sample, used by 19 out of 25 start-ups (76%). Examples of descriptors related to accessibility include “easy to use,” “usable for anyone, anywhere, anytime,” “compatible with mobile devices or device agnostic,” “simple,” “seamless,” “age/elderly friendly,” and “convenient.” Terms like “democratizing” are also used to emphasize the ease of access: “accelerate innovation and personalization in healthcare by democratizing access to advanced technology solutions and real-world data to deliver long impact results to patients” (#18). Efficiency is most often used to refer to time. “Fast results,” “real-time,” and “instantly” are examples of descriptors that were coded under this theme, reflecting the speed of these novel AI-based technologies to analyze voice samples. The concept of time-efficiency is also expressed by quantifying the duration of voice samples necessary for technology to analyze and deliver results. For example, one company states “6–30 s for voice health detection” (#20), while another states “Earlier Alzheimer's detection anywhere in 10 min” (#15).

Cost-effectiveness is a descriptor used by 60% (n = 15) of start-ups. It is both referenced as an absolute; “hardware free, extremely low cost, scalable, remote or local” (#7); and in relation to existing diagnostic or monitoring tools/technologies; “[#6] allows cost-effective, non-invasive monitoring for clinical deterioration and patient monitoring – detecting issues earlier and preventing readmission.” Cost-effectiveness is sometimes used in relation to specific beneficiaries such as patients, clinicians/health care providers, or insurance companies. For example, under the subtitle “patients”, one start-up states that they their technology can “save time, anguish, and money by reducing hospital visits,” and below, under the subtitle “health care providers,” it states, “Detect flare ups earlier and administer treatment to prevent deterioration, improved coordination and delivery of care, save costs of hospitalization” (#12). Another start-up (#22) states that “our voice biomarker algorithm and care coordination platform lowers the cost of care by reducing 9%–13% of unnecessary hospitalizations,” in the section of website headed “Insurance Companies.” Cost-effectiveness is also used more broadly in one case, in which a start-up states that an advantage of their product is “reduced expenses and increased financial margins throughout the continuum of care” (#9), seemingly relating cost benefits for all actors in the healthcare system.

Scalability is the last consistent descriptors in this category (n = 11; 44%). The sampled start-ups use the terms “scalable,” “at scale,” and “replicable,” seemingly to express the potential of their technology to expand, although the term is not explicitly defined by any of the start-ups. One start-up states: “Scalable: mass deployable sensor, only standard microphone needed” (#2). Another start-up claims “Truly borderless wellness. Language-agnostic and device-agnostic, [#6] powers global solutions,” showing that their technology functions at the global scale.



4.1.2 Reliability (accuracy and objectivity)

Accuracy is used by half of the sampled start-ups to describe their technology (n = 13; 52%). Accuracy is referred to in absolute terms, in relative terms compared to existing diagnostics, and is often quantified with percentages. For example, one start-up claims that “Voice AI detects even slight symptoms, signiﬁcantly increasing the chances for early detection. With COVID-19 or Parkinson's we reach up to 92% accuracy” (#2). It is unclear what it means to reach “up to” 92% accuracy.

Over a third of start-ups (36%, n = 9) used terms related to objectivity to qualify their technology, including two start-ups that used the descriptor “quantifiable.” For example, two start-ups emphasize the objective nature of technology as compared to traditional (human-based) diagnostic to convey the idea of reliability and lack of bias in diagnostic tools. This can be seen in these two quotes: “Majority of diagnostic and treatment decisions derive from subjective, secondary, biased and spontaneous reporting data. Given the heterogeneity and evolving nature of practice, novel approaches are required that actively learn from each patient and provide evidence-based metrics, so as to reduce treatment resistance” (#18); “We're bringing healthcare into the digital era using voice AI, replacing subjective measurements with objective, actionable data” (#6).



4.1.3 Safety (data security/privacy, non-invasiveness, and control)

Start-ups consistently mentioned the security measures taken to protect the user's voice data collected by their technology (n = 11; 44%). Six start-ups (24%) do this by qualifying their product as compliant with American (HIPAA) or European (GDPR) health data privacy regulations. Others simply qualify their product's platform as “secure” or “safe.”

Although less consistent than other descriptors, the ease, comfort, and safety of voice AI as a non-invasive technology is reported by 20% of the start-ups (n = 5). In one case, a start-up compares their technology to existing methods, stating: “Our real-time speech analysis API detects diseases and clinical conditions earlier and less invasively than traditional methods.” Non-invasiveness is also used to generate the idea of comfort and ease for the end-user. For example, non-invasiveness is used in reference to the data collection procedure: “non-invasive audio collection for comfortable, stress-free analysis anytime, anywhere” (#6).

Another theme that emerged refers to generating a sense of control over one's own health. Seven start-ups (28%) characterize voice AI technology as a way to empower end-users to manage their own health: “empower patients to diagnose and manage respiratory disease” (#17); “empower people to more effectively manage their health” (#20); “we aim to deliver accessible, affordable, accurate health insights so you can take charge of your health” (#19); “giving you control over your health” (#9). In another example, empowerment is also broadened to caretakers, beyond patients: “this is the only non-invasive, easy to use medical grade, CHF monitoring device that offers patients and caretakers peace of mind and a true sense of control” (#9).




4.2 Pattern B: stylistic consistency of comparative and superlative language

A second consistent pattern emerged in the stylistic ways start-ups described themselves. This consistent pattern relates to the use of comparative and superlative language when describing either the technology or the start-up itself. This pattern conveys a sense of superiority, either in absolute terms (i.e., generalization of excellence detached from any comparison point) or relative to existing methods not reliant on voice AI or other voice AI health-tech tools.


4.2.1 Comparative descriptors: superiority over existing (non-voice AI) methods

Most start-ups (64%; n = 16) use comparative descriptors to qualify their technology favorably to existing disease detection, diagnostic, or monitoring tools. Relative terms such as easier, cheaper, faster are frequently used. For example, one start-up states: “Our vocal biomarker technology is more accurate and models more data points than existing screening methods. [#6's] vocal signatures, AI, and machine learning detect mood and disease states before presentation of observable symptoms and ahead of traditional clinical screening” (#6).

A third of the start-ups (32%; n = 8) take their comparisons with existing tools further by claiming that voice AI will become the new standard of healthcare. Phrases such as “Voice AI is the future, and [#6] helps partners stay ahead of the curve,” (#6) and “We are surfing the wave of innovation with those who can keep up with the speed” (#24) exemplify this discourse. One company states at the top of their home page that “Voice is the new blood,” (#1) seemingly alluding to voice replacing blood as the standard sample or source of health data for medical testing. Other companies state that they are “unlocking a new paradigm of patient care,” (#3) “giving voice to a new standard of care,” (#10) “creat[ing] the next generation of care,” (#18) or providing “the new standard for assessing wellness” (#6). Another start-up states as the headline of their homepage “Today, there is no objective and scalable measure for the severity of anxiety and depression,” with the sub-header “We're solving that problem” (#10). These statements characterize the impact their technology will have on healthcare as inevitable and transformative.



4.2.2 Superlative descriptors: superiority among voice AI health-tech

Superlative descriptors are also used somewhat consistently (28%; n = 7) in the sample to qualify either the technology marketed on the website, the company and its team, or both. These superlatives include terms such as “best,” “most innovative,” and “most cutting-edge.” Start-ups qualify their company or their technology as “world-leading,” “world's most advanced,” “pioneering,” “first-of-its-kind,” or “best-in-class.” For instance, start-up 6 describes its technology and developers as “Best-in-class voice AI SaaS, brought to you by industry leaders in speech and language technology,” and “First-of-its-kind patented vocal biomarker technology.” The same start-up also states that they have been “awarded more patents than any existing speech AI company” (#6). Another start-up claims that they have the “Most Cutting-Edge Voice AI Technology” (#23). Finally, some start-ups showcase unique validation of their technology, for example, having the “only patents specific to screening for disease using voice AI” (#6) or the “Only Clinically Validated Vital Sign for Mental Health” (#10).




4.3 Pattern C: varied amount of information about training data

A discursive pattern of variation emerged from the analysis of the ways the sampled start-ups qualify the voice datasets used to train or develop their voice AI technologies. Voice data is mentioned in the sample as one of two categories: (1) voice data collected from the end-user's use of the voice AI product; or (2) voice datasets (and possibly associated health information) that are used to train the AI technology. The first category is often described in relation to privacy and security (see above in the “Safety” subsection of Pattern A), but the second category of data is less consistently described or mentioned. Only eight start-ups in the sample (32%) mention their training voice datasets on their websites, most frequently to characterize them as “diverse,” either explicitly or indirectly. Notably, the other 17 start-ups (68%) did not mention or qualify the data used to train their technology anywhere on their websites.

Four start-ups provided a few numerical statistics to characterize their data collection such as “25 countries, 190 sites, 24 languages, 140,000 recordings,” (#16) “85,000+ individual research subjects, 1.2 million + voice samples” (#20), or “almost 400 million sound samples, all of them collected in the real world, across almost every country and every socio-demographic segment” (#13). Others characterized their data/datasets as diverse (n = 3), unbiased (n = 1), robust (n = 2), or “world's most comprehensive” (n = 1). Only one start-up explained the importance of diverse data, stating “AI models identify patterns based on training data. Bias can find its way into AI models if the training sample is skewed. For example, if a group of people were over- or underrepresented in the sample, or if their data was collected during unusual circumstances (such as during a pandemic)” (#8). This same start-up also reported that “Our researchers are continuously verifying that our models are not biased based on demographics, environmental conditions, timing, or other factors” (#8).

Finally, one start-up provided a thorough quantitative and qualitative description of their training voice dataset, acting as an outlier among the start-ups.

Patients were diagnosed and recruited by psychiatrists from six different mental health hospitals across the [country (de-identified)], following DSM-5 standards. Patients were given an H5 miniprogram for the voice sample collection, and the collection process was carefully designed, covering long vowels, number counting, rainbow passages, speech under cognitive load, open questions etc. Our mental health dataset [de-identified] now contains more than 43,000 audio sessions, collected from depression patients, anxiety patients, non-depression non-anxiety people etc., and it's by far the biggest audio dataset from DSM-5 diagnosed patients (#23).

This description includes details on the start-ups' data collection methodology, including the location and number of collection sites, the type of voice samples collected, and disease category of participants. Overall, the most notable discursive pattern related to data in this sample was the pattern of omission, with 68% of the companies not mentioning their AI training data.




5 Discussion: functions and consequences of the voice AI health-tech start-up discourse

This adapted constitutive discourse analysis method relies on contextualization to hypothesize the functions of the discursive patterns identified in the results (see Figure 2). While each start-up is operating in its own local, situated context, the start-ups in this sample have a number of contextual elements in common. These commonalities are examined to contextualize the sampled start-up website discourse and hypothesize why they are using the language they are. The first common contextual element is that all 25 start-ups are operating in countries whose healthcare systems are in the process of digitalization. Second, these start-ups seem to be targeting a common audience with their websites, which includes diverse range of actors. Third, these start-ups are part of the “digital health” sector and aim to project legitimacy and create value for their innovative products within this space. Fourth, voice and speech biomarker research (in both the public and private sectors) is still quite new, and standards for datasets in this field are unclear or undetermined. Fifth, the private sector is not incentivized to be transparent about their training datasets. Two hypotheses of functions emerge from the contextualization process: (1) consistent patterns A and B (thematic and stylistic descriptors) serve to simultaneously legitimize the voice AI health-tech as part of the larger digital health sector and distinguish start-ups and their products from their competitors within the smaller voice AI health-tech field; (2) pattern of variation C (training data) is due to a lack of standards in generating voice datasets for health and incentives for private industry to be transparent about their data. These hypotheses are introduced through the context and then linguistic evidence from the results is presented to validate them (see Table 3 for a summary of the discursive patterns and Table 4 for a summary of the functions and consequences).


TABLE 4 Summary of functions and consequences.

[image: Table summarizes factors, key points, and implications related to voice AI healthcare start-ups, highlighting contextual influences, legitimacy strategies, data opacity, consequences of different communication patterns, and recommendations to enhance public trust and transparency in digital health innovation.]

Three hypothesized consequences emerge from this process. The first is that the consistent descriptors of patterns A and B describe significant reconfigurations of healthcare as objectively positive for a variety of actors, but in practice these reconfigurations are unpredictable and could also have negative impacts on patient outcomes or doctor-patient relationships. The second consequence is that pattern C, lack of information about training data, could amplify the inherent risks of using algorithmic evidence for health applications. Third, it is possible that patterns A, B, and C could negatively affect public trust in voice AI health-tech while this field is still new and holds much potential.


5.1 Pattern A and B: strategic marketing in digital health and unpredictable healthcare reconfigurations


5.1.1 Elements contextualizing patterns A and B


5.1.1.1 Digitalization of healthcare systems

The start-ups identified for the study are all based in Organisation for Economic Cooperation and Development (OECD) member or key partner countries, whose healthcare systems face a similar set of complex and pressing issues: aging populations, shortages of healthcare professionals, and unsustainably high costs for both patients and institutions, among others (16). Digitalization is seen as a way to use technology to solve some of these issues, and healthcare systems in OECD countries have digitalized to varying degrees over the past decades (17). Large and small actors (including start-ups) in the private sector are most often the innovators that leverage technology to produce and market digital tools intended to address the deficiencies of modern healthcare systems.



5.1.1.2 Voice AI health-tech as an emerging market within digital health

Digital health can be defined as knowledge and practice associated with the development and use of digital technologies to improve health, encompassing subfields such as telemedicine or telehealth, mHealth, and algorithmic medicine (18, 19). The products being marketed by the voice AI health-tech start-ups in our sample fit this definition and into these sub-fields, as they use mobile phones (mHealth) to diagnose or monitor diseases or conditions remotely (telemedicine) using AI (algorithmic medicine). Digital health is a burgeoning market that has grown exponentially in the past decade, largely because of government initiatives promoting it to transform healthcare (20). Digital health was valued at $240.9 billion in 2023 and projected to grow at a compound annual growth of 21.9% from 2024 to 2030 (21). Start-ups have become key players in this sector, leveraging the unprecedented technological advancements of the last decade to produce digital health solutions that aim to shift the way we provide care (22).

Voice AI health-tech is a new field within the digital health sector, and the sampled start-ups face the challenge of creating a new market for their innovative voice AI health-tech products. Voice AI health-tech is a promising innovation that could benefit patients, clinicians, and other actors in the healthcare system, but these start-ups must convince these actors, as well as investors, of the value of this innovation before they can market their product effectively. Two additional factors present in the voice AI health-tech field potentially increase reluctance among investors and other interested parties: limited availability of information about firms because of their newness and the lack of actual results firms have to prove the value of their products (23). These start-ups thus must strategically use their website, as their public platform, to justify the legitimacy, distinctiveness, and value of their innovative products.



5.1.1.3 Addressing a diverse audience

The type of discourse used by start-ups on their websites is heavily influenced by their intended audience. A key audience of these websites are the end-users of the product, or “consumer target.” In the case of voice AI health-tech, the consumer target includes a diverse set of actors within the sensitive and fragmented environment of healthcare (i.e., patients, clinicians, health administrators and others within the healthcare system). Each have varying needs, priorities, and literacy levels, and start-ups must carefully tailor their discourse to account for these discrepancies (24). For instance, the information provided on the website must simultaneously be clinical enough to convince clinicians of its validity and simple enough to be accessible to patients in the general public. The audience may also vary depending on the type of product market (e.g., FDA approved medical device for clinical use is distinct from a direct-to-consumer “wellness app”).

Beyond the consumer target (or end-users), the website discourse must also be oriented toward marketing the start-up itself as a valuable investment, beyond their products. Investors are a key target audience of these websites, as the start-up business model relies on external funding until the product is ready to go to market. These investors are typically from the private sector (e.g., venture capital firms, larger technology firms, pharmaceutical companies, etc.), but start-ups can also access funding through public institutions such as the NIH and the National Science Foundation (NSF) through grants and other sources.

Another important part of the audience are public and private insurance payers. Most health-tech products are not intended to be paid out of pockets by end-users, meaning that the traditional rules of supply and demand do not apply in the process of commercialization (25). For example, a voice AI health app may require a prescription from a healthcare professional in order to be paid for by third actor (decision maker in the healthcare system, third-party payer, etc.), which will influence the end-user's (i.e., the patient) decision to buy the product or not (25). As such, the marketing process involves a complex audience because a number of different actors are involved in the acquisition and use of health technologies.




5.1.2 Function: strategic marketing leveraging legitimate distinctiveness

The context of digital health and start-up strategies for creating value in new markets, we hypothesize that the function of the consistent thematic and stylistic use of descriptors identified in the results as patterns A and B is a marketing strategy called “legitimate distinctiveness” (26). Legitimate distinctiveness can be a powerful way to establish a space for an innovative product in an existing market. Innovation is a complex process which motivates social change in a market, but to catalyze that change entrepreneurs must convince investors and other interested parties that their innovation is valuable (26, 27). Entrepreneurs employ a diverse set of discursive strategies to justify the value of their innovation and attain investor support. Legitimate distinctiveness is one such strategy, which aims to convince investors that the company and the product(s) fit into the existing market and simultaneously stand out within it (23). Legitimate distinctiveness assumes that investors first evaluate a start-up or other firm broadly within a relevant category (a market or industry), assessing whether the start-up is a legitimate member of that category. Legitimacy, in this case, is defined as “generalized perception or assumption that the actions of an entity are desirable, proper, or appropriate within some socially constructed system of norms, values, beliefs, and definitions” (28). Investors then make within-category distinctions, assessing distinctiveness from other rival firms (23).

According to this strategy, voice AI start-ups, who are developing an innovative, novel product, seek legitimacy by aligning themselves to fit within the more established digital health sector. The types of descriptors used to qualify the health-tech, the comparisons to existing methods of care, and the “new standard of healthcare” and “empowerment to manage health” discourses are all common in the broader digital health discourse (29). Voice AI health-tech start-ups thus fit in and are legitimized by echoing these promises. Also present is discourse that differentiates start-ups and their voice AI health-tech from the rival firms and their technologies using superlative language, signaling distinctiveness within the field.


5.1.2.1 To legitimize: reliance on promissory discourses of digital health

Marent and Henwood (29) and Pickersgill (30) find that promissory discourses are common in the presentation of digital health technologies as they are with other types of innovative products (29, 30). Quantification, connectivity, and instantaneity are three promised benefits of digital health technologies—ways which technology is expected to transform healthcare—typically laid out in such discourses (29). Quantification refers to the transformation of patient health conditions into data points. Connectivity refers to the possibility of accessing medical services anywhere, at any time. Instantaneity refers to the self-tracking and self-management of disease through digital technologies that monitor patients and prompt them in real-time (29). These three digital health discourses match the descriptors found in the sampled voice AI health-tech website discourse. Quantification aligns with objectivity, accuracy, and scalability. A quote from start-up 3 exemplifies quantification in the sample: “Speech analytics provide objective, repeatable metrics—unlocking a new paradigm of patient care.” In this phrase, speech analytics technology positively transforming patient care through quantification, which is referred to as “objective, repeatable metrics.” Connectivity aligns with accessibility, as these products can be used anywhere, and results can be transferred to a clinician through the internet. Instantaneity aligns with time effectiveness and control. Results from voice AI technologies are delivered “instantly” or in “real-time,” and start-ups highlight that this aspect of the product “empowers” patients, putting them in control of their own health.

Marent and Henwood (18) addresses the “utilitarian argument” and the “empowerment argument” often put forth by digital health companies, both of which also align with promises of better care (Pattern B) and empowered patients (Pattern A, subpoint c) control) (18). The utilitarian argument claims that digital health technologies increase the efficiency, effectiveness, and quality of health services, which the sampled start-ups echo in their use of time efficiency, cost effectiveness, and accuracy. The empowerment argument claims that digital health technologies give patients (and the public more generally) ways to manage their health by being able to access their personal health data and receive timely feedback accordingly. This idea of patient empowerment was also common in the sampled start-up discourse, for example, in this quote: “We aim to deliver accessible, affordable, accurate health insights so you can take charge of your health” (#19). Van Dijck and Poell also identify a common discursive regime among digital health platforms in promising to “transform medicine into personalized health care with the intention to serve the public good,” which relates to the pattern we identified in the sample characterizing voice AI health-tech products as a new standard of care (31). The consequences of these promissory discourses commonly found in the digital health sector will be discussed further in the consequences section below.



5.1.2.2 To distinguish: use of superlatives

The distinctiveness aspect of the legitimate distinctiveness marketing strategy refers to discursive ways firms distinguish themselves from their competitors and thus stand out to stakeholders. Of the start-ups in the sample, 27% (n = 7) used some form of superlative to describe their product or company. Start-ups in our sample do this by using superlative descriptors to qualify their product or company or by claiming they have the most validation or are the only start-up to have a certain kind of validation.

We hypothesize that the distinctiveness discourse is not as prevalent as the legitimacy discourse for a few reasons. The first is that the sample of start-ups is relatively diverse in terms of disease cohort and end-user, making these companies/products distinctive from each other. Second, voice AI health-tech is a new market with most of the sampled start-ups being less than 10 years old. Because this sector represents a new, relatively untested market, convincing investors of the legitimacy of the company and product may be more important than standing out from the relatively small field of competitors. As the voice AI health-tech market grows, it is possible that firms begin to distinguish themselves more.




5.1.3 Consequence: unpredictable reconfigurations of healthcare

Marent and Henwood (29) frame quantification as a reconfiguration of knowledge, challenging the conception of health data as neutral and objective by examining how quantifying apparatuses in medicine produce phenomena. Algorithmic technologies are necessarily quantifying, turning human health into representative numerical data. Quantified health data representing the human voice is a reconfiguration of the aural recognition of health that human doctors use to diagnose or monitor conditions. This reconfiguration is not neutral or objective, as claimed by many of the sampled start-ups, it is based on decisions and processes made when data is produced, categorized, and reported (29). Other critical scholars echo this, arguing that quantified health data is necessarily produced through reductive means that affect how the human body is rendered (32). We find that this critique is relevant to the voice AI health-tech start-up discourse, and that the quantification of health data is not as objective or inherently positive as the sampled start-ups characterize it. One example in the sample is the claim by start-up #2 that their technology is “up to 92% accurate.” This claim could mislead users to think that the technology is 92% accurate in any circumstance as there is no context explaining what that percentage means, what clinical endpoint it compares to, or in what population that level of accuracy was attained.

Like quantification, the connectivity and instantaneity provided by digital health technology reconfigures relationships and control within the healthcare system. Different interaction environments, for example, prompts related to a health condition that pop up as a phone notification instead of being reported and explained by a doctor face-to-face, reconfigure the connection one has to their doctor and their health (29). This can have consequences if a patient has a low level of digital competence, misunderstands the prompt, and acts according to that misunderstood information. Additionally, having health conditions constantly monitored by devices and reported through prompts changes how health tasks are distributed. Patients' routinized, intuitive ways of acting are reconfigured by instant and continuous health notifications, and the relationship with their human doctor is affected (29). In sum, the quantification, connectivity, and instantaneity of voice AI health-tech and digital health technologies more generally reconfigure different aspects of healthcare. Reconfigurations are not necessarily negative, and it is commonly argued that healthcare systems need to be reconfigured considering their diminishing capacity to treat an increasing number of patients, but employing consistently promissory, positive characterizations of a technology without addressing any of its challenges or negative implications paints an inaccurate picture of this technology. However, it is important to note that start-ups operate in a competitive space and must convince investors and other actors of the value of their product to survive. In this context, start-ups have little choice but to follow the marketing strategies typical of the digital health sector to maintain their legitimacy.




5.2 Pattern C: opacity by necessity and algorithmic risk


5.2.1 Elements contextualizing pattern C


5.2.1.1 Lack of standards for voice data generation and regulatory uncertainties

In the public sector, a key barrier to voice biomarker research is the lack of accessible, large-scale, diverse voice and speech datasets (1, 33). The lack of technical and ethical standards for collecting voice and speech data for health purposes poses another barrier (1, 13, 34). This lack of standards holds back research by limiting the interoperability of data. For example, there is no standard sampling rate and signal to noise ratio for voice and speech datasets for health, even though it has been found that a minimum rate and ratio are necessary for accurate analysis and utility (33, 35). Regarding the private sector, Evangelista et al. (13) finds that there is a lack of standardization in voice data recording methods and data storage among voice AI health-tech start-ups (13).

Voice AI health-tech start-ups need to access or generate voice datasets to train their AI-based technology, just as researchers in the public sector must access or generate datasets to validate their hypotheses. Thus, the issues of data access and data standards in public research affect start-ups as well. Additionally, the complexities of regulatory frameworks governing voice data, such as HIPAA in the United States and the GDPR in the European Union, often lead institutions to classify voice and speech as identifiable biometric data. This classification necessitates stringent protection and control over access to voice datasets to ensure compliance, even when the actual risks to data protection may vary. These stringent regulations can lead institutions to implement rigorous controls over voice data to ensure compliance, sometimes resulting in limited access to such datasets for research and development purposes.



5.2.1.2 Lack of incentives for transparency in the private sector

While the challenges surrounding datasets are shared between the public and private sectors in the voice biomarker field, incentives and norms surrounding publication and transparency differ. In public research, for a study to be published in a peer-reviewed journal, the dataset, including the method by which it was collected, must be thoroughly reported. In the private sector, where profit replaces knowledge production as the key motivator, transparency and the publication of peer-reviewed research are not incentivized. The term “stealth research” was coined in a 2015 article about Theranos and other biomedical innovators to refer to their strategy of keeping the science behind their technology a secret and avoiding publication of peer-reviewed research (36). Start-ups are not incentivized to publish, as it has been found not to impact a company's valuation in any way, and it takes time and limited resources (37). Reticence to publish and thus publicize information about technology and data in the private sector can be seen as prioritizing innovation over transparency. Stealth research and the lack of transparency that comes with it create challenges for actors in the healthcare systems to understand the clinical robustness of claims made by digital health companies, especially because these companies tend to have limited regulatory filings, clinical trials, and publicly available data (20).




5.2.2 Function of pattern C: opacity by necessity

We hypothesize that there is a pattern of variation regarding the amount of information start-ups published about training datasets (pattern C) because there is a lack of standards for such datasets in this novel field, and due to this lack of standards, start-ups face more risks than benefits in being transparent about their datasets. Without established standards for voice data collection and voice datasets for health more generally, start-ups have no baseline with which to compare their data collection practices or datasets. In this context, publishing detailed information about their dataset could open start-ups up to criticism or competitive differentiation. Moreover, there are no laws or regulations that force private sector actors such as start-ups to be transparent about such information. In this environment, it is a risk for start-ups to report information about their datasets. Regarding benefits, there is no precedent for transparency leading to higher investment or other material advantages in the private sector of the digital health field. The lack of benefits is exemplified by the fact that investors have historically not incentivized transparency via peer-reviewed publication in digital health (37). Opacity about training datasets thus seems to be a systemic problem related to the lack of data standards in the field, and the increased risks and lack of benefits for health-tech start-ups to be transparent.

The sampled start-ups that did mention their training datasets generally did so to make their dataset seem extensive and high-quality. This can be seen in the four start-ups that used statistics to quantify and qualify their data, claiming they have, for example, millions of samples from “almost every country and every socio-demographic segment” (#13). There is no way to validate these claims without more information about the data collection process, but at face value the numbers sound impressive, making them a potentially useful marketing tool.

It is unclear why one start-up published a thorough description of their dataset and data collection methodology, but there are few factors that may be at play. The outlier start-up is unique in that it is the only one from this country in the sample. The regulatory environment and norms around transparency may be different in this country, although we could not verify this in our research.



5.2.3 Consequence: algorithmic risk amplified by data opacity

We hypothesize that opacity about training dataset amplifies the already significant risks that come with using algorithms to monitor, diagnose, and predict disease. Although the term algorithmic risk sounds like it centers the quality of the algorithm, it is the data being analyzed by the algorithm that is arguably more important. The quality and quantity of data used to train an AI technology is the most important factor in its reliability (38). A dataset of insufficient quantity and/or quality can introduce various representation biases (39). Sample bias is one example, occuring when there are differences in training and test dataset population distributions (40). Algorithmic models based on correlation work well when the target population is similar to the training data, but when in a dynamic clinical environment with a heterogeneous population a model that worked in one setting may fail in another (41).

Morley and Floridi (42) present a framework of concerns (based on (43) related to algorithmic use in health care, which illustrate the possible consequences of insufficient training data for AI health-tech. Concerns related to the algorithmic evidence (defined as the output or findings derived from computational processes used to analyze or interpret data) being inconclusive (probabilistic and not infallible), inscrutable (minimal oversight of the specific input data used to generate the outcome), and misguided (outcomes are only as reliable as the data they are based on) are all possible risks for the sampled voice AI start-up products. Lack of transparency about the data that trained these AI-based products makes their algorithmic evidence especially inscrutable and unknown if it is misguided, thus amplifying the risk of algorithmic error. These concerns can lead to AI-based health-tech harming individual patients, but also negatively impacting trust at the relationship (clinician-patient), group, institutional, and/or societal level (42). The authors offer the example of an algorithm leading to patient safety issues that regulators are unable to address, resulting in a loss of public trust in the technology, the institution providing the technology, and the regulatory body (42).

Liu et al. (44) exemplifies the concerns related to sample bias and misguided evidence through an examination of the use of an AI-based oncology tool called Watson for Oncology (WFO) in China. WFO is a clinical decision-support system for oncology therapy selection that was developed by IBM in the US. It was introduced in China in 2017 and had served more than 10,000 patients there when the study was published in 2018. The study found that treatment consistency was only 65.8% in China compared to 96.4% reported in the US (44). The authors found that the lower treatment consistency in China was due to differences, mainly patient physique and available drugs for treatment, between Western and Chinese contexts. WFO was reportedly trained on test cases with patients at Memorial Sloan Kettering Cancer Center (MSKCC) in New York City. The study concludes that WFO must be trained on a unique medical data repository for China to function consistently in that context. This case illustrates the importance of using training data that matches the population where the AI model will be implemented. Transparency about the diversity of the training dataset can build trust by giving stakeholders an idea of how the start-up has navigated representation biases.




5.3 Transversal consequence: considerations for public trust

We hypothesize that public trust in the broader voice biomarker field may potentially be affected as a consequence of the patterns of promissory descriptors and opacity around datasets in the sampled voice AI health-tech start-up website discourse. The promissory discourses in the sample, which, for example, qualify voice AI health-tech as objectively better than existing screening methods, may inspire too much trust in a new, relatively untested AI-based tool. Asan et al. (45) argue that the human-AI trust relationship should be delicately calibrated because a high level of skepticism will negatively affect adoption of the technology while maximized trust will create blind faith in outcomes that are subject to error (45). Promissory discourses like those found on sampled start-up websites that characterize voice AI health-tech as more objective, accurate, and accessible than existing screening methods carried out by human doctors may inspire maximized trust in an AI-based technology that is not infallible. Alternatively, if any of these start-ups rush their technology to market before it is reliable and are scandalized in some way, the level of human-AI trust in general, as well as trust in the voice AI health-tech field, would be negatively impacted.

Alongside other authors and institutional actors in the field (46, 47), we argue that transparency should be the basis for producing trustworthy discourse in the voice AI health-tech sector. One such institutional actor is the World Economic Forum (WEF), which has defined digital trust as “individuals’ expectation that digital technologies and services – and the organizations providing them – will protect all stakeholders’ interests and uphold societal expectations and values” (47). In a white paper, the WEF provides a digital trust framework based on a set of dimensions: cybersecurity, safety, transparency, interoperability, auditability, redressability, fairness, and privacy. Notably, transparency is one of these dimensions. The WEF recommends that organizational leaders go beyond transparency requirements to foster digital trust by reducing the information asymmetry between the organization and its stakeholders/end-users. This digital trust framework and institutional recommendation regarding transparency are examples of guidelines to follow until regulation catches up and is able to the adequately validate voice AI health-tech.

The reliance on promissory descriptors and the lack of transparency around datasets observed in the sampled voice AI health-tech start-up websites should be understood within the structural and economic pressures these companies face, rather than as deliberate attempts to mislead interested parties. Start-ups are fragile actors, navigating a competitive, resource-scarce landscape where their survival depends on their ability to attract investors, differentiate their products, and gain credibility in an uncertain regulatory environment. The norms of digital health marketing—characterized by optimistic, forward-looking claims—are not unique to the voice AI sector but are deeply embedded in the broader innovation ecosystem, where self-promotion is often equated with legitimacy. For many start-ups, adopting this discourse is less a choice than a necessity for competing in a market that demands rapid growth and demonstrable value.

However, this reliance on promissory language is not without consequence. It risks fostering inflated expectations and blind trust in voice AI technologies that are still emerging, and whose reliability and robustness remain subject to significant limitations. While start-ups may not be individually culpable for these patterns, they operate within a system that incentivizes opacity and overstatement to maintain their position. Recognizing this nuance is critical: the problem is not the actions of start-ups alone, but the broader structural dynamics that reward such practices. Therefore, addressing these issues requires systemic solutions—such as standardized transparency protocols, ethical governance frameworks, and marketing guidelines—that shift incentives and foster a more balanced discourse. These measures would enable start-ups to communicate the potential of their technologies responsibly while preserving public trust and ensuring that the voice AI health-tech sector matures in a sustainable and credible manner.




6 Limitations

There are several limitations to acknowledge in this study. First, the 25 voice AI health-tech start-ups identified for this study, while comprehensive for this nascent field, is still relatively small. Expanding the analysis to a broader cross-section of companies could uncover additional discursive patterns or nuances missed here; but it could also explain why certain trends are in fact shared by health-tech start-ups and highlight even in greater clarity what is specific to the voice AI sector. Second, the exclusion of non-English websites prevented a more international perspective on how these start-ups operate across cultures. Given language and cultural influences on how technologies are communicated and received, future analyses should endeavor to be multilingual and multinational to fully capture global discursive variation. Third, it is important to point out that the selected sample of start-ups are, with one exception, all from OECD countries in the Global North. The results are thus not generalizable to the context and health tech market in the Global South. A fourth limitation is that this analysis focused only on the textual content of start-up websites, excluding other linked materials such as scientific publications, blog posts, media articles, advertisements, images, graphics, and awards. While websites provide core public messaging, other communications, including investor pitches, social media, and scientific publications, may use different rhetorical strategies not captured here. A multimedia analysis across various message channels could offer complementary insights. Additionally, start-ups may share more detailed information, such as training data, with clinicians or users upon request for a demo.

Fifth, the static nature of this website snapshot that offers just one cross-sectional view. As companies evolve, so too may their public discourses in ways a one-time analysis cannot account for. Longitudinal studies tracking start-up rhetoric over multiple growth stages could elucidate interesting discursive shifts. Relatedly, the context and motivations underlying the identified discursive patterns remain interpretive given the analytical approach's sole reliance on textual data. Interviews or ethnographic studies with start-up founders, employees, and other stakeholders could shed light on the intentionality and drivers behind the language choices.

Finally, it is important to reiterate that discourse analysis as a qualitative methodology does not produce findings generalizable in the same manner as quantitative experimental research. The insights here represent systematically identified patterns and research-derived interpretations, rather than statistically significant facts. As such, the knowledge claims are suggestive and theory-building rather than conclusive. That said, these limitations are common for much exploratory, interpretive research aiming to open up new conceptual framings and lines of inquiry. The goal is to stimulate further investigation, dialogue, and activity around an emerging issue space. The limitations demarcate avenues for subsequent studies building on these initial explorations using diverse methodologies.



7 Conclusion

The sampled voice AI health-tech start-up website discourse reveals three patterns: the use of consistent (1) thematic and (2) stylistic descriptors typical of the digital health field and (3) variation (but most often lack of) in the amount of information about training data. We hypothesize that the main function of these patterns is to market this new technology as a legitimate, valuable, transformative digital health product to a diverse set of interested parties, including investors, larger firms, clinicians, healthcare administrators, and end-users.

Voice AI health-tech start-ups are fragile actors dependent on external funding that must appear legitimate to a diverse set of actors, prove the worth of their innovative products, and navigate complex regulations within various healthcare systems. These contextual elements explain the patterns of consistent thematic and stylistic descriptors and varied amounts of information about training data we identified in the sampled website discourse. Start-ups are fragile due to their reliance on investment and external funding, and the healthcare system is a murky regulatory environment for such small private sector actors with limited resources. In order to survive, these start-ups must prove their legitimacy and distinctiveness to both stakeholders and end-users. Promises that start-ups’ technology is cost-effective, accurate, and objective, among other descriptors, is the norm in digital health, and thus a signal of legitimacy. A start-up using more cautious language to describe their product would stand out as weak in a field where self-promotion is the standard discourse.

The discourse on voice and speech datasets is less promissory and often completely neglected in this sample. The current lack of standards and general lack of incentives for the private sector to meet certain standards, or to standardize the way their products are presented and marketed help explain the dearth of discourse on datasets and voice AI disclosure. We argue that transparency about the size and diversity of training datasets would make start-ups more trustworthy to various stakeholders, including health-care providers and patients. Integrating AI-based health-tech into healthcare systems will require more trust and explainability in these technologies, and transparency is a step in the right direction.

To facilitate the maturation of the voice AI health-tech sector, there is a pressing need for standardization in the presentation of data practices, transparency around voice AI products, and their associated benefits and risks. Central to this is the development of a standardized protocol for voice data to ensure consistency, reliability, and fairness in the datasets used to train these technologies. Additionally, establishing international standards for applied model cards—describing how voice AI solutions are implemented or applied in real-world health use cases—can enhance clarity and comparability across products. Marketing ethics guidance is equally essential to ensure that promotional materials accurately reflect the capabilities, limitations, and evidence supporting these technologies. Together, these frameworks would foster trust, accountability, and alignment with regulatory and ethical expectations. Start-ups are crucial actors in the voice AI health-tech field as they are the first to be developing products that implement this promising technology and integrate it into clinical settings. Collaboration between start-ups and researchers in the public sector can facilitate the development and implementation of standards and protocols that could improve transparency in the private sector of the field.

Discourse analysis suggests that the voice AI health-tech market remains in its formative phase, as it continues to define its identity, establish its value proposition, and justify its role within healthcare systems. By prioritizing transparency, ethical governance, and standardized practices, this sector can move beyond self-promotional discourse, address concerns around reliability and safety, and navigate the complexities of healthcare regulation. These steps will mark significant progress toward long-term legitimacy, trustworthiness, and sustainability, ensuring voice AI health-tech is positioned as a credible, transformative force in healthcare.
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Introduction: Vocal biomarkers, defined as acoustic or linguistic features extracted from voice samples, are an emerging innovation in medical diagnostics. Utilizing artificial intelligence, machine learning, or traditional acoustic analysis, vocal biomarkers have shown promise in detecting and monitoring conditions such as respiratory disorders and cognitive impairments. Despite their potential, the lack of standardized protocols for data collection and analysis has limited their clinical applicability.



Objectives: This review assesses the current state of research on developing a master protocol for vocal biomarkers, identifying key aspects essential for reducing variability across studies. It also explores insights from digital biomarker research to inform the creation of a standardized framework for vocal biomarker development.



Methods: A narrative review was conducted by searching PubMed for literature on vocal and digital biomarker development. Articles were evaluated based on their proposed frameworks and recommendations for addressing methodological inconsistencies.



Results: Twenty-one relevant articles were identified, including 12 focused on vocal biomarkers and 9 addressing broader digital biomarkers. Vocal biomarker literature emphasized the lack of existing master protocols and the need for standardization. In contrast, digital biomarker research from organizations like the Digital Medicine Society offered structured frameworks applicable to voice research.



Conclusion: There is currently no established master protocol for vocal biomarker development. This review highlights foundational elements necessary for future standardization efforts to support the clinical integration of vocal biomarkers in healthcare.
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1 Introduction

Recent innovations in digital technology have shown promise for advancements in the medical field. Vocal biomarkers are of particular interest due to their noninvasive nature and broad applications. A vocal biomarker can be defined as a characteristic acoustic feature extracted from a voice sample (1). Through traditional acoustic analysis or artificial intelligence/machine learning techniques, these biomarkers can be associated with conditions that affect the voice. The integration of vocal biomarkers in a clinical setting is an emerging field of study. The primary aim of this review is to highlight the need for master protocols in vocal biomarker development, a rapidly growing field with potential applications in telemedicine, early disease detection, and personalized healthcare.

Using vocal biomarkers to monitor health offers several advantages over traditional diagnostic methods. The potential for integration into smartphones and other handheld devices means the ability for a diagnosis without ever seeing a provider (2). This has significant implications for global health, particularly in regions where healthcare access is limited. Different conditions also affect the voice in unique ways, meaning a comprehensive biomarker database would allow for a variety of conditions to be detected. Still, the viability of vocal biomarkers depends on trustworthiness, defined not only by ethical sourcing (including transparency, consent, and fairness) but also by responsible research practices that ensure robustness, reproducibility, and scientific integrity (3).

Because the technology associated with vocal biomarkers is relatively new, its clinical applications have been limited to this date. There are multiple factors that currently prevent vocal biomarkers from becoming a standardized practice in clinical medicine. Many datasets are privatized, and the ones that are available are not large enough to develop meaningful biomarkers (4), reflecting a broader structural issue in which stakeholders and industry lack strong incentives to make their data or methodologies transparent (5). Another significant challenge, and the focus of this review, is the lack of standardization in data collection protocols, necessitating a master protocol for vocal biomarker development.

A master protocol is a predefined, standardized framework that guides the design and execution of multiple related clinical studies within a single overarching protocol. Unlike traditional trial designs, master protocols enable harmonized data collection, consistent methodologies, and improved comparability across studies, ultimately increasing the efficiency and reproducibility of research findings (6). These protocols are particularly valuable in emerging fields like vocal biomarker development, where methodological variability is a major barrier to clinical adoption. Establishing a robust, interdisciplinary framework for vocal biomarkers would enable researchers to systematically evaluate biomarker validity, optimize data collection methodologies, and accelerate clinical translation.

Vocal biomarkers are a subset of digital biomarkers, which can be broadly defined as measurable characteristics collected through digital technologies to monitor normal biological processes (7). In addition to voice, digital biomarkers include metrics such as heart rate, sleep patterns, and gait. These biomarkers are particularly relevant to this study, as they provide a framework for comparison with existing research on vocal biomarkers. Organizations like the Digital Medicine Society (DiMe) have established rigorous guidelines for digital biomarker development, which can inform and strengthen the approach to vocal biomarker research. By leveraging these insights, more robust recommendations can be made for advancing vocal biomarker development.

This narrative review will begin by evaluating a set of studies that discuss the current state of standardization in vocal biomarker development, looking for gaps in the literature and recommendations for future research. Next, proposed master protocols for vocal biomarker development will be examined, comparing strengths and weaknesses and determining if a true master protocol exists. Finally, insights from the literature on digital biomarker development will be extracted to provide recommendations for voice protocol development.



2 Materials and methods

This narrative review examines existing literature on vocal biomarker development and the feasibility of a master protocol for standardization. A structured literature search was conducted, and findings were synthesized using a narrative thematic analysis to identify key trends and gaps in the field of vocal biomarker development.

A comprehensive literature search was conducted using PubMed for peer-reviewed articles. The search targeted studies related to vocal biomarkers and master protocols. Search terms included combinations of “vocal biomarkers” or “voice biomarkers” with “biomarker development” or “acoustic analysis”, as well as “biometric monitoring” with “clinical trials” or “standardization”. Additional searches included “master protocol” or “protocol standardization” in conjunction with “voice” or “speech”. The search was restricted to articles published in English within the last ten years to ensure relevance to current technological advancements.

To provide a relevant comparison for vocal biomarker development, a similar approach was taken using keyword searches and incorporating literature from the more established field of digital biomarkers. Given the broader availability of literature on digital biomarkers, multiple standardized protocols exist, allowing for a comparative analysis between best practices in digital biomarker development and the evolving methodologies in vocal biomarker research. By drawing insights from these well-established protocols, this review contextualizes the current landscape of vocal biomarkers, highlighting areas where methodological approaches align and where gaps remain.

Studies were selected based on predefined eligibility criteria. Articles were included if they investigated the development or clinical application of vocal biomarkers, addressed protocol standardization or methodological challenges, or provided insights from digital biomarker research applicable to vocal biomarkers. Studies that lacked direct relevance, focused exclusively on technical aspects of signal processing without clinical implications, or were published before 2015 were excluded. Non-English publications and duplicate studies were also removed. The selection process involved an initial screening of titles and abstracts to determine relevance, followed by a full-text review of eligible articles.

A narrative review was chosen over a systematic review due to the relatively limited body of research available on master protocols specific to vocal biomarker development. Since this is an emerging field, a broader and more flexible approach was necessary to capture key themes, methodological challenges, and gaps in the literature. Unlike a systematic review, which adheres to strict inclusion and exclusion criteria, a narrative review allows for a more comprehensive synthesis of findings, accommodating diverse sources and perspectives. Additionally, because this review integrates literature from both vocal and digital biomarker development, a flexible methodology was essential to ensure that relevant research from adjacent fields could be considered.



3 Findings

Following the literature search, a total of 21 articles were identified. After a detailed analysis and synthesis, these papers were categorized into three primary themes. The first category, variability in vocal biomarker development, includes five articles that compare and contrast the methodologies used across different study settings, primarily through review articles. The second category, proposed protocols, consists of seven articles that represent the closest examples of a master protocol for vocal biomarker development, covering a range of conditions and methodological approaches. The final category, insights from digital biomarkers, contains nine articles that highlight key findings from digital biomarker research, offering insights that are particularly relevant to vocal biomarker development.


3.1 Variability in vocal biomarker development

The majority of articles in this category highlighted a lack of standardization as a major barrier to cross-study comparison and implementing vocal biomarkers into clinical settings. Without standardized approaches to data collection, feature extraction, and model validation, the reproducibility of findings remains limited. This variability undermines confidence in the reliability of vocal biomarkers and creates significant barriers to regulatory approval and integration into clinical workflows. A master protocol would provide a unified framework to overcome these issues and ensure consistent, high-quality, trustworthy biomarker development.

Several studies illustrate the practical consequences of this inconsistency. A scoping review of voice biomarker applications in pediatric populations found variability across studies as a significant limitation, especially when it comes to the development of biomarker models. The authors explicitly called for the standardization of these methods (8). This sentiment was echoed by Bensoussan et al, citing a “lack of standards” as a barrier to comparing studies and pooling data (4). Even studies demonstrating the effectiveness of vocal biomarkers in disease detection emphasize the need for further validation before clinical implementation. In describing their work finding correlations between certain conditions and vocal biomarkers, Sara JD et al. emphasized the need for further standardization not only to increase clinical applicability but enhance diagnostic accuracy as well (1). Without a standardized framework to guide data acquisition, preprocessing, and analysis, the field risks producing biomarkers that are non-reproducible, biased, and clinically unreliable.

Idrisoglu et al. conducted a more quantitative analysis on variability in vocal biomarker development, systematically reviewing literature on machine learning techniques to diagnose voice-affecting conditions. There were several key findings, including no single dominant machine learning technique being used. The most commonly utilized ML technique, support vector machines, were employed in only 35.2% of studies. Many datasets were also unbalanced and did not include “additional data in conjunction with voice features” (9). This lack of methodological consistency highlights a fragmented research landscape, making it difficult to evaluate which techniques are most effective across different datasets. These limitations reduce the effectiveness of developed models and prevent their generalization to broader populations.

While data collection significantly impacts vocal biomarker quality, additional factors also contribute to variability. After data collection, audio must be compressed before vocal biomarkers can be extracted. An analysis of 17,298 uncompressed voice samples found that the audio compression algorithm used, such as MP3 vs. M4A vs. WMA, affected features crucial for vocal biomarker detection, compromising accuracy. For instance, jitter and shimmer, which are commonly used in clinical voice assessments, were distorted in compressed formats, leading to decreased sensitivity and specificity in biomarker detection (10). This finding suggests that without uniform guidelines on recording and compression methods, researchers may develop biomarkers that are not transferable across platforms or clinical settings.

Taken together, these studies highlight the need for a master protocol in order to standardize the way vocal biomarkers are built and extracted. Filling this gap in the literature would give researchers a set of guidelines to follow that includes data collection, audio compression, and eventually clinical implantation. Increased standardization in this field would not only make the process of building a vocal biomarker easier but also improve the accuracy of the biomarker itself to aid in diagnoses.



3.2 Proposed protocols

Given the widespread variability in vocal biomarker development, this review next examines whether existing literature has proposed a comprehensive master protocol. After reviewing the seven articles from this category, it was determined that no master protocol currently exists for vocal biomarker development. However, collectively, these articles outline important components that could inform the creation of one. These elements include guidelines for data collection, preprocessing, feature extraction, and clinical integration.

Standardized voice data collection procedures are among the most frequently cited needs. Multiple papers propose structured protocols for consistent microphone placement, reduction of ambient noise, and specific speaking tasks such as sustained phonation, read speech, and spontaneous speech to reduce recording variability and improve cross-study comparability (2, 11). Similarly, Sara et al. emphasize the importance of defining the recording environment and capturing multiple speech types to develop clinically relevant features (1).

Preprocessing and quality control of audio recordings also emerged as key steps. These include standardizing sampling rates, applying consistent normalization protocols, and filtering background noise prior to feature extraction (1). Multiple papers propose the extraction of both acoustic features, such as jitter, shimmer, and mel-frequency cepstral coefficients (MFCCs), and linguistic features, including speech rate and pause duration, to provide a holistic view of vocal health. Annotation of voice samples with clinically verified outcomes, such as diagnosis or symptom severity, is also emphasized as essential for training supervised learning models (2, 9, 11).

Fewer articles provide detailed clinical integration plans, but several acknowledge the importance of outlining how vocal biomarkers will be used in practice. Proposed uses include integration into telemedicine platforms, smartphone-based screening tools, and remote monitoring systems (12). Applications will require careful consideration of user interface design, regulatory compliance, and compatibility with existing clinical systems (2, 4).

Although no single protocol contains all of these components, their overlap reveals a growing consensus on what a robust master protocol might include. For example, Fagherazzi et al. outline a four-step pipeline of data collection, processing, analysis, and use that aligns closely with these findings (Figure 1). Sara et al. similarly describe a trajectory from voice recording to integration into clinical practice (1).
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FIGURE 1
Pipeline for identification of vocal biomarkers. Reproduced with permission from “Pipeline for vocal biomarker identification, from research to practice” by Guy Fagherazzi, Aurélie Fischer, Muhannad Ismael and Vladimir Despotovic, licensed under CC-BY-NC.


A true master protocol in this field, among other criteria, should cover everything from data collection to clinical integration, be applicable to multiple conditions, and be specific to vocal biomarkers. In the current literature, there is no paper that explicitly proposes a “master protocol” for vocal biomarker development, much less one that has been agreed upon by a panel of experts. Most protocols are not comprehensive enough to guide researchers working with varying recording conditions, participant demographics, and more.



3.3 Insights from digital biomarkers

In the broader context of digital biomarker research, vocal biomarkers represent one category among several modalities used for health monitoring. The Digital Medicine Society (DiMe) has published extensively on their development and integration. One of their most important resources, the V3 framework, has been cited over 250 times and leveraged by the FDA, NIH, and more. This protocol establishes a structured approach for assessing Biometric Monitoring Technologies (BioMeTs), which refer to the devices and systems digital biomarkers are extracted from (13). By applying the V3 framework to a digital biomarker, one can ensure its accuracy and clinical utility.

The V3 framework consists of three components: verification, analytical validation, and clinical validation (Figure 2). This protocol is unique because it is multidisciplinary in nature: each component is carried out by a different set of professionals. Verification ensures that microphones and sensors capture high-fidelity signals without distortion and is done by non-clinical engineers (13). For vocal biomarkers, this would involve testing microphones under various conditions (quiet, noisy, different distances) to determine fidelity and consistency. Establishing a reference microphone type and placement standard, similar to guidelines proposed by Awan et al, could serve this role (14).
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FIGURE 2
The role of different disciplines in the V3 process. Reproduced with permission from “The role of the different disciplinary experts in the V3 process: Verification, analytical validation, and clinical validation processes are typically conducted by experts across disciplines and domains” by Jennifer C. Goldsack, Andrea Coravos, Jessie P. Bakker, Brinnae Bent, Ariel V. Dowling, Cheryl Fitzer-Attas, Alan Godfrey, Job G. Godino, Ninad Gujar, Elena Izmailova, Christine Manta, Barry Peterson, Benjamin Vandendriessche, William A. Wood, Ke Will Wang and Jessilyn Dunn, licensed under CC BY 4.0.


Clinical validation demonstrates that extracted vocal biomarkers correlate with health outcomes and is done by clinically trained professionals. Vocal biomarkers would need to demonstrate a robust association with specific health outcomes, such as disease severity, progression, or response to treatment. Integration into ongoing clinical trials provides an opportunity to validate vocal biomarkers in real-world, regulated environments while capturing diverse patient populations (15).

Finally, analytical validation confirms that voice processing algorithms reliably extract acoustic features linked to clinical conditions. This is done by both non-clinical engineers and clinically trained professionals in conjunction (13). For vocal biomarkers, voice-specific algorithms for acoustic feature extraction would need to demonstrate consistent performance across diverse datasets. This includes reproducibility of features across recording sessions and platforms.

While the framework itself has been explored considerably, its applications to vocal biomarkers specifically have not. A review paper on speech-based biomarkers found that “no speech measure has yet been comprehensively evaluated across all three categories” (16). This is where a master protocol comes in to bridge the gap. By outlining in detail the necessary steps, vocal biomarkers can be validated in a rigorous and clinically significant manner. The personnel of speech language pathologists and laryngologists on the clinical side with acoustic experts and engineers on the non-clinical side make the V3 framework a natural addition to a master protocol on vocal biomarker development.

The V3 framework is not the only outline for digital biomarker development. Another relevant contribution is the DACIA framework, which outlines five steps to develop digital biomarkers from wearable sensor data. This proposal combines guidance from the FDA and Digital Medicine Society to provide an outline that prioritizes stakeholder involvement in each step (17). Vocal biomarker research could adopt a similar structure by involving not only data scientists and clinicians, but also linguists, ethicists, and patient advocacy groups in protocol design.

Other considerations from digital biomarker research include a master protocol for the development and validation of gait. This protocol illustrates how a physical sensor (lumbar accelerometer) can be paired with standardized data analysis procedures to create a clinically validated digital biomarker (18). Analogously, vocal biomarkers could be paired with low-cost hardware such as headset microphones to create scalable voice-based tools for remote diagnostics.



3.4 Limitations

This review is subject to multiple limitations. As a narrative review, it does not provide a systematic or meta-analytic evaluation of the literature, meaning findings may be influenced by selection bias. Additionally, the field of vocal biomarker research is evolving rapidly, and new methodologies not included in this review may emerge.




4 Conclusion

The findings of this review highlight significant variability in vocal biomarker development, with major inconsistencies in data collection methods, signal processing, and clinical validation. These inconsistencies not only limit the reproducibility of research but also hinder the integration of vocal biomarkers into clinical practice. Despite increasing interest in voice as a digital biomarker, the absence of a comprehensive, standardized master protocol has prevented the field from achieving the same level of methodological rigor seen in other digital biomarker domains.

Although partial frameworks for vocal biomarker development exist, including proposed pipelines for data collection, processing, and clinical application, none provide a fully integrated approach that ensures standardization across different research and clinical settings. Existing studies provide important foundational insights, but they lack specific guidelines for recording standardization, model validation, and regulatory compliance. They also rarely incorporate governance mechanisms to ensure transparency, accountability, and the responsible acquisition of patient acoustic data and development of vocal biomarkers.

Insights from digital biomarker research offer promising directions for addressing these challenges. The V3 framework and DACIA framework could serve as a model for vocal biomarker development, but alone they are not sufficient. A vocal biomarker master protocol must be tailored to the unique challenges of voice-based diagnostics, including environmental variability, microphone standardization, and speech processing techniques.

Future research should focus on developing and validating a comprehensive master protocol that integrates best practices from digital biomarker research, clinical voice assessment, and computational modeling. Such a protocol should include clear guidelines for data acquisition, standardized preprocessing methods, validation strategies, and regulatory considerations to ensure that vocal biomarkers meet the necessary criteria for clinical implementation. Additionally, multi-institutional collaborations will be essential for developing a protocol that is widely accepted and applicable across diverse populations and clinical settings. Trustworthiness should also be embedded as a core design principle, ensuring transparency, ethical data practices, and accountability throughout the research and deployment pipeline.

Ultimately, the standardization of vocal biomarker development through a validated master protocol has the potential to revolutionize clinical diagnostics by enabling non-invasive, cost-effective, and scalable disease detection. As advancements in artificial intelligence, machine learning, and digital health continue to expand, the establishment of a unified framework for vocal biomarker research will be a key step toward realizing the full clinical potential of voice-based diagnostics.
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The integration of artificial intelligence (AI) in voice biomarker analysis presents a transformative opportunity for objective and non-invasive diagnostics in healthcare. However, clinical adoption remains limited due to challenges such as data scarcity, model generalizability, and regulatory hurdles. This perspective article explores effective and scalable methods for clinical validation of voice biomarkers, emphasizing the importance of proprietary technology, high-quality, diverse datasets, strong clinical partnerships, and regulatory compliance. We propose a multifaceted approach leveraging proprietary AI technology (Musicology AI) to enhance voice analysis, large-scale data collection initiatives to improve model robustness, and medical device certification to ensure clinical applicability. Addressing technical, ethical, and regulatory challenges is crucial for establishing trust in AI-driven diagnostics. By combining technological innovation with rigorous clinical validation, this work aims to bridge the gap between research and real-world implementation, paving the way for AI-powered voice biomarkers to become a reliable tool in digital healthcare.
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Introduction

Clinical validation is a critical process in healthcare that ensures medical devices, diagnostic tests, or treatments (in short interventions) are both effective and safe when applied in real-world clinical settings. This process involves rigorous evaluation to confirm that the intervention performs as intended and delivers expected clinical outcomes, maintaining patient safety and treatment efficacy [U.S. Food and Drug Administration (FDA), 1993–2017] (1). Effective clinical validation methods are characterized by their ability to produce accurate and consistent results, comprehensively evaluate all relevant aspects—including safety, efficacy, usability, and potential risks—and adhere to regulatory standards set by agencies such as the FDA in the US or European Medicines Agency (EMA) within the European Union. Equally important are scalable methods, which enable the widespread adoption of healthcare innovations, ensuring resource efficiency, and leveraging advanced technologies such as automation and data analytics (1).

Voice, with its unique properties, when analysed with artificial intelligence (AI) has the potential to become a powerful biomarker for various health conditions. As a non-invasive and nonintrusive approach, it enables remote diagnosis and monitoring through any phone or digital device, meeting the criteria for safety, usability, and accessibility. Additionally, it is potentially independent of variables such as language, geography, and age, supporting its applicability across diverse populations. The AI-driven analysis of voice data ensures secure, encrypted patient identification and integrates seamlessly with established clinical protocols set out by the regulatory agencies (2, 3). Despite the numerous benefits of integrating voice biomarkers into clinical practice, their adoption in real-world settings remains limited (e.g., 4–8). In this perspective article, we first explore the historical and conceptual foundations of voice biomarkers, before moving to the challenges of integrating voice biomarkers into clinical practice, followed by a number of solutions to these challenges directly derived from our own research and practice.



Historical and conceptual foundations of voice biomarkers

The use of voice as a diagnostic tool has a long history in medicine, dating back to Hippocrates, who noted that voice changes could indicate underlying health conditions. More recently, physicians observed that disorders such as Parkinson's disease, depression, and respiratory illnesses could alter speech patterns, including pitch, rhythm, and articulation. Before the advent of AI, clinical speech analysis relied on subjective auditory assessments by trained professionals and objective acoustic measurements using tools like spectrograms and frequency analyzers.

In the mid-20th century, advancements in phonetics and speech science led to more structured approaches in analyzing voice abnormalities. Researchers identified measurable vocal markers associated with various conditions, such as increased jitter and shimmer in Parkinson's disease and slowed speech rate in depression. However, traditional methods were often labor-intensive, requiring manual analysis and expert interpretation (9).

The introduction of AI and machine learning in the 21st century revolutionized the field by automating voice analysis and uncovering complex patterns beyond human perception. Early AI applications in voice diagnostics focused on neurodegenerative diseases and psychiatric disorders. The emergence of deep learning further enhanced the accuracy and scalability of voice biomarkers, allowing for real-time analysis across diverse populations.

Most recently, AI-driven voice biomarkers have expanded beyond neurological and psychiatric conditions to include cardiovascular diseases, respiratory illnesses, and even COVID-19 detection (10–12). However, despite significant progress, the clinical adoption of voice biomarkers remains limited due to concerns about model generalizability, regulatory approval, and clinician trust (e.g., 4–8).



Challenges of integrating voice biomarkers into clinical practice

Two recent systematic reviews by Meehan et al. (7) and Salazar de Pablo et al. (8) provide comprehensive comparisons of diagnostic models (which identify the presence of a psychiatric condition1), prognostic models (which predict the future onset or course of a condition), and predictive models (which estimate the likely response to a treatment). Out of 89 models included in the review by Salazar de Pablo et al. (8), the researchers mention one that was considered for implementation. Similarly Meehan et al. (7), out of identified 308 models, demonstrated that one published diagnostic model had its potential utility in clinical practice formally assessed. This indicates a significant gap in the clinical adoption of AI models and voice biomarkers for mental health.

Several factors may contribute to the above drafted situation. Martin and Rouas (6) argue that the primary barrier to integrating voice biomarkers into clinical settings is the lack of trust among clinicians. Furthermore, according to the authors the heterogeneity of symptoms further complicates the use of AI in mental health diagnostics. For instance, Fried and Nesse (13) found that among 3,703 patients diagnosed with major depressive disorder (MDD), there were 1,030 distinct symptomatic profiles, many of which had minimal overlap. Such variability makes it difficult to develop AI models that generalize effectively across diverse clinical populations. To address this challenge, the authors propose a shift in research focus toward the automatic estimation of psychiatric symptoms rather than diagnosing conditions. This approach, they argue, better reflects the complexity of mental health, where disorders like depression rarely occur in isolation and often present with comorbidities that influence speech patterns.

Additional challenges are highlighted by Berisha and Liss (4). As a primary concern they mention the lack of large-scale data, which leads to models that perform well in controlled conditions but fail to generalize in broader clinical applications. They also emphasize the importance of developing theoretically grounded models rather than just relying on purely data-driven approaches, particularly in contexts where data scarcity and the heterogeneity of conditions like depression may undermine model accuracy. To address these issues, they propose an analytical pipeline that calls for a closer collaboration between clinical speech scientists and data scientists. They further elaborate that the focus should be on creating models that account for the specific contexts of use—ranging from diagnostics and non-specific risk assessment to longitudinal tracking and the development of digital therapeutics.

Also, Fagherazzi et al. (5) highlight several key challenges that must be addressed for the efficient use of voice technology in healthcare. On the technical side, they stress the importance of creating and sharing extensive databases of high-quality audio recordings which are linked with clinical data. They advocate for increased harmonization and standardization of audio data across studies, the development of universal vocal biomarkers that transcend language, accent, age, and culture differences. On the ethical side, they stress the importance of secure data collection and storage, reliance on gold-standard clinical data for training algorithms, and transparency in defining the types and frequency of data collected. They also highlight the need to protect personal data, as voice is considered non-anonymous under Article 4.1 of the General Data Protection Regulation of the European Union (GDPR EU). To advance voice technology from research to clinical practice, they propose various study types, including proof-of-concept studies, replication studies, qualitative studies with co-design sessions, usability and pilot studies, and clinical utility evaluations, such as randomized controlled trials and real-world evaluation studies.

Finally, according to a recent review by Alhuwaydi (14), AI models show diagnostic accuracy ranging from 21% to 100% for various conditions like schizophrenia and cognitive impairment. Also, AI-driven personalized treatment plans, virtual therapists and chatbots have demonstrated early success in therapy. However, limitations in the generalizability of AI models, often due to reliance on homogenous datasets, remain a challenge. Furthermore, the author argues that ethical concerns, including data privacy, algorithmic bias, and the lack of empathy in AI-driven care, limit broader adoption of voice biomarkers. These challenges are compounded by evolving legal frameworks regarding AI accountability in healthcare. To address some of these issues, Alhuwaydi (14) stipulates that future research should focus on long-term studies, larger sample sizes, and culturally sensitive AI models to optimize its potential in mental health care.

In summary, while voice biomarkers and AI models hold great promise for mental health diagnostics and treatment, their clinical adoption remains limited due to several interrelated challenges. Trust among clinicians, symptom heterogeneity, data scarcity, and the need for theoretically grounded models all contribute to the slow transition from research to practice. Additionally, ethical concerns, regulatory uncertainties, and the necessity for standardized, high-quality datasets further complicate implementation.



Discussion—bridging AI innovation and healthcare implementation

Our research and practice corroborate many of the limitations identified by the authors of the studies mentioned above. To overcome these challenges we follow a multifaceted approach that integrates cutting-edge technology, large-scale data collection, strong clinical collaborations, and regulatory compliance. In the discussion, we explore these four key solutions: (1) leveraging proprietary technology and complex feature engineering based on knowledge from Musicology (i.e., Musicology AI) to enhance voice biomarker analysis; (2) addressing the urgent need for larger, more diverse and high quality medical voice datasets; (3) strengthening clinical partnerships to support large-scale studies; and (4) achieving medical device certification to ensure regulatory approval and real-world applicability.

In our view, a key factor in improving voice-based diagnostics is the reliance on proprietary technology and informed feature sets, which enable a more sophisticated approach to data analysis. Existing studies on voice biomarkers rely on a limited set of acoustic features (Table 1), often analyzed using open-source tools such as openSMILE (https://www.audeering.com/de/research/opensmile/), VOICEBOX (https://voicebox.metademolab.com/), or Praat (17). While these tools offer valuable insights, they appear to struggle capturing the full complexity of voice-based signals relevant to medical diagnosis. For instance, research on conditions like heart failure, multiple sclerosis (MS), and lung cancer has mainly focused on features such as jitter, shimmer, loudness, MFCC, and F0 variability. Jitter and shimmer, key acoustic features reflecting variations in frequency and amplitude, respectively, have significantly improved the diagnostic accuracy and predictive ability of AI-driven diagnostic models, particularly in neurological disorders. However, a limited set of features and traditional methods may miss deeper, musicologically informed patterns that enhance diagnostics.



TABLE 1 Examples of acoustic features investigated across various health conditions.



	Condition
	Heart failure/pulmonary hypertension
	Multiple sclerosis
	Lung cancer





	Acoustic features
	Jitter
	Jitter
	Jitter



	Shimmer
	Shimmer
	Shimmer



	Loudness
	F0 mean/variability
	Loudness



	MFCC
	Tremor
	F0



	Pitch and format measures
	Intensity variability
	MFCC



	
	Max phonation time
	Formant 1–3 frequency/bandwidth



	
	Speech/Articulation rate
	Harmonic difference



	
	Pause rate
	



	(e.g., 12)
	(e.g., 15)
	(e.g., 16)




	F0 (Fundamental Frequency): the average rate of vocal fold vibrations, determining the perceived pitch of a voice; Formant 1–3 Frequency/Bandwidth: the resonance frequencies of the vocal tract (F1, F2, F3) and their bandwidths; Harmonic Difference: the amplitude difference between harmonics in a speech signal; Intensity Variability: the degree of fluctuation in loudness; Jitter: the cycle-to-cycle variation in fundamental frequency; Loudness: the perceived intensity of speech; Max Phonation Time: the longest duration a person can sustain a vowel sound; Mel-Frequency Cepstral Coefficients (MFCC): a representation of the speech spectrum that captures timbral characteristics; Pause Rate: the frequency and duration of silent pauses in speech; Pitch and Formant Measures: features related to voice pitch and vocal tract resonances; Shimmer: the cycle-to-cycle variation in vocal intensity; Speech/Articulation Rate: The speed at which speech sounds or syllables are produced; Tremor: a rhythmic oscillation in voice frequency or amplitude.







To address these limitations, we leverage a proprietary technology that draws on the foundations of quantitative musicology (Musicology AI). Musicology is the scholarly study of music, encompassing historical, theoretical, and analytical approaches to sound. Applied to voice biomarkers, it involves analyzing speech using music theory concepts such as prosody (rhythm, intonation, stress), acoustic properties (timbre, harmonics, spectral features), and temporal organization (timing patterns, pauses, speech rate). Music theory provides a well-established yet underexplored framework for understanding sound beyond physics, making it a valuable tool for advanced voice analysis. This approach enhances AI models by improving interpretability and biological grounding, for example, speech melodic contours, such as reduced pitch variability, reflect psychomotor retardation in depression, linking to diminished dopaminergic activity (10).

By incorporating musicology into clinical settings, we enhance the accuracy and robustness of voice-based health assessments. However, we recognize that small sample sizes and dataset biases can impact the accuracy, stability, and generalizability of results. To mitigate these challenges, we actively work on the creation of minimally biased large-scale datasets for vocal biomarker research. Additionally, our approach aligns with ensemble learning and weighted feature analysis techniques, incorporating methods such as bootstrap aggregation, boosting, and stacking. These techniques allow us to combine multiple data items, identify the most meaningful feature combinations as hypotheses, and control their influence based on overlapping relationships—enhancing the robustness of our models even in the presence of data biases. By integrating these methods, we further improve the performance, reliability, and fairness of voice-based health assessments, offering a promising path forward in digital diagnostics.

Our most recent technological advancements integrate this knowledge with large language models (LLMs) and fundamental transformer architectures; whereby together with pharmaceutical and quantum hardware partners, we incorporate quantum AI into our core approach. Recent findings from our research (Krautz et al., in prep) further demonstrate the potential of these methods in detecting depressive disorders, showing that musicological features significantly improve the sensitivity and specificity of voice-based depression assessments, reaching AUC = 0.80, also when female and male groups were analysed separately.

Furthermore, one of the fundamental challenges that we identify in the field of mental health diagnostics pertains to the scarcity of high-quality medical voice data. Many existing studies are based on small sample sizes, some are conducted on specific groups of depressed patients, e.g., those with post-traumatic stress disorder (PTSD); which limits the model generalizability. For example, nearly 94% of published studies on depression2 involve fewer than 100 participants, and only a small fraction account for complexities such as comorbidities (16%), varying severity levels (13%), or predictive analyses of critical outcomes like death by suicide. This limitation arises partly because obtaining high-quality data from clinical trials is often prohibitively expensive, yet such data is necessary to meet the rigorous requirements for regulatory approval and to provide sufficient ground truth evidence for model performance and efficacy.

To overcome these challenges, we propose a large-scale, data-driven approach that prioritizes both quantity and quality of data. This approach focuses on conducting multicenter studies across diverse linguistic and cultural populations, ensuring that voice biomarkers are validated against real-world clinical diversity. Specifically, in collaboration with one of Europe's largest clinic chains, we launched a multi-site trial spanning two European countries to collect data from a five-digit-amount of patients, encompassing multiple audio recordings per individual alongside comprehensive clinical background information. We currently collect data at several dozens of clinics and aim to ramp up to several hundreds of clinics of our partner. This will create the largest dataset of its kind, significantly improving the robustness of AI models trained for medical voice analysis.

The third pillar of our approach relates to the strong collaboration with world-class clinical partners. That is, we have established contracts entailing more than 400 clinics in Europe enabling us to conduct large-scale, multicenter studies with a diverse patient population. This extensive clinical network ensures access to high-quality data, facilitates standardized study protocols, and enhances the reproducibility and reliability of results. Furthermore, as comparative validation against gold-standard clinical tests is essential for establishing the clinical relevance of voice biomarkers, our studies integrate voice analysis with widely accepted diagnostic tools. In this way we ensure that AI-driven insights are anchored in clinically recognized measures.

The final cornerstone of our approach emphasizes efforts in medical device certification. We are in the process of CE clearance for our voice-based ADHD algorithms. This positions us as front-runner in medical certification. Achieving these certifications, while time and resource consuming, will be a significant milestone in the field of AI-driven medical diagnostics. Regulatory approval necessitates adherence to stringent data integrity, safety, and clinical efficacy standards—challenges that many AI-driven healthcare solutions have struggled to overcome. We therefore pave the way for broader adoption of voice-based diagnostic tools in clinical practice. Before regulatory approval can be achieved, however, it is crucial to establish accuracy and standardization of measurements as a foundation for compliance. Accuracy levels should be aligned with established diagnostic gold standards, such as psychological assessments, and performance metrics must be tailored to specific use cases.

In sum, by combining technological innovation, data scalability, clinical collaboration, and regulatory adherence, we establish a framework for the seamless translation of AI-based voice diagnostics into clinical practice.



Future research directions

If we move beyond our current research and practice, we recognize that several key research areas must be explored to maximize their clinical impact. Initially, our primary focus is on mental health, with plans to expand into a broader range of diseases and languages over time. While we have already made significant progress in improving the robustness and generalizability of our models, the large-scale data we are currently collecting will elevate these capabilities to an unprecedented level, ensuring even greater clinical reliability. Additionally, integrating voice analysis with other biomarkers, such as physiological data from wearables or facial expressions, presents an opportunity to enhance diagnostic accuracy. This multimodal approach could further refine assessments, particularly in complex conditions like depression and anxiety.

Aforementioned approaches and feature sets aim at establishing evidence for the presence of specific conditions of disease based purely on content agnostic properties of speech. Meanwhile content based analysis are reaching new heights of performance driven by advances in (multilingual) speech to text (STT) conversion and natural language processing (NLP) mainly by the advent of generative pre-training on large copra. Improved STT alone already boosts traditional NLP approaches when analyzing utterance, word and sentence occurrences and relationships. In combination with LLMs, a novel high-level analysis becomes feasible. As an exemplary approach an LLM can be prompted or fine-tuned to assess the contents of speech with respect to the symptoms of a certain psychological condition and to reenact a psychological assessment as either assessor or assesse based on the content presented.

Since content based and content agnostic information has by definition to some degree an orthogonal character, the combination of both has clearly a potential to further improve performance and generalization. An interesting scenario arises when the content of speech points into one direction, say psychological condition negative, while the sub-content or content agnostic properties of the voice hint at condition positive. To some extent the discrepancy between the “what” and the “how” of speech can become a discriminative feature in itself.

An even deeper integration of advanced acoustic perception with pre-trained models with large context awareness could be achieved by feeding aggregated acoustic information directly into the training and inference process. Towards this goal we currently explore the usage of musicological inspired acoustic tokenization to enrich content based tokens.

From an implementation perspective, AI literacy training for healthcare professionals is essential. Medical education programs should incorporate AI-based diagnostic tools, ensuring that clinicians understand their capabilities, limitations, and best practices for integrating them into patient care.

Finally, regulatory frameworks for AI-driven voice biomarkers must evolve to keep pace with technological advancements. Future research should focus on establishing standardized validation protocols, ensuring that AI models meet rigorous clinical efficacy and safety requirements. The ultimate goal is to transition voice biomarkers from promising research tools to fully integrated components of routine medical practice, bridging the gap between innovation and real-world application.



Conclusion

While AI-driven voice analysis holds promise as a non-invasive biomarker for various health conditions due to its accessibility and ability to facilitate remote monitoring, its adoption in clinical practice, particularly for mental health, remains limited. To fully realize the potential of AI-driven voice analysis in healthcare, a multifaceted approach is required. The integration of proprietary technologies like Musicology AI enhances the depth of voice biomarker analysis, moving beyond conventional methodologies. Addressing the scarcity of high-quality medical voice data through large-scale, multicenter studies ensures that AI models are trained on diverse, representative populations. Strong clinical partnerships provide access to high-quality patient data and facilitate rigorous validation against established clinical scales. Lastly, obtaining medical device certification is vital to adhere to regulatory approval in AI-driven diagnostics. Combining these elements can position voice-based AI as a transformative tool in medical diagnostics.
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1In this manuscript, we focus specifically on mental health and depression to make our claims more concrete.
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Introduction: The Bridge2AI-Voice. Consortium is developing affordable and accessible voice data to assist in the identification of vocal biomarkers of disease in adults and children. Initial experiments were designed to establish voice recording procedures to be used in research labs and clinical settings, as well as in quiet environments outside of the clinic. The focus has been on isolated vowel productions, which provide a vocal signal that is representative of the biomechanics of the larynx within a static vocal tract. The current experiment considers the impact of sentence productions on the measurement of several acoustic parameters.



Methods: Voice recordings from 24 individuals representing a wide range of typical and disordered voices were analyzed. Two CAPE-V sentences were recorded via a head-and-torso model using (1) a research quality, clinical standard microphone/preamplifier/audio interface and (2) smartphones and tablets using their internal microphones and an attached external headset microphone. Mouth-to-microphone distances and environmental noise levels were controlled. Measures of fundamental frequency (F0) and spectral and cepstral measures of voice quality valid for use in sentence contexts were analyzed across recording conditions.



Results: Cepstral peak prominence (CPP) values were sensitive to microphone type, noise, and sentence type conditions. Nevertheless, strong linear relationships were observed across recording methods compared to the clinical standard. Measures of F0 obtained using autocorrelation correlated strongly across recording methods, whereas F0 measures obtained from the CPP (CPP F0) were highly variable and poorly correlated across recording methods and noise conditions. The L/H ratio (a measure of spectral tilt) was significantly affected by recording condition but not background noise, and measures of L/H ratio were also observed to correlate strongly across recording methods and noise conditions.



Discussion: Current findings revealed that different recording methods can produce significantly different acoustic measures of voice with sentence-level materials. Since microphone characteristics (e.g., frequency response; use of noise cancellation), mouth-to-microphone distances, and background noise conditions can have significant effects on spectral and cepstral assessment of voice, it is essential that recording methods and conditions are explicitly described when designing voice data collection projects and comparing datasets as it may have an impact on voice analysis. Future investigations should evaluate consistency of results among multiple examples of the same device.
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1 Introduction

To evaluate voice quality, clinicians assess voice production in a variety of voice conditions: sustained vowels, reading of specific sentences and/or use of a standardized passage, and conversational speech. Each type of voice sample is believed to represent a different aspect of voice production (1–3). Isolated vowels are easy to produce and analyze because they are free from the influences of phonetic context, intonation, and stress. On the other hand, conversation and reading passages provide insight into how voice quality is impacted by the presence of voiced vs. voiceless sounds, speech timing, and transitions among phonemes. These aspects can alter the perception of voice quality but are believed to be more representative of voice production in a more natural context (2, 4, 5). In addition, certain voice disorders, such as adductor laryngeal dystonia (ADLD; a.k.a. adductor spasmodic dysphonia), may have more severe voice quality disruption during connected speech vs. sustained vowel productions. These disruptions are likely due to the increased linguistic complexity and rapid articulatory adjustments demanded by the speaking task. Therefore, it is recommended that clinicians use both types of voice samples in the assessment of voice disorders.

In addition to a perceptual evaluation of voice, clinicians rely on acoustic analysis to quantify the severity of voice quality disorder by measuring aspects related to pitch, loudness, and quality (2, 3). Typical measurements include fundamental frequency (F0), which is associated with the pitch of one's voice. The amplitude of the vocal signal influences the perceived loudness of the voice and measurement of spectral characteristics (i.e., the distribution of energy over time) and signal perturbation provide measures related to voice quality. These acoustic measurements are valuable in classifying vocal disorders and serving as treatment outcome measures following surgical intervention and/or voice treatment.

Research has shown that the utility of acoustic measures in the determination of the severity of vocal pathology will vary by the nature of the voice sample. Parsa and Jamieson (3) considered the use of jitter, shimmer, long-term average spectrum (LTAS), harmonics to noise ratio (HNR), and linear predictive models (including pitch amplitude and spectral flatness ratings) in their measurement of voice quality. They determined that perturbation measures were more reliable when measured with isolated vowels than with connected speech and that linear predictive models were better indicators of voice quality for both isolated vowels and running speech. Their conclusion was that acoustic measurement using continuous speech is most reliable when the voiced sections of speech are separated from the unvoiced sections and pauses.

In another study, Moon et al. (2) found that the acoustic analysis of isolated vowels and sentences resulted in different findings within individuals and by gender. They concluded that the values obtained in connected speech were better representations of the individual's speaking voice as opposed to isolated vowels. However, Gerratt et al. (1) found that the acoustic values for the central portion of isolated vowels and continuous speech were essentially the same. They were careful to explain that one must control the variability in continuous speech associated with different speech contexts and prosodic variations. Their results suggested that isolated vowels generate a less complicated signal to analyze, while the acoustic variations noted in continuous speech can provide more insight into unique aspects of speech production that may be associated with different vocal pathologies.

Measurement of voice quality can also be affected by the type of microphone used for data collection. Microphones capture the voice signal and change it into an electrical signal that can be processed digitally. The response frequency can influence the precision of the acoustic measurement. Titze and Winholtz (6) found that the distance and angle of the microphone in relation to the mouth introduced variability into the recordings used for perturbation measures. In addition, a cardioid microphone, where acoustic information is gathered around the front of the microphone, is preferred to an omnidirectional microphone. Parsa et al. (7) demonstrated that the frequency response of a microphone affected acoustic measurement of vocal parameters, concluding that these recording variations may affect the classification of typical vs. disordered voices.

More recent work by the Bridge2AI Voice Consortium (8, 9) has demonstrated that low-cost headsets, smartphones, and tablets can be used for recording typical and dysphonic voice samples when the microphone to mouth distance is controlled, even in noisy clinic-like environments. Though certain measurements can be significantly affected by recording method and background noise, measurements of F0, F0 sd, jitter, shimmer, HNR, cepstral peak prominence (CPP), and spectral tilt taken from isolated vowel samples were found to correlate highly with the same measurements made with a lab quality microphone (9). The current investigation expands our previous analyses to include acoustic data obtained from sentence-level materials. The voice samples used in this project were recorded on smartphones and tablets with and without a headset microphone in four different noise conditions. Results are compared to acoustic data obtained from a lab quality microphone. The goal is to establish the utility of using sentence level materials in the assessment of voice quality obtained from smartphones and tablets.



2 Method

This study was approved by the University of South Florida Institutional Review Board: Study #004363 Developing Standards of Acoustic Data for Voice as a Biomarker of Health. This experiment focuses on the sentence-level data obtained during the data collection for recordings made on smartphones and tablets [see Awan et al. (8, 9) for a more detailed explanation of the data collection procedures].


2.1 Voice samples

Audio recordings from 24 individuals representing a range of vocal severity were selected: typical voice quality (n = 6), and mild (n = 6), moderate (n = 6), and severe (n = 6) examples of dysphonia. The 16 adult samples (8 females and 8 males) were obtained from the Perceptual Voice Qualities Database (10) and an additional 8 child voices (4 females and 4 males) recorded by the first author (S.A.). The mean age of the individual voices was 39.83 years (age range = 6–88 years) with a mean CAPE-V severity rating of 44.98 (SD = 32.25; range = 2.5–98.67).



2.2 Sentence-level stimuli

Recordings of two sentences taken from the Consensus Auditory-Perceptual Evaluation of Voice [CAPE-V (11)] were obtained from individuals representing a wide range of typical and disordered voices. The first sentence, The blue spot is on the key again is used to examine the coarticulatory influence of three vowels (/a, i, u/) (11) and contains several voiced and unvoiced stop plosive and fricative productions. The second sentence, We were away a year ago, features all voiced sounds and assesses one's ability to maintain voicing across word productions. These voice samples served as the vocal productions to be re-recorded with various smartphones and tablets both directly using their built-in microphones and with external headset microphones at comfortable distances per device and in a variety of noise levels.



2.3 Recording test procedures

A head-and-torso (HAT) model (GRAS 45BC-12 KEMAR; GRAS Sound Vibration USA, Beaverton, OR) was used to present the sentence stimuli at an intensity equivalent to 67 dB C at 30 cm (which is consistent with a normative expectation of 65–70 dB C for a typical speaking voice). Recording levels were set to peak at approximately −12 dB FS (full scale). Voice samples were recorded using a research quality standard microphone/preamplifier/audio interface (GRAS 40AF Free-Field Microphone + GRAS 26AK ½′′ Microphone Preamplifier + GRAS 12AA 2-Channel Power Module [GRAS Sound Vibration USA, Beaverton, OR] + Focusrite Scarlett 2i2 3rd Gen USB Audio Interface [Focusrite Audio Engineering Ltd., High Wycombe, Bucks, United Kingdom]), as well as two smartphones (Apple iPhone 13 Pro [Model MLTQ3LL/A, iPhone OS v. 15.2] and Google Pixel 6 [Model GB7N6, Android version 12]) and two tablets (Apple iPad [9th Generation; Model A2602; iPad OS v. 17.3.1] and a Samsung Galaxy Tab A8 [Model SM-X200; Android v. 13.0]). Smartphone and tablet recordings were captured in two ways: (a) direct using the built-in tablet microphones [capacitive microelectromechanical systems (MEMs) condenser microphones] and (b) using an Avid AE-36 (AVID Products, Inc., Middletown, RI) low-cost headset microphone. The Avid AE-36 uses an electret condenser microphone that requires approximately 5v phantom power. It is omni-directional and noise-canceling and validated in previous work (8, 9, 12). The justification for choosing the AVID headset microphone dealt primarily with the ability to provide a headset microphone to multiple recording sites for large-scale voice data collection to be used in voice AI research. Therefore, cost, size, availability, and ease of use with children were key considerations.

Recording distances were selected based on what were considered as comfortable and typical use distances. For smartphone direct recordings using the internal smartphone microphone, a smartphone holder (Hercules DG307B, Hercules Stands) was attached to a boom microphone stand with the smartphones positioned in a natural position against the HAT ear and at 2.5 cm (≈1 in.) from the HAT mouth opening at an approximate 45° offset. Tablet-direct recordings were conducted at comfortable arm lengths at 30 and 45 cm at an angle of approximately 30 degrees from the HAT mouth opening. For recordings using smartphones and tablets with the Avid AE-36 headset microphone, the microphone was placed at 2.5 cm from the HAT mouth opening at an approximate 45° offset. Microphone recordings were captured at 44.1 kHz, 16 bits using Reaper v.6.78 (13) on a Windows 10 laptop. All tablet recordings were similarly captured at 44.1 kHz, 16 bits using the Shure Motiv audio recording app (Shure Incorporated, Niles, IL). Separate recording sessions were conducted for each tested device so that HAT mouth-to-microphone distances and angles could be standardized. Figure 1 provides an illustration of the recording setup for the various devices and detailed descriptions of the methodology used for smartphone and tablet recordings with and without the use of the headset microphone are also provided in Awan et al. (8, 9).


[image: Diagram illustrating an acoustic analysis setup including a KEMAR head with headset and microphones, tablets for recording at specified distances, and a laptop for audio processing. Data flow arrows show signal paths to cloud storage and a Focusrite interface. Inset shows mobile phone placement at 2.5 centimeters and 45-degree angle relative to mouth.]
FIGURE 1
Schematic of the voice sample playback and recording setup for (a) the GRAS standard microphone, (b) headset microphone recordings, and (c) tablet recordings. In addition, the inset figure (top right) shows the smartphone positioning in relation to the mouth opening of the head and thorax (HAT) model. For the purposes of illustration clarity, distances are not to scale.




2.4 Frequency response characteristics

The frequency response characteristics of the Avid AE-36 headset microphone and the built-in smartphone (iPhone 13 and Google Pixel 6) and tablet (iPad and Samsung Galaxy Tab) microphones were previously reported in Awan et al. (8, 9) and assessed by subtracting the response of a flat-response reference microphone to a pink noise signal from each device under test (14). The Avid microphone has been reported to be relatively flat (±3 dB) from 50 Hz to approximately 5,000 Hz, followed by a high-frequency emphasis in the region of 8,000–10,000 Hz. Both smartphones (iPhone 13 and Google Pixel 6) showed similar response curves with +2–3 dB emphasis observed at approximately 2.5 kHz, followed by a high-frequency emphasis > 7 kHz. The Samsung tablet microphone direct was observed to have a very similar profile to the Avid microphone, while the iPad was observed to be relatively flat from approximately 75–10,000 Hz. No proximity effect was observed for the smartphones, tablets, or the AVID AE-36 headset microphone. The mean RMS dB FS noise levels of the headsets and built-in smartphone and tablet microphones were approximated from segments of audio silence during sound-attenuating booth recordings. All noise levels were observed to be substantially less than 10 dB below the sound level of the quietest phonation in the voice sample corpus as recommended by Patel et al. (15).



2.5 Noise conditions

Recordings made in the sound-attenuating booth had an ambient level of 44 dB C. To simulate clinical conditions, recordings were made with added background noise obtained from three typical examination rooms in the University of South Florida Voice Health Center: a voice clinic office [Exam Room 1 (ER1); average ambient noise level = 54.6 dB C]; a stroboscopy clinic room housing an Olympus (Olympus America, Center Valley, PA) stroboscopy system [Exam Room 2 (ER2); average noise level = 58.9 dB C]; and a stroboscopy clinic room housing a Pentax (Pentax Medical Inc., Montvale, NJ) stroboscopy system [Exam Room 3 (ER3); average ambient noise level = 58.0 dB C]. These recordings were collected with LED lighting and equipment turned on (as would be present during a complete clinical voice evaluation). Long-term average spectrum (LTAS) analyses of the background noise recordings were conducted with ER1 showing an increase in spectral energy due to background noise of ≈10 dB in the 0–1,000 Hz region and an increase of ≈5–7 dB above 4,000 Hz vs. booth recording. ER2 and ER3 showed an increase in spectral energy due to background noise of ≈15 dB in the 0–1,000 Hz region, an increase of ≈5–7 dB above 4,000 Hz, and peaks of ≈ + 20 dB vs. the booth recording at 1,000 Hz (ER2) and 2000 Hz (ER3) (8, 9). During voice sample recording, these background noise samples were played simultaneously with KEMAR voice sample playback via speakers (KEF Q100 Model 3722) positioned at 0°, 90°, 180°, and 270° at a distance of 1 m.



2.6 Acoustic and statistical analyses

Sentence samples obtained via the various recording methods were analyzed using Praat (16) scripts by Heller Murray (17) and Awan et al. (8, 9) for the following measures of vocal frequency and quality: mean fundamental frequency (F0 Hz) computed using two methods (Method 1: CPP F0—F0 estimated from the quefrency location of the detected cepstral peak); Method 2: F0 estimated using the “Analyze Periodicity | To Pitch (raw autocorrelation…” method in Praat recommended for intonation analyses); cepstral peak prominence (CPP dB; the amplitude of the cepstral peak in relation to a linear regression line computed though the cepstrum, computed without voice activity detection); and the low vs. high spectral ratio (L/H ratio in dB using a 4 kHz cutoff). The F0 floor and ceiling range for the autocorrelation F0 tracker was set from 60 to 450 Hz to account for the wide range of expected F0s in the voice sample corpus. Similarly, the floor and ceiling search range in the CPP algorithm was also set from 60 to 450 Hz. These measures were selected for analysis of continuous speech samples based on common usage and necessity. Vocal F0 was chosen since it is, perhaps, the most frequently used acoustic measurement of speech samples. For measures of vocal quality, commonly used perturbation measures (such as jitter and shimmer) are not valid in continuous speech contexts. However, cepstral and spectral-based measures such as the CPP and L/H ratio have been demonstrated to be effective in characterizing vocal quality disruptions in speech contexts. They are important components of multivariate acoustic estimates of vocal severity such as the Cepstral Spectral Index of Dysphonia (18, 19) (CSID; uses both CPP as the strongest weighted factor and the L/H ratio) and the Acoustic Voice Quality Index (4) (AVQI; uses CPP as the strongest weighted factor) and, therefore, were applicable to the sentence samples being analyzed in this study. As per the manufacturer's recommendations, signal equalization was applied to all recordings prior to analyses to account for the characteristics of the HAT mouth speaker.

Statistical analyses were computed using JASP v. 0.19.3 (20). Due to the large number of recording methods and conditions, separate analyses were conducted for smartphones vs. tablets. For smartphones, a two-way repeated measures analyses of variance [ANOVA: five levels of recording method (GRAS Standard; iPhone + Avid-AE36; Google Pixel + Avid AE-36; iPhone Direct; Google Pixel Direct)]; and four levels of room condition (Booth; ER1; ER2; ER3) were computed to assess the presence of significant differences on the various acoustic measurements. For tablets, a two-way repeated measures ANOVA was also computed [seven levels of recording method (GRAS Standard; iPad + Avid-AE36; iPad Direct at 30 cm; iPad Direct at 45 cm; Samsung + Avid AE-36; Samsung Direct at 30 cm; Samsung Direct at 45 cm)]; and four levels of room condition (Booth; ER1; ER2; ER3). In the event of violations of sphericity, ANOVA results were evaluated using Greenhouse-Geisser corrections. For each ANOVA, effect sizes were computed using eta2 (ɳ2), with a small effect ≥ 0.01, a moderate effect ≥ 0.06, and a strong effect ≥ 0.14 (21). ANOVA results with negligible effects (i.e., <small effect sizes) are not discussed. post hoc analyses of significant ANOVAs were evaluated using Holm-Bonferroni corrections for family-wise error and post hoc effect sizes were evaluated using Cohen's d (small [0.2], medium [0.5], and large [0.8] effects) (21). Correlations between the GRAS microphone booth recordings at 2.5 cm (considered the “standard”) and measures obtained via different methods/distances/ conditions were also assessed.




3 Results


3.1 Cepstral peak processing (CPP)

For “The blue spot…” sentence, separate ANOVAs were conducted for smartphones vs. tablets. For smartphones, ANOVA main and interaction effect results for each acoustic measure are presented in Table 1 and mean CPP values and standard errors are provided in Figure 2. For the measurement of CPP, significant main effects of recording method (p < 0.001) and room condition (p < 0.001) were observed with very strong effect sizes. In addition, a significant and moderate effect size recording method × room condition interaction revealed that all of the tested recording methods produced significantly higher mean CPP (p's range from 0.038 to <.001) than the GRAS standard in the booth condition, though effect sizes for these comparisons tended to be small (Cohen's d = 0.103 to 0.23). Similar findings were observed in the three noise conditions (ER1, ER2, and ER3) with the exception that the iPhone direct produced significantly lower CPP values than the GRAS standard in the ER1 condition (p = 0.001), and both iPhone and Pixel direct produced lower CPP values than the GRAS standard in the ER2 and ER3 conditions (p's < 0.001). The effect of background noise was consistent for each recording method, with the highest CPP values observed in the booth condition, followed by successively lower CPP values in each of the ER1, ER2, and ER3 noise conditions. Regardless of any observed mean differences, highly significant Pearson's r correlations > 0.90 (p's < 0.001) between the GRAS standard and the smartphones with or without microphones were observed in all conditions for all recording methods (see Table 2).



TABLE 1 ANOVA main and interaction effect results and eta2 (ɳ2) effect sizes for the various acoustic measures for the sentence “The blue spot is on the key again” obtained via smartphones with and without headset microphones.



	Acoustic measure
	Device
	Recording method
	Room condition
	Recording method × room condition





	CPP
	Smartphones
	p < 0.001; ɳ2 = 0.282****
	p < 0.001; ɳ2 = 0.444****
	p < 0.001; ɳ2 = 0.070***



	Tablets
	p < 0.001; ɳ2 = 0.532****
	p < 0.001; ɳ2 = 0.191****
	p < 0.001; ɳ2 = 0.033**



	CPPF0
	Smartphones
	N.S; ɳ2 = 0.015*
	N.S.; ɳ2 < 0.01
	N.S.; ɳ2 = 0.025*



	Tablets
	p < 0.001; ɳ2 = 0.076***
	N.S.; ɳ2 < 0.01
	p = 0.022; ɳ2 = 0.051**



	Pitch/F0
	Smartphones
	N.S; ɳ2 = 0.080***
	p = 0.002; ɳ2 = 0.022*
	p = 0.001; ɳ2 = 0.020*



	Tablets
	p < 0.001; ɳ2 = 0.273****
	p < 0.001; ɳ2 = 0.064***
	p < 0.001; ɳ2 = 0.082***



	L/H Ratio
	Smartphones
	p < 0.001; ɳ2 = 0.966****
	p < 0.001; ɳ2 < 0.01
	p < 0.001; ɳ2 < 0.01



	Tablets
	p < 0.001; ɳ2 = 0.975****
	N.S.; ɳ2 < 0.01
	p < 0.001; ɳ2 < 0.01




	*Small effect ≥ .01.


	**Small-to-moderate effect ≥ .03 & < .06.


	***Moderate effect ≥ .06.


	****Strong effect ≥ .14.


	All ANOVAs evaluated using Greenhouse-Geisser corrections.


	N.S., nonsignificant.


	F0, fundamental frequency; SD, standard deviation; HNR, harmonics-to-noise ratio; CPP, cepstral peak prominence; L/H Ratio, ratio of low (<4 kHz) vs. high (>4 kHz) spectral energy.
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FIGURE 2
Mean CPP (dB) values and standard errors for the various recording methods and room conditions in “The blue spot is on the key again” (top) and “We were away a year ago” (bottom). GRAS, Gras 40AF Free-Field Microphone; AvIp, Avid AE-36 + iPhone 13 Pro at 2.5 cm; AvPx, Avid AE-36 + Google Pixel 6 at 2.5 cm; IpD, iPhone 13 direct at 2.5 cm; PxD, Google Pixel 6 direct at 2.5 cm; AvIpd1, Avid AE-36 +iPad 9.0 at 2.5 cm; AvSam1, Avid AE-36 + Samsung Galaxy Tab A8 at 2.5 cm; IpD30, iPad 9.0 direct at 30 cm; IpD45, iPad 9.0 direct at 45 cm; Sam30, Samsung Galaxy Tab A8 direct at 30 cm; Sam45, Samsung Galaxy Tab A8 direct at 45 cm.




TABLE 2 Mean Pearson's r correlations between the various recording methods and the standard (GRAS 40AF + preamplifier + focusrite 2i2 + PC) across room conditions for selected acoustic measures of voice (all significant at p < .001) in the sentence “The blue spot is on the key again”. Correlation ranges across conditions are provided in parentheses.



	Recording method
	CPP
	CPPF0
	Pitch/F0
	L/H ratio





	AvIp
	0.987 (0.982–0.992)
	0.297 (−0.045–0.524)
	0.962 (0.962–0.963)
	0.982 (0.981–0.982)



	AvPx
	0.987 (0.986–0.993)
	0.152 (0.006–0.295)
	0.961 (0.959–0.963)
	0.976 (0.976–0.977)



	IpD
	0.974 (0.966–0.991)
	0.437 (0.270–0.627)
	0.951 (0.920–0.989)
	0.973 (0.971–0.984)



	PxD
	0.985 (0.983–0.998)
	0.459 (0.346–0.716)
	0.978 (0.953–0.997)
	0.988 (0.984–0.994)



	AvIpd
	0.987 (0.982–0.991)
	0.231 (0.143–0.325)
	0.982 (0.980–0.984)
	0.985 (0.984–0.986)



	AvSam
	0.991 (0.986–0.995)
	0.266 (0.004–0.458)
	0.976 (0.972–0.980)
	0.986 (0.985–0.987)



	Ipd30
	0.957 (0.940–0.976)
	−0.060 (−0.335–0.138)
	0.919 (0.865–0.942)
	0.970 (0.968–0.972)



	Ipd45
	0.909 (0.806–0.970)
	0.253 (0.037–0.216)
	0.862 (0.735–0.934)
	0.951 (0.948–0.953)



	Sam30
	0.971 (0.958–0.995)
	0.269 (−0.083–0.566)
	0.941 (0.917–0.958)
	0.950 (0.949–0.952)



	Sam45
	0.961 (0.934–0.990)
	0.208 (0.037–0.481)
	0.932 (0.881–0.972)
	0.946 (0.945–0.948)



	Across All Methods & Conditions
	0.971 (0.806–0.998)
	0.251 (−0.083–0.716)
	0.946 (0.865–0.989)
	0.979 (0.945–0.987)




	AvIp, Avid AE-36 + iPhone 13 Pro at 2.5 cm; AvPx, Avid AE-36 + Google Pixel 6 at 2.5 cm; IpD, iPhone 13 direct at 2.5 cm; PxD, Google Pixel 6 direct at 2.5 cm; AvIpd1, Avid AE-36 +iPad 9.0 at 2.5 cm; AvSam1, Avid AE-36 + Samsung Galaxy Tab A8 at 2.5 cm; Ipd30, iPad 9.0 direct at 30 cm; Ipd45, iPad 9.0 direct at 45 cm; Sam30, Samsung Galaxy Tab A8 direct at 30 cm; Sam45, Samsung Galaxy Tab A8 direct at 45 cm.


	CPP F0, Fundamental frequency (F0) computed from the quefrency (ms) location of the cepstral peak; Pitch/F0, F0 computed via autocorrelation in the “Analyze Periodicity | To Pitch (raw autocorrelation) … ” method of Praat; CPP, cepstral peak prominence; L/H Ratio, ratio of low (<4 kHz) vs. high (>4 kHz) spectral energy.







For tablets, significant main effects with very strong effect sizes for recording method (p < 0.001) and room condition (p < 0.001) were also observed (see Table 1). A significant and small-to-moderate effect size recording method × room condition interaction was also observed and indicated that tablets + the Avid headset microphone resulted in significantly higher mean CPP values vs. the GRAS standard, while recordings with tablets direct using their internal microphones resulted in significantly lower mean CPP values than the standard. Mean differences between the GRAS standard and the iPad (both 30 and 45 cm distances) and the Samsung at 45 cm were observed to have moderate effect sizes (d's = 0.560 to 0.654), whereas other mean differences were classified as small effects (d's = −0.330 to −0.368). Similar findings were observed in all three noise conditions (ER1, ER2, and ER3), with the highest CPP values for each method observed in the booth condition, followed by successively lower CPP values in each of the ER1, ER2, and ER3 noise conditions. As observed with smartphones, regardless of recording method or condition, highly significant Pearson's r correlations > 0.90 (p's < 0.001) between the GRAS standard and the tablets with or without microphones (see Table 2).

Similar ANOVA results for both smartphones and tablets were observed for the “We were away a year ago” sentence (see Table 3), with the exception that overall mean CPP values for all recording methods were observed to be higher in the all-voiced context vs. the “…blue spot…” sentence containing voiced/unvoiced productions with a mixture of plosive and fricative productions. The various smartphones with and without headset microphones were again observed to produce significantly higher CPP values than the GRAS standard in the booth condition, and significantly lower mean CPP values were observed with the iPad and Samsung tablets direct. Again, regardless of any observed mean differences in CPP between methods, all correlations between the GRAS standard and the various smartphone and tablet recording methods with or without microphones were highly significant and very strong (r's ≥ 0.90; p's < 0.001; see Table 4).



TABLE 3 ANOVA main and interaction effect results and eta2 (ɳ2) effect sizes for the various acoustic measures for the sentence “We were away a year ago” obtained via smartphones with and without headset microphones.



	Acoustic measure
	Device
	Recording method
	Room condition
	Recording method × room condition





	CPP
	Smartphones
	p < 0.001; ɳ2 = 0.263****
	p < 0.001; ɳ2 = 0.397****
	p < 0.001; ɳ2 = 0.064***



	Tablets
	p < 0.001; ɳ2 = 0.510****
	p < 0.001; ɳ2 = 0.188****
	p < 0.001; ɳ2 = 0.044**



	CPPF0
	Smartphones
	N.S; ɳ2 < 0.01
	N.S.; ɳ2 < 0.01
	N.S.; ɳ2 = 0.023*



	Tablets
	p < 0.001; ɳ2 = 0.186****
	p = 0.035; ɳ2 = 0.013*
	p = < 0.001; ɳ2 = 0.100***



	Pitch/F0
	Smartphones
	N.S; ɳ2 = 0.099***
	p < 0.001; ɳ2 = 0.026*
	p = 0.032; ɳ2 = 0.023*



	Tablets
	p < 0.001; ɳ2 = 0.175****
	p < 0.001; ɳ2 = 0.093***
	p < 0.001; ɳ2 = 0.117***



	L/H Ratio
	Smartphones
	p < 0.001; ɳ2 = 0.936****
	p = 0.007; ɳ2 < 0.01
	p < 0.001; ɳ2 < 0.01



	Tablets
	p < 0.001; ɳ2 = 0.906****
	p < 0.001; ɳ2 < 0.01
	p < 0.001; ɳ2 < 0.01




	*Small effect ≥ .01.


	**Small-to-moderate effect ≥ .03 & < .06.


	***Moderate effect ≥ .06.


	****Strong effect ≥ .14.


	All ANOVAs evaluated using Greenhouse-Geisser corrections.


	N.S., nonsignificant.


	F0, fundamental frequency; SD, standard deviation; HNR, harmonics-to-noise ratio; CPP, cepstral peak prominence; L/H Ratio, ratio of low (<4 kHz) vs. high (>4 kHz) spectral energy.









TABLE 4 Mean Pearson's r correlations between the various recording methods and the standard (GRAS 40AF + preamplifier + focusrite 2i2 + PC) across room conditions for selected acoustic measures of voice (all significant at p < .001) in the sentence “We were away a year ago”. Correlation ranges across conditions are provided in parentheses.



	Recording method
	CPP
	CPPF0
	Pitch/F0
	L/H ratio





	AvIp
	0.993 (0.987–0.996)
	0.834 (0.827–0.841)
	0.983 (0.978–0.985)
	0.958 (0.957–0.959)



	AvPx
	0.994 (0.990–0.996)
	0.860 (0.784–0.936)
	0.974 (0.974–0.976)
	0.947 (0.947–0.948)



	IpD
	0.984 (0.976–0.995)
	0.774 (0.548–0.932)
	0.990 (0.985–0.998)
	0.981 (0.974–0.990)



	PxD
	0.992 (0.987–0.999)
	0.831 (0.715–0.924)
	0.994 (0.991–0.999)
	0.976 (0.970–0.990)



	AvIpd
	0.992 (0.988–0.995)
	0.851 (0.744–0.910)
	0.963 (0.956–0.975)
	0.974 (0.972–0.977)



	AvSam
	0.994 (0.989–0.997)
	0.861 (0.757–0.928)
	0.979 (0.972–0.990)
	0.980 (0.978–0.984)



	Ipd30
	0.966 (0.935–0.987)
	0.619 (0.571–0.689)
	0.925 (0.861–0.963)
	0.973 (0.947–0.987)



	Ipd45
	0.940 (0.870–0.987)
	0.334 (0.058–0.630)
	0.937 (0.886–0.962)
	0.946 (0.880–0.990)



	Sam30
	0.985 (0.968–0.998)
	0.716 (0.612–0.912)
	0.963 (0.951–0.972)
	0.895 (0.890–0.897)



	Sam45
	0.971 (0.938–0.993)
	0.693 (0.526–0.789)
	0.966 (0.951–0.977)
	0.883 (0.879–0.886)



	Across All Methods & Conditions
	0.981 (0.870–0.999)
	0.737 (0.058–0.936)
	0.968 (0.861–0.999)
	0.951v (0.879–0.990)




	AvIp, Avid AE-36 + iPhone 13 Pro at 2.5 cm; AvPx, Avid AE-36 + Google Pixel 6 at 2.5 cm; IpD, iPhone 13 direct at 2.5 cm; PxD, Google Pixel 6 direct at 2.5 cm; AvIpd1, Avid AE-36 +iPad 9.0 at 2.5 cm; AvSam1, Avid AE-36 + Samsung Galaxy Tab A8 at 2.5 cm; Ipd30, iPad 9.0 direct at 30 cm; Ipd45, iPad 9.0 direct at 45 cm; Sam30, Samsung Galaxy Tab A8 direct at 30 cm; Sam45, Samsung Galaxy Tab A8 direct at 45 cm.


	CPP F0, Fundamental frequency (F0) computed from the quefrency (ms) location of the cepstral peak; Pitch/F0, F0 computed via autocorrelation in the “Analyze Periodicity | To Pitch (raw autocorrelation) … ” method of Praat; CPP, cepstral peak prominence; L/H Ratio, ratio of low (<4 kHz) vs. high (>4 kHz) spectral energy.









3.2 Measures of F0 (method 1: CPP F0)

For the measurement of CPP F0 in the “…blue spot…” sentence, no significant main or interaction effects were observed (see Table 1). However, Figure 3 shows a great deal of variability in mean CPP F0 estimates depending upon recording method and room condition. In contrast to the results for CPP, Pearson's r correlations between the GRAS standard and the smartphones with or without microphones were observed to be weak-to-moderate across conditions and recording methods (see Table 2). Similar nonsignificant ANOVA results were observed for the “We were away…” sentence (see Table 3). However, in the all-voiced context, correlations between the GRAS standard and smartphones with or without microphones were all highly significant (p's ≤ 0.006) and much stronger than in the “We were away…” vs. the “…blue spot …” context (see Table 4). The weakest observed correlation (r = 0.548) with the GRAS standard was observed for the iPhone direct in the ER1 condition. Review of data indicated that this weaker correlation was due to four outliers representative of increased dysphonic voice.


[image: Four bar charts compare average frequency values, measured in hertz, across various recording methods and room conditions for two spoken sentences. Error bars indicate variability. The top row represents the sentence “The blue spot is on the key again,” and the bottom row shows “We were away a year ago." Room conditions are distinguished by different shades, and each chart presents data for multiple recording methods labeled below the bars.]
FIGURE 3
Mean CPP F0 (Hz) values and standard errors for the various recording methods in “The blue spot is on the key again” (top) and “We were away a year ago” (bottom). GRAS, GRAS 40AF Free-Field Microphone; AvIp, Avid AE-36 + iPhone 13 Pro at 2.5 cm; AvPx, Avid AE-36 + Google Pixel 6 at 2.5 cm; IpD, iPhone 13 direct at 2.5 cm; PxD, Google Pixel 6 direct at 2.5 cm; AvIpd1, Avid AE-36 +iPad 9.0 at 2.5 cm; AvSam1, Avid AE-36 + Samsung Galaxy Tab A8 at 2.5 cm; IpD30, iPad 9.0 direct at 30 cm; IpD45, iPad 9.0 direct at 45 cm; Sam30, Samsung Galaxy Tab A8 direct at 30 cm; Sam45, Samsung Galaxy Tab A8 direct at 45 cm.


For CPP F0 analysis via tablet recordings of the “…blue spot…” sentence, a significant main effect of recording method (p < 0.001), as well as a significant interaction of recording method x room condition (p = 0.022) were observed (see Table 1). Figure 3 shows a great deal of variability in mean CPP F0 estimates depending upon recording method and room condition, and substantially higher estimates of CPP F0 for the iPad direct at 45 cm in noise conditions (ER1, ER2, and ER3). Similar to the smartphone analyses of CPP F0 in the “…blue spot…” context, Pearson's r correlations between the GRAS standard and the tablets with or without microphones were again observed to be weak-to-moderate across conditions and recording methods (see Table 2). Similar ANOVA results were observed for the “We were away…” sentence (see Table 3). However, in the all-voiced context, correlations between the GRAS standard and tablets with or without microphones were much stronger than in the “…blue spot …” context (see Table 4). The weakest observed correlation (r = 0.058) was observed for the iPad direct at 45 cm in the ER2 condition. Review of data indicates that the extremely weak correlation was due to a large number of subjects (15/24; 62.5%) who were assigned a CPP F0 value that approximated the upper limit of the CPP search limit of 450 Hz.



3.3 Measures of F0 (method 2: autocorrelation F0 tracker)

For smartphones, ANOVA main and interaction effect results using the pitch/F0 autocorrelation method are presented in Tables 1, 3 and mean pitch/F0 values and standard errors are provided in Figure 4. For the measurement of pitch/F0 in the “…blue spot…” sentence, no significant main effect of recording method was observed, though the effect size was moderate (p = 0.131; ɳ2 = 0.080; see Table 1). A significant main effect of room condition was observed (p < 0.001), as well as a significant interaction between recording method x room condition (p < 0.001) with a small effect size. Figure 4 shows greater stability in mean F0 estimates vs. those observed for CPP F0. Following Bonferroni-Holm corrections, there was no significant difference in autocorrelation-based F0 estimation between the GRAS standard and any of the smartphones with or without headset microphones in any of the conditions. Within recording methods, the differences in mean pitch/F0s observed for the iPhone direct in ER1 vs. ER3 was marginally significant (p = 0.063). In contrast to the results for CPP F0, Pearson's r correlations between the GRAS standard and the smartphones with or without microphones for pitch/F0 were observed to be very strong across conditions and recording methods (see Table 2). Similar ANOVA results were observed for the “We were away…” sentence, with no significant difference between the GRAS standard and any of the smartphones with or without headset microphones and no significant differences observed within recording methods (see Table 3). Correlations between the GRAS standard and smartphones with or without microphones in the all-voiced context were all highly significant (p's ≤ 0.001) and consistently very strong across conditions and recording methods (see Table 4).


[image: Four grouped bar charts show mean frequency (Hz) with error bars for different recording methods under four room conditions. Two phrases, “The blue spot is on the key again.” and “We were away a year ago.”, are analyzed separately in the top and bottom halves. Each bar group represents a recording method, with bar heights clustered by room condition, illustrating variation in recorded frequencies and consistency across conditions.]
FIGURE 4
Mean Pitch/F0 (Hz) values and standard errors computed via autocorrelation for the various recording methods in “The blue spot is on the key again” (top) and “We were away a year ago” (bottom). GRAS, GRAS 40AF Free-Field Microphone; AvIp, Avid AE-36 + iPhone 13 Pro at 2.5 cm; AvPx, Avid AE-36 + Google Pixel 6 at 2.5 cm; IpD, iPhone 13 direct at 2.5 cm; PxD; Google Pixel 6 direct at 2.5 cm; AvIpd1, Avid AE-36 +iPad 9.0 at 2.5 cm; AvSam1, Avid AE-36 + Samsung Galaxy Tab A8 at 2.5 cm; IpD30, iPad 9.0 direct at 30 cm; IpD45, iPad 9.0 direct at 45 cm; Sam30, Samsung Galaxy Tab A8 direct at 30 cm; Sam45, Samsung Galaxy Tab A8 direct at 45 cm.


For autocorrelation F0 analysis via tablet recordings of the “…blue spot…” sentence, significant main effects of recording method and room condition, as well as a significant interaction of recording method × room condition were observed (all at p < 0.001; see Table 1). Analysis of the significant interaction effect showed that iPad direct recordings at both 30 and 45 cm resulted in significantly lower estimates of pitch/F0 vs. the GRAS standard in the ER1 condition only (ps < 0.001). iPad direct methods also showed significant differences in pitch/F0 estimates between the booth and ER1 conditions. Figure 4 shows the increased variability in tablet direct estimates of pitch/F0. Similar to the smartphone analyses of pitch/F0, Pearson's r correlations between the GRAS standard and the tablets with or without microphones in the “…blue spot…” context were observed to be generally very strong across conditions and recording methods (see Table 2), with the lowest observed correlation observed for the iPad direct at 45 cm in the ER1 condition. Similar ANOVA results were observed for the “We were away…” sentence (see Table 3). However, in the all-voiced context, analysis of the significant interaction effect showed a significant difference in pitch/F0 only between iPad direct recordings at 45 cm vs. the GRAS standard in the ER1 condition. The iPad direct at 30 cm showed a marginally significant difference (p = 0. 069) between booth and ER1 pitch/F0 estimates, while the same comparison for iPad direct at 45 cm was highly significant (p = 0.001). Correlations between the GRAS standard and tablets with or without microphones in the “We were away…” context were also very strong (see Table 4), with the weakest observed correlation observed for the iPad direct at 30 cm in the ER1 condition.



3.4 Low/high (L/H) ratio

For the analysis of L/H ratio in the “…blue spot…” sentence, a significant strong effect of recording method was observed (p < 0.001; see Table 1). Though significant effects of room condition and recording method × room condition were also observed (p < 0.001, respectively), effect sizes were negligible (ɳ2 < 0.01). post-hoc analysis of the main effect of recording condition showed significantly greater mean L/H ratios for the GRAS standard vs. Avid + iPhone, Avid + Pixel, and Pixel direct (p < 0.001 for all comparisons). Regardless of any observed significant differences in mean L/H ratio, Pearson's r correlations between the GRAS standard and the smartphones with or without microphones were observed to be very strong across conditions and recording methods (see Table 2). Similar ANOVA results were observed for the “We were away…” sentence (see Table 3), with post-hoc analysis again showing significantly lower L/H ratio estimates for the smartphones + Avid headset vs. the GRAS standard. In addition, the mean L/H ratio estimate from the iPhone direct was observed to be significantly higher than the GRAS standard and there was no observed significant difference between the Pixel direct vs. the GRAS standard (see Figure 5). Again, consistently strong Pearson's r correlations between the GRAS standard and the smartphones with or without microphones were observed across conditions and recording methods (see Table 4).


[image: Four bar charts display decibel levels for different recording methods under two spoken phrase conditions: “The blue spot is on the key again.” (top) and “We were away a year ago.” (bottom). Each chart compares multiple methods, showing that decibel values vary significantly across recording methods and are generally higher in the “We were away a year ago.” condition. Error bars are present on each bar.]
FIGURE 5
Mean L/H ratio (dB) values and standard errors computed for the various recording methods in “The blue spot is on the key again” (top) and “We were away a year ago” (bottom). GRAS, GRAS 40AF Free-Field Microphone; AvIp, Avid AE-36 + iPhone 13 Pro at 2.5 cm; AvPx, Avid AE-36 + Google Pixel 6 at 2.5 cm; IpD, iPhone 13 direct at 2.5 cm; PxD, Google Pixel 6 direct at 2.5 cm; AvIpd1, Avid AE-36 +iPad 9.0 at 2.5 cm; AvSam1, Avid AE-36 + Samsung Galaxy Tab A8 at 2.5 cm; IpD30, iPad9.0 direct at 30 cm; IpD45, iPad 9.0 direct at 45 cm; Sam30, Samsung Galaxy Tab A8 direct at 30 cm; Sam45, Samsung Galaxy Tab A8 direct at 45 cm.


Similar findings were observed for L/H ratio analyses using tablets with and without headset microphones. In the “…blue spot…” sentence, the main effect of recording method was again highly significant (p < 0.001) with a very strong effect size (see Table 1). post-hoc analysis of the main effect of recording condition showed significantly lower mean L/H ratios for tablets with the Avid headset microphone as well as for the iPad direct at 45 cm and the Samsung tablet direct at both 30 and 45 cm. Similar results were observed for L/H ratio analyses using tablets with and without headset microphones in the “We were away…” context, with all recording methods (all tablets with and without the Avid microphone at all tested distances) resulting in significantly reduced L/H ratios vs. the standard (see Figure 5). Regardless of observed differences in mean L/H ratios, all recording methods correlated extremely strongly with the GRAS standard in both the “…blue spot…” and the “We were away…” contexts (see Tables 2, 4). Slightly lower correlations were observed between the standard and Samsung direct measures of L/H ratio at both 30 and 45 cm and were due to a single highly dysphonic voice sample that was computed as having a particularly low L/H ratio.




4 Discussion

The Bridge2AI-Voice Consortium is focused on the development of affordable and accessible voice data to support voice AI research. The goal is to provide a database of quality recordings representative of typical, nondysphonic voice, as well as voices demonstrating a variety of vocal, respiratory, neurological, and mood disorders. An additional goal is to collect a database of voices of children with common childhood disorders. With these goals in mind, the data acquisition team performed a series of experiments designed to establish recording procedures to be used with a wide variety of typical and dysphonic voices in research labs and clinical settings, as well as in quiet environments outside of the clinic. This process entailed evaluating the impact of recording devices, including low-cost microphones, smartphones, and tablets on the measurement of various acoustic parameters slated for use in the development of potential vocal biomarkers of disease. Our initial experiments have focused on isolated vowel productions, which provide a vocal signal that is representative of the biomechanics of the larynx within a static vocal tract. The current experiment considers the impact of sentence productions on the measurement of several acoustic parameters. Sentence-level stimuli introduce the impact of both speech signal complexity, articulator movements (i.e., tongue, jaw, lips, etc.), and rapid variations in glottal configuration (voiced vs. unvoiced productions) and laryngeal adjustments for pitch and loudness on the acoustic signal. As such, how one produces a sentence may reflect the impact of a vocal disorder on the production of speech (1–3). Measures of voice quality acceptable for vowels (i.e., perturbation measures such as jitter, shimmer, HNR) are not valid in sentence-level recordings (1–5). For this reason, we assessed the influence of recording device and noise on a set of previously validated sentence-level measures related to vocal pitch and quality: CPP, CPP F0, F0, and L/H ratio.


4.1 Impacts on CPP values

CPP (dB) is a well-accepted “objective measure of breathiness and overall dysphonia” in the voice (15, 22, 23). Increased CPP values are expected in the highly periodic voice productions of nondysphonic speakers. In contrast, lower CPP values are consistent with increased aperiodicity (possibly due to irregularity in vocal fold closure patterns and/or the presence of additive noise) that may result in the perception of hoarseness, harshness, or breathiness (23, 24). Unlike traditional perturbation measures such as jitter, shimmer and HNR, the CPP has been shown to provide valid measures of dysphonia in both vowel and sentence contexts and in voice samples representative of more than mild dysphonia. This is because the CPP is not dependent upon F0 tracking and the accurate identification of cycle boundaries (18) and therefore can provide accurate estimates of vocal quality in both sentence-level and vowel productions, as well as in highly dysphonic voice samples. In comparison to the GRAS microphone standard, statistical analyses assessing changes in mean CPP (dB) values from the two sentences revealed higher CPP values when smartphone and tablet recordings were made with the headset microphone, while recordings made directly using the built-in smartphone and tablet microphones resulted in lower CPP values. CPP measures were observed to be quite sensitive to background noise conditions, with the main effect of room condition particularly prominent and consistent across recording methods. Since the Avid AE-36 headset microphone is noise-canceling (i.e., employing two separated microphones, with one used to pick up the voice signal, the other [generally located on the opposite side of the microphone housing] used to pick up background noise, and digital algorithms used to “subtract” the background noise from the recordings) (12), it is not surprising that CPP values were higher for the recordings using the headset microphone. In contrast, the built-in MEMS microphone used in the smartphone and tablet recordings direct were more prone to background noise interference, particularly at the larger mouth to microphone distances used with tablet recordings. The strong main effects of recording method observed in the analysis of CPP clearly indicate that measured CPP values using different recording methodologies are not necessarily interchangeable. Therefore, normative data for measures, such as CPP, must be evaluated with knowledge of both the recording methodology used and the background noise conditions by which the data were collected. Clearly, both normative and dysphonic expectations for mean CPP may differ substantially from published norms if very different recording methodologies and room conditions are used. However, the strong correlations for both sentences (mean r's = 0.971 and 0.981) between the CPP values obtained with the GRAS recording method and all other recording methods indicate that all of the recording methodologies tested in this study were able to track the wide range of voice qualities and types assembled in the 24-voice typical and dysphonic voice corpus. In addition, the strong linear relationships observed between the various recording methodologies and the GRAS standard indicate that measures from one method (e.g., smartphone direct) may be transformed to that of another method (e.g., GRAS standard) using linear predictive formulae. In practice, the results of this and previous studies (8, 9) indicate that recording methodologies such as those used in this study may be effective in group comparisons (e.g., typical vs., disordered) or to track pre- vs. post-treatment outcome, as long as the same recording methodology is used in similar recording conditions.

Differences in CPP measurements were noted across sentences, with higher mean CPP values observed in the “We were away” vs. the “blue spot” sentence. This finding is due to differences in the phonetic context of the sentences. The first sentence “The blue spot is on the key again” contains speech sounds that are not voiced, like the /sp/ in “spot” or the /k/ in “key”. On the other hand, “We were away” contains only voiced sounds and vowels, so the abrupt voiced to or from unvoiced transitions in speech sound productions are mitigated (4). The differences in sentence construction are designed to elicit different aspects of voice quality (11). However, separate normative and dysphonic expectations will be expected for different sentences and associated phonetic contexts. Therefore, group comparisons or within-subject treatment outcomes comparisons regarding CPP must be evaluated using the same sentence.



4.2 Measurement of F0 (Hz)

A commonly used acoustic measure in voice evaluation is F0, which is a measure of the number of vocal fold cycles of vibration per second and is generally perceived as the pitch of a voice. This study employed two different methods to track F0 in the sentence context. The first, CPP F0, was the F0 determined from the quefrency location (in ms) of the observed cepstral peak, while the second method was the autocorrelation method recommended in Praat for use in tracking intonation patterns. While a number of previous studies have reported that measures of F0 are fairly robust to variations in recording methodology and to the effects of background noise (9, 25, 26), the results of this study indicate that this assumption is not necessarily true in sentence contexts. The results of this study indicate that the method of F0 estimation can have a substantial effect on the accuracy of F0 measures and may be affected by both recording methodology, background noise condition, and speech context. In particular, F0 tracking using the cepstrum (CPP F0) was detrimentally affected by recording methodology, with the iPad at a 45 cm mouth-to-microphone distance showing extreme deviations in F0 estimation vs. the GRAS standard, particularly in the ER1, ER2 and ER3 clinic room noise conditions. It is unclear as to why this deviation was primarily restricted to the iPad methodology. Due to available funding, multiple versions of the iPad were not able to be tested. Therefore, it may be possible that this finding was due to some potential characteristic unique to our tested model.

Though nonsignificant, all methods showed a strong effect of room condition on CPP F0, with variability in F0 estimation observed between all room conditions across methods. Perhaps more troubling is the observation that the observed correlations between the various smartphone and tablet recording methodologies vs. the GRAS standard were consistently weak in the “blue spot” sentence (mean r = 0.251), indicating a weak relationship between that the CPP F0 estimates from the GRAS standard vs. similar estimates measured via these other methods. While correlations improved considerably in the “We were away…” context (mean r = 0.737), these observations indicate that F0 estimation from the cepstrum is highly susceptible to noise, both from room condition background noise and from noise inherent within dysphonic voice samples themselves. In these cases, the selected CPP is affected by increased amplitude noise and is not necessarily reflective of underlying periodic energy concentrated in the F0 and harmonics. It is possible that the influence of recording-related noise is nonlinear across varying levels of dysphonia (18) and, as observed in this study, the influence of recording methodology and/or room condition background noise may be more detrimental when it interacts with voice signals that are already highly degraded by severe levels of dysphonia.

Though significant recording method × room condition interactions were observed in both sentence contexts for smartphones and tablets, the second method of F0 tracking using autocorrelation was observed to be much more robust to recording methodology and room condition vs. CPP F0. Autocorrelation is a measure of the degree of correlation of a signal between two successive time intervals (the original signal vs. a lagged version) and determines how similar sequential data points are over time. Highly periodic voice signals will show high autocorrelation peaks vs. low autocorrelation peaks in highly dysphonic and/or noisy signals. As in CPP F0, iPad direct recordings (at both 30 and 45 cm) resulted in significantly lower estimates of pitch/F0 vs. the GRAS standard in the ER1 condition as well as increased variability in F0 estimation between room conditions. This increased variability was evident in all tablet conditions (both iPad and Samsung) when recordings were made directly using the built-in MEMS microphones at 30 and 45 cm, as well as in smartphone direct recordings (see Figure 4). We speculate that these findings, i.e., those illustrating that recording methodology and room condition can have, in certain cases, a significant effect on F0 estimation, differ from previous reports (9, 23, 24) due to the type of voice sample elicited. The previous studies which had reported on the robustness of F0 estimation to recording methodology and background noise had all used sustained vowel samples in which there is relative consistency in pitch and loudness and a target of continuous phonation. Such contexts make it much easier for algorithms to track F0 vs. speech samples in which rapid variations in pitch, loudness, and voiced vs. unvoiced transitions naturally occur. Fortunately, and in contrast to CPP F0 measures, F0 estimates via autocorrelation were observed to consistently correlate very strongly with the GRAS standard, regardless of recording methodology, room condition, or sentence context (“blue spot…” mean r = 0.946; “We were away…” mean r = 0.968), indicating that autocorrelation F0 estimates from the smartphone and tablet methods were highly predictive of similar estimates from the GRAS standard.

For both smartphones and tablets, the strength of the correlations between both CPP F0 and autocorrelation F0 estimates from the GRAS standard vs. the smartphone and tablet conditions were stronger for the “We were away” sentence than the “blue spot” sentence. Because, in this study, CPP F0 was measured without any application of voicing activity detection (VAD), CPP estimates were obtained not just from voiced portions of the voice signals, but also from both unvoiced and highly dysphonic segments, and it is probably the spurious F0 estimates from these segments that resulted in the increased variability in CPP F0 estimation observed in the “blue spot” sentence. For this experiment, VAD was not applied in the cepstral analyses because VAD can inadvertently remove dysphonic segments that are actually the focus of the analysis. Therefore, the “We were away…” sentence, which is comprised of relatively continuous voicing without the intrusion of voiced to unvoiced transitions, provided CPP F0 estimates that were not as variable. F0 estimates using autocorrelation only provide F0 estimates for autocorrelation peaks that occur above a predetermined threshold that is used for voiced vs. unvoiced decision making. Therefore, autocorrelation F0 tracking will generally not provide F0 estimates for clearly unvoiced segments or highly dysphonic segments of a voice sample, resulting in less variability in F0 estimation. Users of these types of analyses should recognize the strengths and limitations of these various methods. CPP is a highly effective measure of noise in the voice signal (both inherent in the voice signal and from external sources) which results in a strong measure of dysphonia but will result in increased variability in F0 estimation with increased noise levels. On the other hand, autocorrelation will produce less variability in F0 estimation in both voiced and unvoiced contexts, but at the expense of potentially removing data segments that may be reflective of the dysphonia that we actually want to measure. It is notable that the use of a headset microphone tends to reduce variability in F0 estimates in both CPP F0 and autocorrelation F0 estimation since the detrimental effects of room condition background noise are reduced vs. use of the smartphone or tablet microphones direct.



4.3 Usefulness of low/high ratios

The last measure that was tested was L/H ratio [low vs. high spectral energy using a 4 kHz cutoff (27)]. It is frequently used along with cepstral measures (like CPP) as a measure of spectral tilt. Researchers have shown that individuals that present with breathy voices or increased vocal tension often demonstrate a lower L/H ratio (24, 27) due to the presence of increased high frequency energy from additive noise (e.g., from air escape between the vocal folds) and/or enhanced high frequency energy due to pressed phonation.

Results indicated that the L/H ratio was affected by recording condition, but not room condition background noise. These findings suggest that it is a good complement to the information provided by CPP. In the “blue spot” sentence, L/H ratio results were significantly influenced by recording method, with recordings made with the Avid headset microphone and the smartphones resulting in measures of L/H ratio that were significantly lower than the GRAS standard and the smartphone direct recordings. Similar findings were noted with the measurements from the “We were away” sentence, with the exception of the iPhone direct recordings where the L/H ratios were higher. The frequency response of the microphones in these devices seems to be a contributory factor to the variability in these measurements. Microphones such as the Avid AE-36 and the built-in microphone used in the Samsung tablet which have a high frequency emphasis will tend to produce recordings that have lower L/H ratios vs. those that have either a flatter response or have balanced regions of emphasis (i.e., regions of frequency emphasis both below and above the 4 kHz cutoff used in the L./H ratio calculation) (see Figure 5). Differences across various recording methods could easily be adjusted with corrective equalization by adjusting the spectral characteristics of the recording with the microphone being used (e.g., smartphone or tablet with or without headset microphone) to better match a standard (e.g., the flat frequency response GRAS 40AF Free-Field Microphone used as the standard in this study). The ability to correct these measurements to the standard is further supported by their strong correlations with the GRAS standard (mean r's > 0.90; see Tables 2, 4), with all methods correlating well with the GRAS standard.




5 Limitations and conclusions

There are several limitations to this study. First, the cepstral peak and F0 tracking floor and ceiling parameters were fixed at 60 to 450 Hz for all samples and recording methods used in this study. This allowed for the isolation of the effects of recording method and background noise. However, manipulation of analysis parameters for different voice samples and different conditions may have resulted in improved analysis results (e.g., for F0 tracking) for certain recording methods. Second, while the consistency of frequency response for multiple Avid AE-36 microphones has been reported (8, 9), we were unable to test multiple versions of the smartphones and tablets used in this study to note consistency of frequency response and recording quality. It is possible that the highly variable F0 tracking results for the iPad direct at 45 cm (see Figures 3, 4), as well as the particularly low L/H ratio results for the Samsung Galaxy Tab 8 (see Figure 5) may not be characteristic of other similar model tablets. Though potentially expensive, future studies that examine acoustic estimates of voice obtained from smartphone and/or tablet recordings should evaluate consistency of results among multiple examples of the same device.

The current findings illustrate that different recording methods can produce significantly different acoustic analysis results for the voice quality measures used in sentence analysis. Microphone characteristics (e.g., frequency response; use of noise cancellation), mouth-to-microphone distances, and background noise conditions all can have significant effects on acoustic results using sentence-level materials. However, in the cases of CPP, Pitch/F0 estimation via autocorrelation, and L/H ratio, different recording methods were observed to be highly correlated with the GRAS standard (in most cases, r's substantially greater than 0.90). As such, all recording methods (smartphones and tablets, with and without headset microphones) were able to track the acoustic expectations observed in the highly diverse typical to highly dysphonic voice samples used in this study. The greatest variability in acoustic measurement results was observed in the use of tablets direct (i.e., using their built-in MEMS microphones) at increased mouth-to-microphone distances. While convenient, recording directly into a tablet at increased mouth-to-microphone distances of 30 to 45 cm allows background noise to substantially affect recording quality and acoustic estimates of voice, with decreased measures of CPP and highly variable measures of CPP F0 observed vs. the booth condition. In contrast, recordings using close mouth-to-microphone distances (e.g., smartphones direct or preferably with a headset microphone at a short mouth-to-microphone distance, such as the 2.5 cm in this study) reduce the detrimental effects of background noise and potential reverberation, resulting in higher CPP estimates and a tendency for less variability in F0 tracking. Therefore, when recording conditions or available funding does not allow for voice recordings to be collected via instrumentation that meet established guidelines [e.g., Patel et al. (15)], mobile devices such as smartphones and tablets, ideally with attached headset microphones, may be used to provide acoustic measures for documenting the presence of dysphonia.

Researchers should always describe their data collection protocols when comparing datasets, as well as when releasing an audio dataset, to allow accurate interpretation of data. It is important to recognize that this project focused on the assessment of spectral and cepstral analyses of sentence-level materials. There are other vocal or acoustic biomarkers that go beyond these traditional acoustic features. For example, linguistic or paralinguistic biomarkers may not be as sensitive to recording conditions. Further work is needed to compare accuracy of other speech, linguistic and paralinguistic biomarkers in different recording conditions.
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Benign and malignant vocal fold lesions can alter voice quality and lead to significant morbidity or, in the case of malignancy, mortality. Early, noninvasive identification of these lesions using voice as a biomarker may improve diagnostic access and outcomes. In this study, we analyzed data from the initial release of the Bridge2AI-Voice dataset to evaluate which acoustic features best distinguish laryngeal cancer and benign vocal fold lesions from other vocal pathologies and healthy voice function. Seven diagnostic cohorts were grouped into two analyses: the first included participants with laryngeal cancer, benign lesions, or no voice disorder; the second included those with laryngeal cancer or benign lesions without other voice disorders, as well as individuals with spasmodic dysphonia or vocal fold paralysis. Acoustic features including fundamental frequency, jitter, shimmer, and harmonic-to-noise ratio (HNR) were extracted from standardized speech recordings and compared using nonparametric statistical methods. Among the overall sample, significant differences were identified in HNR and fundamental frequency between benign lesions and both healthy controls and laryngeal cancer. In cisgender men, these distinctions were also observed, particularly in HNR and its variability. No statistically significant differences were observed among cisgender women, likely due to the limited sample size. These findings suggest that HNR, particularly its variability, may hold promise as a voice-based marker for early detection and monitoring of vocal fold lesions. Further research with larger, more diverse populations is needed to refine these features and validate their clinical utility.
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1 Introduction

As part of the National Institutes of Health (NIH) Bridge to Artificial Intelligence (Bridge2AI) consortium (1), the Voice to AI project aims to develop voice as a biomarker of health for use in clinical care. The aim is to generate a large, multi-institutional, ethically sourced, and diverse voice database linked to multimodal health biomarkers, thereby fueling voice AI research (1). The early collection of this data was analyzed by students from the inaugural Voice AI Summer School, the first specialized training program in utilizing voice data for the development of AI models (1).

Voice disorders are defined as impairments in the pitch, loudness, or quality of voice that interfere with communication and social participation (2). These disorders may stem from various causes, including vocal fold pathology, neurologic conditions, or functional voice use patterns. Individuals affected by voice disorders often experience reduced quality of life, work-related disability, and social isolation, particularly when vocal communication is central to their professional roles (2, 3). While vocal fold lesions are a common cause of voice disorders, they represent only a subset of the broader etiologic spectrum. One of the conditions of interest was the presence of both benign and malignant vocal fold lesions.

Benign vocal fold lesions can affect human voices and cause morbidity, whereas malignant lesions can cause morbidity and mortality if not treated (2). The prevalence of these conditions is 12.47% for benign lesions (4). There were 13,150 cases of laryngeal cancer reported in 2017, with 3,710 associated deaths (5). One of the first symptoms presented by patients with glottic organic lesions is dysphonia (6). Such complaints require a diagnostic process that includes visualization of the larynx and assessment of the lesion's morphology through video endoscopy (6). Voice, speech, and respiratory sounds provide important clinical insights into patients' health status. In the age of artificial intelligence (AI), patients' audio recordings are being investigated as digital biomarkers for early detection of a broad range of conditions, including laryngeal pathology, neurological and psychological disorders, head and neck cancers, and diabetes (7). The main diseases that affect the vocal folds, leading to lesions, are laryngeal cancer and benign vocal fold lesions (8). Laryngeal cancer is a malignancy arising from the larynx, the anatomical structure in the neck that houses the vocal folds. The vocal folds are paired tissue bands that vibrate as air passes through them, generating sound and enabling speech. Lesions on the vocal folds can impair this vibration, leading to voice changes or loss of phonation (9). Benign Vocal Fold Nodules are non-malignant growths of abnormal tissue on the vocal cords. Common benign lesions of the vocal folds include vocal fold nodules, polyps, cysts, polypoid degeneration, vocal process granulomas, and recurrent respiratory papillomatosis (10). Diagnosis typically involves direct visualization of the vocal folds using a flexible or rigid endoscope inserted through the nose or mouth. Laryngologists or voice-specialized speech-language pathologists perform this outpatient procedure. While biopsy is necessary for definitive diagnosis of malignancy, many benign lesions are diagnosed based on appearance and clinical context. Access to specialized care for laryngeal visualization can be limited outside of major urban centers with interdisciplinary voice clinics (10). The ability to use voice as a biomarker for the early detection and screening of these diseases has far-reaching implications for increasing access to care for underserved populations. It would provide a noninvasive way to screen for these potentially life-changing conditions.

When attempting to detect the presence of vocal lesions, it is essential to determine whether or not the participant has a concordant vocal disorder (11). To use vocal biomarkers specific for vocal fold lesions, understanding other vocal pathologies in the dataset participants must be acknowledged.

The Project Aim is to examine which acoustic features best distinguish laryngeal cancer and benign vocal cord lesions from other vocal pathologies and healthy laryngeal function utilizing the Bridge2AI-Voice v1.1 dataset (12). Acoustic features refer to the measurable properties of the voice signal, including pitch, loudness, and quality. The objective analysis of these features plays a critical role in clinical voice assessments, providing quantifiable data to support diagnosis and treatment planning (13). Beginning with F0, the fundamental frequency is the number of cycles of opening and closing the glottis within a time frame or the frequency at which the vocal cords vibrate. Fundamental frequency conveys pitch and intonation; variation across sex, age groups, and mental states is expected (14).

Closely related is jitter, which is used to measure fluctuations in fundamental frequency. Local jitter is the difference between two consecutive periods (i.e., the length of time to complete one sound wave cycle) divided by the mean period. Higher local jitter percentages correspond to lower control of vocal cord vibration and are regularly found in patients with vocal pathologies (13).

Similarly, shimmer measures fluctuations in the amplitude of sound waves. High shimmer measurements are perceived as breathiness and are correlated with glottal resistance, which can be caused by lesions that interfere with vocal cord movement. For this analysis, we extracted the mean local shimmer, which is the mean difference in consecutive sound wave amplitudes in decibels (dB).

Finally, the harmonic-to-noise ratio (HNR) is the ratio of the periodic to aperiodic component in a speech signal. The periodic component stems from regular glottal pulses during phonation, while the aperiodic component is the noise produced from turbulence as air flows through the glottis. A possible source of this turbulence is the improper closing of the vocal cords (14). We examined both the mean and the standard deviation of the harmonic-to-noise ratio, as we felt the latter would help us measure consistency in vocal production.

The selection of these features was based on the findings of previous related work. For example, Dr. Tom Karlsen and colleagues found that jitter, shimmer, and noise to harmonic ratio were larger among laryngeal cancer patients than among controls using post hoc Bonferroni analyses (P < 0.001) (15). Likewise, in a study of 112 men with vocal fold leukoplakia, a type of lesion most commonly caused by smoking – Dr. Young Ae Kang and colleagues found higher F0 among those with carcinoma relative to those without using an analysis of covariance (P < 0.000) (16).



2 Methods


2.1 Dataset

The dataset used for this project was the Bridge2AI-Voice v1.0, the initial release, provides 12,523 recordings for 306 participants collected across five sites in North America (9).



2.2 Definition of cohorts and groupings

In exploring the potential for a biomarker of vocal cord lesions, we had two related but different clinical objectives. First, we wished to identify acoustic features that could distinguish the voices of participants with lesions from those with no vocal pathology at all; and second, we wished to distinguish the voices of participants with lesions and from those with other vocal disorders. The intersection between participants in our dataset with lesions and those with other vocal disorders [n = 6 lesion-present participants who also had either spasmodic dysphonia or unilateral vocal fold paralysis (UVFP)] required breaking down the lesion cohort into participants with lesions and no other vocal disorders for valid comparison against the spasmodic dysphonia and UVFP cohorts. This separation allowed for a sound examination of what acoustic features set apart vocal cord lesions from other vocal pathologies.

Since the lesion present with no other voice disorder cohorts were subsets of the lesion present cohorts, thereby introducing statistically dependent cohorts, hypothesis testing was conducted in two groups to ensure the diagnostic cohorts within them contained mutually independent observations. Group 1 consists of recordings for participants with: laryngeal cancer (n = 10), benign cord lesions (CL) (n = 13), and no voice disorder (NVD) (n = 122). Group 2 consists of recordings for participants with: laryngeal cancer with no other voice disorder (NOVD) (n = 6), benign CL with NOVD (n = 11), spasmodic dysphonia with no lesion (n = 8), and UVFP with no lesion (n = 26) (Figure 1).


[image: Diagram showing two groups with distribution of voice disorder cases. Group 1 includes no vocal disorder (one hundred twenty-two), benign cord lesions (thirteen), and laryngeal cancer (ten). Group 2 includes laryngeal cancer and no vocal disorder (six), cord lesions and no vocal disorder (eleven), unilateral vocal fold paralysis with no lesion (twenty-six), and spasmodic dysphonia with no lesion (eight).]
FIGURE 1
Participant grouping by lesion type and vocal disorder diagnosis.




2.3 Statistical analysis

Prior to comparing distributions of acoustic features among these cohorts, basic demographic information was analyzed and compared across the lesion-absent and lesion-present cohorts to detect potential biases (Table 1). Continuous variables were compared using the Python library TableOne's (0.9.1) implementation of the Kruskal–Wallis test. Categorical variables were compared using Fisher's exact test using the R Stats package, accessed via a Python environment using rpy2 (3.5.16).



TABLE 1 Demographics and clinical characteristics, grouped by presence of vocal fold lesions.



	Characteristic
	Overall
	Lesion absent
	Lesion present
	P-value





	n
	176
	153
	23
	



	Age (years), median
	59.0
	59.0
	60.0
	0.260



	Weight (lbs), median
	169.0
	164.0
	184.0
	0.110



	Gender Identity, n (%)



	Female
	110 (63.2)
	97 (64.2)
	13 (56.5)
	0.546



	Male
	59 (33.9)
	52 (34.4)
	7 (30.5)
	



	Non-binary or genderqueer
	2 (1.1)
	2 (1.3)
	0 (0.0)
	



	Sexual orientation, n (%)



	Bisexual
	8 (4.6)
	8 (5.3)
	0 (0.0)
	



	Heterosexual
	138 (79.3)
	119 (78.0)
	19 (82.6)
	



	Homosexual
	7 (4.0)
	6 (3.9)
	1 (4.3)
	



	Other
	5 (2.9)
	5 (3.3)
	
	



	No answer
	16 (9.2)
	13 (8.6)
	3 (13.0)
	



	Race, n (%)
	0.149



	American Indian or Alaska Native
	1 (0.6)
	1 (0.7)
	
	



	Asian
	7 (4.0)
	7 (4.6)
	
	



	Black or African American
	11 (6.3)
	7 (4.6)
	4 (17.4)
	



	White
	140 (80.5)
	124 (82.1)
	16 (69.6)
	



	Multiracial
	6 (3.4)
	5 (3.3)
	1 (4.3)
	



	No answer
	3 (1.7)
	2 (1.3)
	1 (4.3)
	



	Other
	6 (3.4)
	5 (3.3)
	1 (4.3)
	



	Ethnicity, n (%)
	0.794



	Hispanic or Latino
	17 (9.8)
	16 (10.6)
	1 (4.3)
	



	Not Hispanic or Latino
	148 (85.1)
	127 (84.1)
	21 (91.3)
	



	No answer
	9 (5.2)
	8 (5.3)
	1 (4.3)
	







Acoustic features were extracted from recordings for the Rainbow Passage task, a paragraph containing all phonemes in American English commonly used as an assessment by speech pathologists. Acoustic features for these recordings were pre-extracted and included in the Bridge2AI dataset by default. They were obtained using openSMILE (17) and stored in PyTorch (18) files. Features for 180 recordings were analyzed across the 176 unique participants with a Rainbow Passage task recording. Four participants out of the 118 represented in the NVD cohort contributed two recordings for this task, while the remaining 172 contributed one. Because those four recordings belonged to the largest cohort, no abnormalities were detected when analyzing their associated acoustic features. Additionally, since there were no objective measures to verify recording quality for each participant, all 180 recordings were used for analysis.

Features examined for analysis were mean HNR, the standard deviation of harmonic-to-noise ratio (HNR SD), mean local jitter, mean local shimmer, and mean fundamental frequency. Analysis was initially conducted collectively for all participants. First, a Kruskal–Wallis test was used to assess differences within Group 1 and then within Group 2 for each acoustic feature. If statistically significant differences were detected (α = 0.05), Dunn's test was used to compare all pairs of diagnostic cohorts within each group. P-values were adjusted with Holm's method for multiple comparisons. Given the confounding influence of sex on the normal ranges for the selected acoustic features, this analysis was then repeated separately for cisgender men and cisgender women. Transgender individuals were excluded from these stratified analyses because there was no way to verify whether such individuals had received gender-affirming care affecting vocal characteristics.

Statistical tests were conducted in Python (3.10.14) using SciPy (1.13.1) (19) for Kruskal–Wallis tests and Scikit-postdocs (0.9.0) (20) for Dunn's tests.




3 Results

Table 1 indicates no statistically significant differences in age, weight, gender identity, sexual orientation, race, or ethnicity between participants with and without a lesion. However, the lesion-present cohort included 12.8% more African Americans than the lesion-absent cohort. In addition, the median weight for the lesion-present cohort was 20 pounds higher than that for the lesion-absent group. Overall, the dataset is predominantly composed of white, heterosexual, and female individuals.

For the analysis representing all 176 participants, statistically significant differences were found between the benign CL and NVD cohorts in their distributions of mean HNR (p = 0.019), HNR SD (p = 0.028), and fundamental frequency (p = 0.012). Additionally, differences were found between benign CL and laryngeal cancer for HNR SD (p = 0.028). Results for all Group 1 pairwise comparisons for the unstratified data are shown in Table 2. No statistically significant differences for local jitter and shimmer were found within Group 1, and no statistically significant differences were found within Group 2 for all acoustic features examined.



TABLE 2 Dunn's test results group 1 pairings (unstratified data).



	Acoustic feature
	Pairing
	p-value





	Mean HNR
	Laryngeal cancer, benign C.L.
	0.095



	Mean HNR
	Laryngeal cancer, no voice disorder
	0.914



	Mean HNR
	Benign C.L., no voice disorder
	0.019



	Standard deviation HNR
	Laryngeal cancer, benign C.L.
	0.028



	Standard deviation HNR
	Laryngeal cancer, no voice disorder
	0.256



	Standard deviation HNR
	Benign C.L., no voice disorder
	0.028



	Mean F0
	Laryngeal cancer, benign C.L.
	0.335



	Mean F0
	Laryngeal cancer, no voice disorder
	0.429



	Mean F0
	Benign C.L., no voice disorder
	0.012




	Bolded values indicate statistical significance at the p < 0.05 level.







The number of recordings for each diagnostic cohort, stratified by diagnostic cohort, is shown in Table 3. The analysis, which consisted only of cisgender men (Table 4), revealed statistically significant differences between the benign CL and NVD cohorts for mean HNR (p = 0.004) and HNR standard deviation (p = 0.002). Moreover, differences were once again detected between benign CL and laryngeal cancer in their respective distributions of HNR SD (p = 0.027). The initial Kruskal–Wallis test indicated statistically significant differences within Group 2 for HNR SD (p = 0.03), but this was not supported by the post-hoc Dunn's test; the smallest adjusted p-value was 0.055, produced from the laryngeal cancer NOVD and benign CL NOVD comparison. Differences were not detected among distributions for any other features.



TABLE 3 Number of recordings for cisgender men and women, by diagnostic cohort.



	Diagnostic group
	# Cisgender women recordings
	# Cisgender men recordings





	Laryngeal cancer
	6
	4



	Benign CL
	7
	6



	No voice disorder
	77
	36



	Laryngeal cancer (NOVD)
	2
	4



	Benign CL (NOVD)
	6
	5



	Spasmodic Dysphonia + no lesion
	6
	2



	UVFP + no lesion
	17
	9









TABLE 4 Dunn's test results for group 1 pairings with only cisgender male participants.



	Acoustic feature
	Pairing
	p-value





	Mean HNR
	Laryngeal cancer, benign C.L.
	0.192



	Mean HNR
	Laryngeal cancer, no voice disorder
	0.512



	Mean HNR
	Benign C.L., no voice disorder
	0.004



	Standard deviation HNR
	Laryngeal cancer, benign C.L.
	0.027



	Standard deviation HNR
	Laryngeal cancer, no voice disorder
	0.863



	Standard deviation HNR
	Benign C.L., no voice disorder
	0.002




	Bolded values indicate statistical significance at the p < 0.05 level.







No statistically significant differences were found among cisgender women for all acoustic features examined.



4 Discussion

Our preliminary analysis of the Bridge2AI-Voice dataset shows early promise that there are vocal features that can act as a biomarker for vocal fold lesions. Other recent studies have shown links between benign and malignant vocal fold lesions using principal component analysis (PCA), suggesting the utility of the PCA method in the identification of vibrational alterations in the acoustic characteristics of voice affected by lesions (21). Interestingly, Liu et al.'s PCA analysis highlighted an underlying acoustic difference between multiple conditions, such as Reinke's edema, polyps, cysts, and leukoplakia (21).

Despite the relatively small sample size, we detected statistically significant differences in acoustic features within our Group 1 cohort. Notably, the differences were most pronounced between the benign C.L. cohort and the NVD cohort.

Of particular interest is the difference in HNR SD between benign and malignant lesion groups, which suggests that HNR SD may be a useful measure for monitoring lesion progression and detecting laryngeal cancer at an early stage. This is a finding that will be interesting to test with larger datasets, and future studies can potentially leverage this to explain this relationship further. However, no statistically meaningful differences were found within Group 2, indicating that distinguishing lesions from other vocal pathologies may be more challenging.

The primary limitations of this study were the small sample size and participants' incomplete lesion histories. Despite these limitations, the study provides valuable insights into the potential for voice biomarkers to serve as early indicators of vocal fold lesions.

The most striking barrier for our selected features to be considered for a biomarker of vocal cord lesions is that, when we stratified our data by sex, we found no statistically significant differences among women for Groups 1 or 2. The power of these statistical tests was, of course, limited by the small sample sizes in some of these cohorts, most noticeably when comparing against the 2 cisgender women participants in the laryngeal cancer + no other vocal disorder cohort, as shown in Table 4. Even so, the fact that no differences were detected among either group for cisgender women suggests we should broaden our search to additional acoustic features. For cisgender men, differences were only found when comparing distributions for mean and SD HNR. Differences were found among benign CL and no voice disorder for both as well as between benign CL and laryngeal cancer for SD HNR, which aligns with the results for the unstratified data. Another notable finding is that even though the results of the Kruskal–Wallis test indicated significance differences within group 2 for cisgender men when comparing SD HNR, the post-hoc analysis did not back that up, though we did approach significance for the benign C.L. (NOVD) + laryngeal cancer (NOVD) comparison (p = 0.055).

Additionally, voice disorders arising from a broader range of laryngeal diseases, such as spasmodic dysphonia, vocal fold paralysis, and functional dysphonia, carry significant morbidity and impair communication and quality of life (22). Recent advances in artificial intelligence have enabled voice recordings to distinguish between different laryngeal pathologies with increasing accuracy. Studies have shown that convolutional neural networks and deep learning models trained on spectrogram representations can classify laryngeal diseases, including early laryngeal cancer, with promising results using standard microphone recordings or even smartphone-captured voice samples (23). These approaches offer a noninvasive, scalable, and accessible method to augment current diagnostic workflows and may serve as effective screening tools for laryngeal malignancy in primary care and underserved settings. As AI protocols mature and datasets grow more diverse, their integration into clinical voice screening may become an important complement to traditional laryngoscopy.

While a definitive diagnosis still requires visualization, a validated AI-based voice screening tool could serve as a triage mechanism. It could identify individuals with subtle voice changes who may not otherwise seek care, especially in primary care or telehealth settings. Such a tool could prompt earlier referrals to voice specialists, help prioritize urgent cases, and reduce diagnostic delays. Unlike the human ear, which may not reliably distinguish between subtle pathologic changes, an AI model can offer consistent and scalable voice analysis across diverse populations.

Future studies should focus on increasing sample sizes and incorporating more nuanced data, such as lesion sizes. Additionally, the sex of participants played a role in the results, which should be considered in future recruitment efforts to prevent biased datasets. Further research should continue to explore different types of benign and malignant lesions by voice feature.
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Competencies help define the skills and knowledge needed by learners. Often broad, educators integrate competencies to provide a framework for curricula or professional standards. For data science, the rate of change in the field, role variations, and specificity in key applications can be challenging. Our objective was to adapt general data science competencies for different learner roles in an emerging area: the clinical utility of Voice, Language, and Speech-based Artificial Intelligence/Machine Learning (AI/ML). Using a persona-inductive approach, we adapted competencies to support learners from varying professional and educational backgrounds and implemented these adaptations in a multi-institutional summer school. Results from these pilot efforts demonstrated feasibility, highlighted the importance of cross-role collaboration, and provided lessons for scaling to broader audiences. Our frameworks show that competency adaptation is necessary and practical in rapidly evolving AI domains.
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1 Introduction

The rapid pace of data science and artificial intelligence (AI) development has outstripped the ability of education and training systems to keep up, especially in areas requiring the integration of multimodal data such as text, audio, images, and video (1, 2). Among these, voice and speech hold particular promise: advances in machine learning are enabling their use as digital biomarkers for detecting and monitoring a wide range of health conditions, from neurological and psychiatric disorders to cancers and cardiometabolic diseases (3, 4). However, realizing this potential requires not only technical expertise but also ethical oversight, clinical integration, and engagement from a broad set of stakeholders—including clinicians, researchers, administrators, policymakers, and patients (5).



TABLE 1 Personas.



	Persona
	Audience
	Level
	Product
	Description





	Clinical Investigators
	Clinician–Speech language pathologists
	ProfessionalTrainee
	Professional development module on data (e.g., CE req for licensure)Curriculum units focused on data, voice-based AI, and voice as a biomarker of health
	Materials on naturalistic data collection practices, structure, and applications of voice-based data repositories, etc., with a hands-on exploratory activity involving a project datasetMaterials on the basics of AI for voice disorders addressed, basic kinds of models (classification, regression, labeling, etc.), AI workflow (train/test cycle, interpretation of basic metrics), and ethical considerations, with a hands-on activity involving a project dataset as well as AI tools using that data



	Clinician—medical
	Trainee—UME/GMEProfessional
	Curriculum unit on voice as a biomarker, ML/AI (emphasis voice/audio/language analysis), voice/language data collection & managementProducts above, but framed as CME unit
	Discuss what kinds of conditions have voice, basics of speech science, basics of acoustics, including content about bias issues & data use.Intro to basic concepts in ML/AI + audio processing, emphasis on issues of model evaluation (how to critically assess an article describing an AI system, etc.) and clinical implementation, inc. content on bias issues, etc.Introduce issues of dataset collection/curation/documentation (data sheets, etc.), stimulus design, evaluation, IP/privacy/consent issues, and also equity/bias issues.Using tablets/devices in clinical care/data collection—practical considerations, different populations (Peds vs. adults, diff. clinical conditions e.g., MCI, ASD, etc.)



	Technical Experts
	CS/ML/AI students
	Undergraduate, graduate
	Data-focused curriculum unit/materials.AI-focused curriculum unit/materials
	Teach students about methods and best practices for creating and maintaining large-scale datasets, using the project dataset as an example (presumably looking at others)—discussions of design, curation, annotation/labeling, evaluation, governance, ethics, etc.Focus on core computational topics for voice-based AI –signal processing, acoustics, machine learning on audio data, etc. Use a specific clinically motivated example, such as hands-on use of the project dataset. Include content on ethical issues



	Clinical/translational research data managers & study coordinators
	Professional
	Workshop/seminar on voice data management
	Working with multimodal/voice data—how to adapt existing data management pipelines to include sensor/voice data and integrate with existing data management infrastructure. Governance & storage issues



	CS/ML/AI researchers
	Professional
	Workshop/seminar series on speech language pathology, voice disorders, etc
	Meant to introduce the clinical domain to a non-clinical technical audience, including technical details (specific computational/ acoustic details relating to specific disorders) and orientation to the dataset produced by the VBAI project









TABLE 2 Core elements of competencies’ adaptations for AI.



	Domain
	Competency (adapted for voice)





	Basic knowledge of Data Science with a focus on AI
	Data science life cycle, key model building techniques, computational methods for audio signal processing, ML model validation, and the potential of voice AI to address problems



	Ethical considerations
	Understand the FAIR and CARE frameworks and ethical concerns for AI in general and unique to voice



	Data exploration and inference generation
	Explore the adequacy of data for the unique feature extraction for voice



	Evidence-based evaluation of AI tools
	Evaluate the quality, accuracy, safety, contextual appropriateness, and biases for AI tools using voice



	Implementations of AI tools
	Understand the people, organization, and implementation issues related to AI tools for voice



	Societal issues in AI
	Focus on the broader landscape to build a virtuous learning cycle and address key issues in AI, especially using voice







These demands highlight a central challenge: traditional competency frameworks in biomedical informatics and AI education are often too rigid or slow to adapt to the speed of technological innovation. Emerging risks—including bias, reproducibility concerns, explainability, and safety—further underscore the need for new educational approaches that are flexible, inclusive, and ethically grounded (3).

This paper responds to these challenges by:


	•Reviewing the current landscape of data science and AI competency frameworks, with particular attention to their application in healthcare and biomedical informatics.

	•Identifying gaps in existing models when applied to rapidly evolving domains such as Voice AI, where technical advances and clinical applications are moving quickly, but educational frameworks lag.

	•Our work within the Bridge2AI initiative, specifically within the Training, Recruitment, and Mentoring (TRM) group, provides a broader framework for cross-disciplinary, ethically grounded AI education.

	•Presenting implications for future curriculum design, highlighting how adaptive, competency-based approaches can prepare learners to responsibly develop, implement, and use Voice AI tools in clinical and biomedical contexts and have the potential to provide a framework for other clinical AI domains.





2 Literature review

Meeting diverse learners' educational and professional needs is challenging, reflecting the field of AI's interdisciplinary and rapidly evolving nature. Competency development in Biomedical Informatics (BMI) is an excellent touch point; BMI is the “interdisciplinary field that studies and pursues the effective uses of biomedical data, information, and knowledge for scientific inquiry, problem-solving, and decision making, motivated by efforts to improve human health” (6). One of the primary objectives of informatics and data science is to develop technical proficiency among data science students, including foundational skills in machine learning (1). Clinicians must also know how to use and understand tools, including those with AI fields (7). Likewise, researchers must also be facile with data sources and tools for analyzing data in their modern work (8, 9).

To help prepare this diversity of learners for these needs, several groups have defined competencies in data science (10, 11) and AI for clinicians (12, 13). Aligning these competencies with learners' needs in application areas, like voice, is challenging due to the rapid development of new analysis methods and the strong desire to implement them in care. Goodman et al. (10) and Topol (14) emphasize readiness challenges for clinicians adopting AI tools. Our work builds upon these frameworks by focusing on personas, iterative adaptation, and curricular implementation. AI competency, in contrast, denotes practical proficiency in using, engaging, interacting, developing, or managing AI systems and specific tasks that are relevant in real-world contexts (15).

Historical approaches to align competency models have included consensus-based deductive methods from experts and educators in the field. The deductive approach requires substantial time, and new methods and requirements often outpace the updates to the frameworks. However, more pragmatic approaches to data science competencies have started to take an inductive approach focused on the broader competency elements targeted to specific areas. For instance, training in new models of AI/ML may include broad concepts like “Data exploration and inference generation,” with key principles supplemented with self-directed and interactive problem-solving. The benefit of the inductive approach is that it matches knowledge of adult learning standards and enables lifelong learning.

Rapid development in Machine Learning has been a constant, but new and highly complex models have opened a brand-new set of requirements for learners. This rapid development includes incorporating multimodal data, new coding approaches, and new application areas. Developing, testing, and implementing ML/AL models for the voice, speech, and language continuum is a near-perfect example of this triumvirate of new capabilities. Extraction of key information from voice and respiration has shown promise in multiple health conditions across otolaryngology, neurology, psychiatry, infectious disease, and cardiology. The techniques to process these models have evolved quickly, and the ability to change the voice into language can be near instantaneous, allowing for rapid, complex model development. Large Language Models—already transforming language-based analyses—show promise in concept and feature extraction across many data types, including voice and speech. One key aspect of these models is the strong demand for immediate implementation in clinical care, even when evidence for their safe and effective use is limited (3).

These new capabilities come with new risks and biases. While the issues of fairness, accuracy, verification, explainability, and safety have long been known, the behavior of the models has changed the manifestations and implications of these risks. For instance, the ability to emulate any voice or image makes verifiability challenging; the persistence of large models across federated spaces with active learning significantly impacts data retention; and the promiscuous incorporation of biased data in unpredictable models presents major ethical concerns.

As part of an effort to build an ethically sourced dataset for training models across the Voice AI continuum, the Voice as a Biomarker of Health (NIH) program, one of four data generation projects (DGPs) funded by the National Institute of Health's Bridge2AI program, has been launched. Voice, speech, and breathing sounds can reveal valuable information about a patient's health. With advances in AI, these audio signals are being studied as potential digital biomarkers to support early detection of conditions ranging from voice disorders and neurological diseases to head and neck cancers and diabetes. Clinicians across multiple fields—including otolaryngology, neurology, speech-language pathology, and internal medicine—bring complementary expertise critical to advancing this emerging area of research and practice (4).



3 Methods

The Bridge2AI initiative has emphasized the importance of curriculum innovation to close gaps in AI education. Its TRM working group developed a cross-disciplinary curriculum to address deficits in accessibility, reproducibility, integration with clinical practice, and stakeholder engagement. Their model prioritizes ethically sourced data, fosters collaboration across domains, and cultivates professional skills that support accountability and adaptability in biomedical and healthcare settings (16). The model provides a valid comparison point for our work on the Voice AI TRM team, which has been tasked with building competency-based education programs to teach multiple personas how to develop and implement standardized methods for voice data collection to fuel scientific discovery and ethical development of AI/ML models.


	1.We used a persona-based inductive approach to adapt existing core data science competencies to the domain of Voice AI. First, we reviewed and synthesized multiple frameworks, including the EDISON Data Science Framework (17), AMIA informatics competencies (9), and recent AI competencies for clinicians (12, 13).

	2.We then developed personas based on the NIH CD2H framework, focusing on two broad categories: (1) clinical learners (e.g., clinicians, speech-language pathologists, medical trainees) and (2) technical learners (e.g., informaticians, data scientists, engineers) illustrated in Table 1 below. Personas were refined through expert consensus with members of the NIH Bridge2AI-Voice consortium.

	3.Table 2 reveals how the Competencies were adapted iteratively in working groups, with feedback from interdisciplinary educators and domain experts. Adapted competencies included foundational knowledge (e.g., data lifecycle, AI model building) and contextual considerations (e.g., ethics, FAIR/CARE frameworks, societal implications).

	4.We implemented the adapted competencies in a multi-site summer school program in 2024 across four institutions (OHSU, Washington University in St. Louis, Weill Cornell Medicine, and the University of South Florida) to test them. The program included didactic instruction, workshops, and a culminating hackathon event where interdisciplinary teams addressed challenges and integrated their AI competencies with clinical voice datasets. The evaluation included questions surrounding program experience, learner feedback, and feasibility across sites.



We have illustrated the detailed methods below:


	a.Core Data Science CompetenciesTo create the adaptation, we reviewed the data science competencies defined by several initiatives, including the Data Science Initiative, an NIH program that seeks to build health science capacity in Africa. Several authors of this work are investigators on this project and have been building competency-based data science programs in partnership with universities across Sub-Saharan Africa. The training program integrates three core interdisciplinary areas: Computer Science/Informatics, Statistics/Mathematics, and Domain-specific knowledge with diverse mentorship from experts across basic sciences to community-based research initiatives (18). We utilized additional adaptations from EDISON, which identified several key competencies, including Data Analytics, which encompasses statistical methods, machine learning, and business analytics, all of which are essential for extracting insights and making data-driven decisions; engineering competencies, including software development and infrastructure management; and competencies in scientific or research methods to ensure data-driven research meets high standards of validity and reliability (17). IBM Analytics was also utilized and identified the following competencies for their data science apprenticeship model: Statistics and programming foundation, data science foundation, data preparation, model building, model deployment, big data foundation, and leadership and professional development.The list below highlights the six high-level competencies identified from over 60 individual competencies across twelve domains. Cognizant of the strong pressure for use of these models, we leveraged a paper by Russell et al. (12) that focused on the end-users of AI development: clinicians. After conducting semi-structured interviews with 15 healthcare experts, six clinical competencies and 25 sub-competencies were identified. This focus—while practical—also enables easy adaptation. For instance, the “basic knowledge” of techniques may be deep and hands-on for data scientists, while clinicians may learn what to look for in descriptions of model development. Similarly, core foundational ethical considerations can be with specific adaptations for implementations and developers related to their professional roles.

	•Basic knowledge of data science techniques, including AI

	•Ethical considerations

	•Data exploration and inference generation

	•Evidence-based evaluation

	•Implementation of tools

	•Societal issues





	b.Personas: Defining Key Learner Types and RolesWe used personas to adapt the competencies further and apply them to specific areas. Personas are representations of potential groups of learners with information about their general needs and goals. We based our personas on roles created for clinical and translational science through the National Center for Data to Health (CD2H). We focused on two categories and four roles: clinical Investigators, including experts and trainees, and technical roles, including informatics and data science experts and trainees. We then divided these initial four roles into Voice AI-specific groupings and identified vital needs and curricular products for these groups. For instance, clinician professionals such as speech-language pathologists may be the front line for collecting data for AI use, understanding the results, and describing the impacts of AI models. In contrast, clinician trainees need a broader sense of Voice AI applications and AI workflow. Technical learners need a more fundamental approach to ML/AI development and testing specific to Voice AI. They also require a background in the clinical problems and their current diagnosis, prognosis, and treatment to develop targeted, practical solutions. All groups require deep core ethical discussions and implications, carefully considering role-based needs.

	c.Adapted CompetenciesOnce we had developed the personas, we engaged with experts and educators from the Voice AI collaborative to adapt each core competency to the needs of the learners. For each, we took the core elements of the competencies and iterated on the common needs of learners and the specific elements required for voice. For instance, basic knowledge includes the data science lifecycle and core model building, as well as how to learn about particular methods and features for the voice. In addition, guidance is given on how to review the potential applications and current evidence for the use of AI specific to voice. Ethical concerns have a foundation in key frameworks, such as the need to make data and models Findable, Accessible, Interoperable, and Reusable (FAIR), as well as the core concerns related to voice, especially for communities facing historical discrimination, such as Indigenous peoples. Voice AI can potentially extend the historical theft of voice and language; these considerations require frameworks like CARE—working with affected communities for Community benefit, granting Authority to control, defining Responsibility, and exploring the Ethical implications. The adaptations are intended to give deeper expertise in this area and empower learners through the inductive model by giving them the skills and framework to step through for other areas over time.

	d.Curricular Design: Adaptation for topic: Voice AITable 3 demonstrates the curricula developed from the adapted competencies, including specific, available curricular resources (links, in black) in informatics and data science.

	e.Cross-pollination of roles: team challenges





TABLE 3 Curricular resources.



	Domain
	Competency (adapted for voice)
	Available Curricular Resources





	Basic knowledge of AI
	Data science life cycle, key model building techniques, computational methods for audio signal processing, ML model validation, and the potential of voice AI to address problems
	AI in Medicine & Medical Education: Critical Issues and Potential Solutions - William Hersh, MD:This lecture defines the major types of AI and their applications, successes, and limitations in biomedicine.Digital Health Leadership and Clinical AI—Philip Payne, PhD, and Andrea Krussel, MA, PhD Candidate:This lecture discusses AI in the context of its application to health and healthcare, such as building and operating an AI-enabled Learning Health System (LHS)



	Ethical considerations
	Understand FAIR (Findable, Accessible, Interoperable, Reusable) and CARE (Collective benefit, Authority to control, Responsibility, and Ethics) framework and ethical concerns for AI in general and unique to voice
	How to be FAIR and CARE in AI—David Dorr, MD, MS:This lecture provides in-depth definitions of each component of the FAIR and CARE principles; emphasizes their importance in the context of Voice AI and AI in general; describes the history and current state of FAIR and CARE collaboratives; and explains how to teach and implement FAIR and CARE



	Data exploration and inference generation
	Explore the adequacy of data for the unique feature extraction for voice
	Team-based challenges, belowIntro to Bridge2AI Voice Data—Alexandros Sigaras, MS, and Alistair Johnson, DPhil This lecture explores the data collection lifecycle of the Bridge2AI Voice dataset; explains standards for sharing voice data, such as FHIR and BIDS; highlights the Bridge2AI open-source repository and data dictionary; and discusses future directions for data dissemination



	Evidence-based evaluation of AI tools
	Evaluate the quality, accuracy, safety, contextual appropriateness, and biases of AI tools using voice
	Voice-Based Biomarkers Through the Lens of Validity—Steven Bedrick, PhD:This lecture defines biomarkers and validity in the context of biomarkers; describes how voice biomarkers are validated; discusses considerations for machine learning and validity; and explores case studies of voice biomarkers



	Implementations of AI tools
	Understand the people, organization, and implementation issues related to AI tools for voice
	Voice AI for Low-Resource Healthcare Settings—James Anibal, PhD Candidate:This lecture presents an overview of two studies focused on enhancing the accessibility of voice AI in low resource healthcare settings: 1) use of multimodal audio data to identify YouTube videos with COVID-19-positive speakers (data collection, data analysis, results, challenges) and 2) feasibility of clinical AI with self-reported health information and voice data (study workflow, key questions, and future directions for research)



	Societal issues in AI
	Focus on the broader landscape to build a virtuous learning cycle and address key issues in AI, especially using voice
	The AI Life Cycle from a DEI Perspective—Maria Powell, PhD:This lecture describes key components of the lifecycle of an AI project and how to apply a diversity, equity and inclusion (DEI) mindset to each stage of the process; explains how to identify practical strategies for promoting DEI and accessibility in the design, development and deployment of AI projects, including team assembly, problem formulation, protocol development, and community engagement







One key aspect of this approach is that learning must be cross-pollinated across roles; in essence, learning to work as a team so that the specific learned competencies of each group can complement each other. To this end, we developed team challenges to allow interdisciplinary teams to work together to improve their understanding of others' competencies. Table 4, below, highlights examples of challenges and critical competencies they address. Teams must communicate and problem-solve effectively; success is defined, in part, by recognizing the diverse experiences that each brings. Thus, the personas have key areas to explain, offering their expertise to ensure the team achieves the best possible outcomes. In exploring data science techniques for key clinical areas, clinicians can help define the need and guide the interpretation of results. At the same time, the technical personas can decide on the ensemble method, identify features related to the need, and explain the technical aspects of the results. Similarly, for ethical concerns about identifying current and former smokers through voice analysis, clinicians can help give examples of historical biases and risks to health. At the same time, the technical team can consider potential requirements for the accuracy and reliability of these models and their possible implementations.



TABLE 4 Challenges and personas.



	Competency
	Challenge
	Persona roles





	Data science/AI techniques
	Develop an ensemble method for classifying a Voice-Speech-Language-related clinical diagnosis
	Clinical: Choose diagnosis, interpret results.Technical: choose ensemble method, evaluate, and describe the results



	Ethical concerns
	Smoking Status: Can an AI model be developed to predict past smoking status? What are the ethical implications of predicting a social behavior that the patient could report themselves as a response to a simple question?
	Clinical: reflect on the impact of automated smoking status detection.Technical: identify the reliability and accuracy of potential features and their impact



	Data exploration and inference generation
	True Controls: Exploration of the “normal voice” concept—does this exist?
	Clinical: Define “normal' and potential.Technical: Explore characteristics of features that define health conditions and their alternatives









4 Results

To address the growing need to apply AI techniques to acoustic data (voice and sounds), we established a new training activity: an interdisciplinary (medical, nursing, engineering, and science) summer school program for undergraduate and graduate students from four different universities already funded for a Data Generation Project (DGP) “Voice as a Biomarker of Health” as part of the NIH Bridge2AI consortium. The training activity aimed to train students from diverse backgrounds to create computer programs and machine-learning models that use acoustic data for medical applications. The training activities involved identifying areas of unmet medical needs where voice or sounds may help create new solutions, acquiring, managing, and analyzing existing acoustic datasets, and building, testing, and validating AI models that leverage state-of-the-art AI methods (e.g., deep learning), creating user interfaces and if feasible, deploying the applications in a real-world setting.

Our application for supplemental funding was accepted, and as of this writing, the inaugural Voice AI summer school program launched in 2024 at Oregon Health and Science University (OHSU), Washington University in St. Louis, Weill Cornell Medicine, and the University of South Florida (USF). 50 graduate and undergraduate students (selected from a highly competitive and deep pool of interested applicants) participated across the four sites in a 5-week-long course culminating in a hackathon event. The curriculum included an online platform for individual learning, didactic in-person lectures, and workshops with case studies using voice datasets. In the hackathon event, interdisciplinary teams (clinical and informatics students) competed against each other to develop the best models to answer tangible clinical questions using voice data from the Voice DGP. Developed AI models have been made publicly available.



5 Discussion

Competency frameworks help develop curricula and define professional needs. Still, in data science and AI, the rate of change and shifts in paradigms make deductive approaches to competencies challenging. This manuscript describes a method for taking broad competency areas and refining them for specific new areas of analysis (Voice-Speech-Language). We then discuss how we developed specific curricular adaptations to help learners understand the specific concerns of Voice AI while still understanding the core framework needed to ethically develop, evaluate, and implement models for any particular challenge.

Limitations of this work include its focus on one domain (Voice AI) and short-term evaluation in a summer program. Longitudinal assessment of learner outcomes and expansion to additional modalities are the necessary next steps.



6 Conclusion

Adapting data science competencies to emerging domains such as Voice AI requires theoretical grounding and pragmatic curricular design. By combining inductive adaptation with role-based personas, we developed a competency framework that flexibly addresses the needs of learners from different backgrounds. Our pilot summer school demonstrated feasibility and revealed pathways for scaling to broader audiences, including clinicians, data scientists, and interdisciplinary teams. While limited to one application domain, this work provides a transferable model for adapting competencies in other rapidly evolving AI subfields. Future directions include multi-institutional testing, expansion to additional modalities, and long-term evaluation of educational outcomes.
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The Acoustic Voice Quality Index (AVQI) is a widely adopted tool for assessing dysphonia, incorporating sustained vowel and continuous speech samples to enhance ecological validity. Despite its broad use, the reliability of AVQI measurements, particularly in digital health applications, remains underexplored. This study aims to review the literature on AVQI's development and validation from the perspective of internal consistency of acoustic measurements, and to assess the amount of speech required to reliably determine the AVQI of a voice recording. Two sub-studies are described. Study 1: A narrative review was conducted using Google Scholar and Scopus to identify studies mentioning “AVQI” and “reliability”. Key methodological details were extracted from studies reporting AVQI measurements, summarized, and discussed in terms of how the internal consistency of acoustic measurements was ensured across studies where AVQI had been validated or applied. Study 2: Recordings of read and spontaneous speech as well as sustained vowels produced by 54 native Swedish speakers (22 female, 32 male; age range: 46–78 years) were assessed in terms of the amount of speech required to obtain a reliable acoustic measurement of the speakers' voices. Simulations were performed using read and spontaneous speech materials of varying lengths. The variability in AVQI and its sub-measures was analyzed relative to the length (in words or in seconds) of continuous speech included. The result of study 1 shows that out of 129 identified studies, 85 reported on AVQI measurements. The review highlighted substantial variability in continuous speech lengths used across studies, ranging from 4–200 words. A recommendation of 3 s of voiced segments was often adhered to, but was found to lack sufficiently robust grounding. The simulations indicated that AVQI achieves internal consistency at speech lengths of approximately 50 words (or 20 s), which is longer than the current recommendation. Both read and spontaneous speech provided stable AVQI measurements at these speech lengths. AVQI thresholds obtained using speech lengths shorter than 50 words (20 s) may require re-evaluation. Robust standardization of continuous speech lengths is essential for the successful adoption of AVQI in digital health applications.
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AVQI, reliability, dysphonia assessment, simulation study, narrative review






Introduction

The ability to screen for symptoms of dysphonia hinges on the reliability of the methods and the ability to replicate the observation outside of the screening context. Acoustic analysis is well recognized as a promising domain for developing diagnostic tools for digital health applications for dysphonia, due to its high availability and relatively moderate resource requirements. The simplicity of the data acquisition procedure, often requiring only a microphone of sufficient quality and a quiet room to perform, allows administration of non-expert clinical staff to document voice symptoms, as well as experts to support symptom diagnosis. Many methods for screening and diagnostics based on a single or a few acoustic properties have been proposed. While these methods can be successful in making simple distinctions about whether a voice is likely to have dysphonia, some lack the ecological validity needed for comprehensive assessment. Sustained vowel production remains the cornerstone of voice quality assessment due to the affordance for assessing properties of phonation and respiration in an environment free from interference caused by dynamics in laryngeal and articulatory muscles.

The Acoustic Voice Quality Index (AVQI) is a digital health assessment and screening method for voice impairment that was designed to achieve a higher ecological validity over then existing assessment techniques by also incorporating continuous speech into the analysis (1, 2). The AVQI has been shown to have a high validity in terms of its ability to correctly identify a range of vocal fold mass lesions (vocal fold polyps, Reinke's hyperplasia, carcinoma, chronic hyperplastic laryngitis with keratosis, papillomata, vocal fold nodules, keratosis without laryngitis, and amyloid), nonorganic voice disorders (ventricular and functional dysphonias), other benign voice disorders (laryngeal cysts, sulcus glottidis, laryngeal web, arytenoid granuloma), and voice disorders of neurological diseases (vocal fold paralysis, Parkinson's disease, and Huntington's disease) (2). The AVQI incorporates a linear combination of acoustic voice measures (the cepstral peak prominence (CPPS), Harmonic to Noise Ratio (HNR), the Slope and Tilt of the Long Time Averaged Spectrum (LTAS Slope and LTAS Tilt), the local absolute Shimmer (Shim local), and dB scaled local Shimmer (Shim local DB)) into a single index (1.0–10.0). The AVQI is sensitive to language-specific features and requires a local validation to serve as a point of reference in the evaluation. Local validation efforts determine the threshold value for separating voices produced by normophonic (without impairment) and dysphonic speakers. A recent systematic review concluded that the language-specific AVQI thresholds ranges between 1.33 and 3.15 for the most recent version of the AVQI implementation (3). An AVQI change of 0.95 has been found to reflect the observation of a clinically meaningful change by a clinical expert in formal assessment of symptom worsening or improvement (4). A high likelihood of a clinically meaningful change in a patients self-perceived level of disability is suggested by an AVQI change of 1.36 or more. The AVQI has accessible computer implementations (5, 6) and efforts are currently being made to implement the AVQI in smartphones to increase clinical availability (7).

Successful adoption of digital health assessment or screening hinges on the psychometric properties of the entire measurement and evaluation procedure (8). The neglect of reliability issues in digital health information is, however, a well-recognized problem (9, 10). In acoustic assessment of voices, outcomes are well recognized to be sensitive to the influence of several factors, such as recording conditions and the recording equipment's technical specification and positioning (11–15). When dynamic speech audio signals form the basis for the assessment, the outcome is also susceptible to influence by the introduction of a continuously changing nature of the voice signal. If an assessment procedure is likely to change depending on which exact portion of speech was injected, the internal consistency (16) is considered at risk and must be managed. Ensuring robustness against these sources of influence, either in the algorithm or through safeguards aimed at ensuring the equivalence of materials at data acquisition, is therefore essential. Failing to do so may compromise the outcome and raise questions about the method's validity in clinical practice.

The AVQI is a well-researched assessment procedure that has been concluded to afford detection of dysphonia and estimation of dysphonia severity across many languages. A cursory view of reports, however, reveals that there may be substantial variation in how much continuous speech material the AVQI analysis was based on across studies. Prominent validation studies use approximately 3 s (17), a small number of words in the 12–15 approximate range (18), 50–70 words (19, 20), or substantially longer sequences (21). Varying material bases across validations of the measure is, in itself, not a significant issue, provided that the material is well-suited to form the basis for an assessment of the speaker's voice quality. However, with the observation of widely different materials being used across validation studies, the degree to which material selection and its impact on the reliability and ensured validity of the AVQI demands a more thorough investigation. Further, it becomes of interest to investigate the speech material length required to afford assessment of AVQI with good internal consistency, so that it can be relied on to capture the presence and severity of dysphonia in a person's voice.

The aims of this study were to 1) perform a narrative review of studies in which the AVQI is validated or used from viewpoint of how reliability of the acoustic measurements was ensured or investigated, and 2) determine through simulation how much continuous speech material is likely to be required to provide AVQI measurements with good internal consistency in outcomes, both in read and spontaneous speech.



Study 1—a narrative review of the adoption of reliability safeguards for the AVQI

The aim of Study 1 was to provide an evidence-informed (22) view of the validation of the AVQI, and how it has been used in published studies to assess the level of voice impairment in a clinical population. A narrative review using a broad search strategy was performed, but with the specific aim to capture methodological aspects related to how the reliability, internal consistency, and validity of the AVQI have been ensured and estimated.


Methods


Materials

A broad search for “reliability” in combination with “AVQI” was performed in Google Scholar and Scopus on March 11th, 2025. The exact query used was “[ALL (‘reliability’) AND ALL (‘AVQI’)]”, and no date limits were applied. The inclusion criteria were 1) that the study was an original report of an empirical investigation published either in a peer-reviewed journal or in conference proceedings, 2) the study should provide information from AVQI measurements explicitly made to meet the reviewed study's aims, 3) that sufficient methodological details were made available to determine the nature of the material the AVQI was based on, and 4) that the required methodological details were made available in English, Swedish, German or Spanish so that the author could confidently extract them. Correspondingly, studies were excluded from the extraction of information of interest if the AVQI was only mentioned or described and not used for empirical measurement for the specific report, or if the methodological details were insufficient or unavailable to the author due to language constraints.

From each study included in the analysis, information on the language being spoken by the speakers, publication year, the number of participants, the length of the sustained vowel sample, the length of continuous speech included, the nature of the task the speakers were asked to perform to collect the continuous speech, and aspects of the method that aimed to assess the reliability of the acoustic measurement of AVQI was collected. When possible, in relation to the availability of language-specific standardized texts, reported text lengths, such as the number of text initial syllables or sentence numbers in the text, were converted to the corresponding number of words. When the standard text could not be obtained, the original reported quantity was retained in the summary table. While not the primary focus of the review, the study outcomes were also compiled for each study. Further, the studies were placed in broad categories of Validation studies, Reliability assessment studies, and Application studies, with an allowance for one study to belong to more than one category.

All identified articles were analysed by the author using a standardized screening form. To investigate the inter-rater reliability of the information extraction, a repeated analysis was performed on a random selection of 20 articles for inclusion/exclusion decisions, study classification (Validation study, Reliability assessment study, and Application study), number of participants included, and whether information on an effort to assess or ensure measurement reliability was reported.



Results

In total, 129 studies mentioning “AVQI” and “reliability” were identified. 16 studies discussed AVQI measures that were not collected for the study or referred to material published elsewhere in a local language. 28 studies mentioned the AVQI in passing without using the measure in the study, or did not provide detailed information on how the measurements had been performed, and could not form a basis for reliability assessment. 85 studies (1–5, 17–21, 23–95) included information on the materials used and how the AVQI had been obtained, and were subsequently included in the analysis. For two studies, only partial information could be extracted. The repeated analysis of a random selection of 20 articles showed a 91% agreement with the original determination of inclusion/exclusion decisions, study classification (Validation study, Reliability assessment study, and Application study), number of participants included, and whether information on an effort to assess or ensure measurement reliability was reported. Discrepancies between analyses were resolved, and the final information extracted from the included studies is presented in Supplementary Materials A (1–5, 17–21, 23–95).

The AVQI measure is computed from two types of materials, a sustained vowel and a section of continuous speech. With regard to the sustained vowel, there is a rudimentary agreement among studies that a vowel sample of at least 2 s should be collected, and most studies include a 3 s sustained vowel sample. The middle portion was primarily where the vowel sample was extracted, but some studies considered instead the stability of the vowel production when determining the portion to extract. In local contexts, it was common to give the speaker more than one production attempt and then use the most stable or otherwise suitable production. The use of the entire vowel, or an unspecified part of it, was not uncommon across studies, and some studies reported an aim of collecting a vowel that was just not too short to be their primary methodological consideration.

For the continuous speech portion, a near consensus of asking the participant to read a text out loud was observed among studies. Localized use of a verbal task where the participant is asked to count from one to ten is also observed. No identified study used spontaneous speech. A wide range of lengths of texts (4–200 words) that the participants were asked to read is observed. A recommendation by key investigators of the AVQI (23) of using 3 s of voiced portions of speech was identified, and was often, but not exclusively, adhered to. The recommendation was made based on an evaluation of speech sample lengths in three categories, where the other lengths were a 12 word portion or the full 60-word standard text, respectively.

Two studies report the duration (in seconds) of samples (25); the number of sentences, words, or syllables was, however, observed to be the dominant unit used when reporting continuous speech lengths. The impact of the length of continuous speech material is considered only in one study (23). The length of material used when validating the AVQI in a local context is not consistently adhered to in subsequent applied studies in the same language.

While perceptual or clinical rater reliability is assessed and reported in applicable studies, the corresponding attention to assessing or ensuring the degree of acoustic measurement reliability is not frequently observed. The study by Barsties et al. (96) is a notable exception, where portions of different lengths of the read text were evaluated, where the 3 s material used achieved overall improved performance in the 0.03–0.08 range across performance metrics over the 12 and 60-word text length alternatives. One study assessed whether manual identification of voiced segments is required, with the conclusion that a standardized length of 27 syllables provided comparable results whether manually segmented or not (54), which may be up to 38 syllables in other languages (96).

Comparisons of different versions of AVQI are made within the same acoustic material, and estimated sensitivity, specificity, accuracy, or area under the receiver operating characteristic curve (ROC AUC) are performed in the entire data sample. In only one validation study (77), a separate evaluation set for determining sensitivity, specificity, and ROC AUC of their proposed AVQI threshold value for distinguishing homophonic and dysphonic speakers was used. Balanced groups of dysphonic and normophonic speakers are not generally observed in the reviewed studies. Maryn et al. (1) performed cross-validation for the correlation of AVQI with the perceptual evaluation, but not when deriving the AVQI threshold or when computing performance measures (sensitivity, specificity, ROC AUC) for the AVQI model. In relation to the risk of AVQI thresholds being selected based on a model that is overfitted to the data it was trained on and not transferable to new materials with retained predictive accuracy (96, 97), only the Lithuanian language has a validation for which the sensitivity and specificity obtained under a reliable statistical methodology (77). The reported cross-validated performance reported by Maskeliūnas et al. (77) is noted to be lower than the performances reported in other, not cross-validated, validation studies.

A methodological issue raised by the review is the use of lossy compression algorithms (MP3 encoding) when storing the acoustic recording before AVQI analysis. One study (38) report storage of speech recordings in the MP3 format. A complementary search of “AVQI” and “MP3” anywhere in a report [ALL (“MP3”) AND ALL (“AVQI”)] found one other study using this procedure for their recordings while computing the AVQI (98). A second study (39), excluded from the initial review set due to AVQI only being discussed and never applied, discussed in general terms that MP3 format may be safe to use for spectrally localized measurements, such as fundamental frequency, while measures influenced by more of the spectrum may be more sensitive to the destructive compression used, citing an earlier study (100) as the basis for drawing this conclusion. While the conclusion that fundamental frequency may be robust to lossy compression has been given additional support in more recent works (101) the CPP and LTAS subcomponents of AVQI, for instance, may be less robustly reproduced when the storage file format is not considered (102). However, since lossy compression formats (like the MP3 format) were not extensively used in the reviewed literature, the issue was not considered further in the review.



Discussion of study 1 findings

The results of the narrative review revealed a substantial variability in continuous speech lengths used (4–200 words) in the validations of AVQI across languages. Since AVQI is evaluated against a threshold determined for each language, the impact of variability in source materials is not problematic, provided that AVQI measurements are compared against comparable results in the local validation. However, the narrative review also noted a concerning trend of applied studies not always following the data application procedure of the validation study for the local language. A meta-analysis of AVQI threshold values found in validation studies for different languages has been made available (3), but requires updating to include the many validation efforts reported on since its publication. The robustness of a commonly cited recommendation of 3 s of voiced segments, which is frequently adhered to in studies, may be questioned on methodological grounds, and demands external validation.

Methods for achieving a good balance between the ecological validity of AVQI outcomes and the internal consistency of the measure demand increased attention. In recordings of continuous speech, the acoustic signal is constantly changing, and continuous speech was incorporated in the AVQI procedure with the aim of increasing the ecological validity of assessments (1). The recommendation to include a narrow initial portion of a recording and the controlled nature of the read speech task, or the even more controlled task of counting out loud, appear to contradict this design aim. How well AVQI measures obtained from heavily controlled speech material can be transferred to less controlled speech, such as when speaking spontaneously, has not received attention in previous reports. The choice of recommending strict control over the injected material to achieve stability in measurements may be premature, as the review found no investigations into the acoustic measurement robustness of the AVQI, and how it can be enhanced to support assessment of a speaker's voice with ensured internal consistency. The lack of cross-validation procedures in most studies further compounds these reliability concerns, as performance estimates may be inflated due to overfitting to training data.

Lossy compression was used in one study for storing acoustic recordings prior to AVQI measurement. Of importance for further digital health adoption of the AVQI is that the practice and potential impact of lossy compression on the reliability and validity of assessments are thoroughly discussed. Lossy compression of voice signals is known to introduce some variation in measurement outcomes (102–104), but there are currently no recommendations against it in the AVQI literature, and no evaluation of the impact of lossy compression on AVQI measurements. The practice of using lossy compression to save storage space is, however, not found to be widespread, and currently not a substantial threat to the reliable clinical use of the AVQI. With an implementation of AVQI into smartphones being planned (7), the impact of microphone quality and lossy compression (102) may, however, demand formal evaluation to provide well-supported recommendations that ensure a maintained validity in clinical use of AVQI in the future.



Conclusion

While the collection of the sustained vowel material for an AVQI is performed in an approximately equivalent manner, there is substantial variance in how much continuous speech is used in validation studies across languages. The speakers are generally asked to read a standard text to elicit the continuous speech material, of which all but the voiced portions of the initial 3 s are excluded when making an AVQI measurement according to the recommended procedure. Whether the AVQI exhibits good internal consistency and can be generalized to all possible measurement results that could have been obtained from a voice, and methods for achieving a robust outcome, demands increased attention.





Study 2—determination of the read and spontaneous speech length required to achieve internal consistency in AVQI assessments


Study aim

The results from Study 1 showed that the internal consistency of AVQI, in terms of measurement outcomes being replicable in other portions of speech in the same recording, demands increased attention. Further, transfer from speech with controlled content, predominantly read speech, to spontaneous speech has not been explored. In Study 2, an alternative strategy to achieve robustness by increasing the length of analyzed continuous speech was explored. Utterances of both read and spontaneous speech were generated by concatenation of recorded utterances in the simulation procedure, to support an evaluation of the ability to achieve good internal consistency in both read and spontaneous speech.



Methods

This study received ethical approval following review by The Swedish Ethical Review Authority (Case number 2022-05630-02).



Materials

Recordings of sustained vowels, read speech, and spontaneous speech were collected from 54 native speakers of Swedish (22 female, 32 male) using a Zoom H4n Pro recorder (48 kHz sampling rate). The speakers read two standard texts [“A Difficult Case” [Ett svårt fall] and “The Trapetize Artist” [Trapetskonstnären] (105–107)] and held a monologue related to a topic that they were interested in. All sentences in the text readings and spontaneous speech monologues were identified manually, marked for start and end times, and further annotated in terms of the number of words produced in the sentence. The duration in seconds was also noted for each utterance. See Table 1 for a summary of speaker demographics and a presentation of the number of read and spontaneous speech utterances, and the number of words and duration (in number of seconds) of these utterances.



TABLE 1 Demographic information on the participants and an overview of the continuous speech materials identified in the read and spontaneous speech recordings. The results of a statistical test of differences between materials produced by female and male participants are also indicated.



	Characteristic
	Overall N = 54
	Female N = 22
	Male N = 32
	p-valuea





	Particpants



	Speaker age
	
	
	
	0.4



	 Median (Q1, Q3)
	66.0 (57.0, 73.0)
	62.0 (54.0, 74.0)
	67.0 (60.5, 72.5)
	



	 Min; Max
	46.0; 78.0
	48.0; 78.0
	46.0; 78.0
	



	Read speech



	Number of utterances
	
	
	
	0.4



	 Median (Q1, Q3)
	15.5 (12.0, 23.0)
	17.0 (11.0, 22.0)
	15.5 (12.5, 23.0)
	



	 Min; Max
	8.0; 32.0
	9.0; 25.0
	8.0; 32.0
	



	Number of words
	
	
	
	0.084



	 Median (Q1, Q3)
	7.2 (6.6, 7.9)
	7.4 (6.9, 8.4)
	7.0 (6.5, 7.6)
	



	 Min; Max
	5.1; 10.3
	5.1; 10.3
	5.2; 9.9
	



	Duration (s)
	
	
	
	0.011



	 Median (Q1, Q3)
	2.7 (2.3, 3.2)
	3.0 (2.7, 3.2)
	2.6 (2.1, 3.0)
	



	 Min; Max
	1.4; 5.9
	1.9; 5.9
	1.4; 4.7
	



	Spontaneous speech



	Number of utterances
	
	
	
	0.6



	 Median (Q1, Q3)
	16.5 (12.0, 23.0)
	16.0 (11.0, 24.0)
	16.5 (12.5, 22.5)
	



	 Min; Max
	5.0; 37.0
	5.0; 28.0
	5.0; 37.0
	



	Number of words
	
	
	
	0.4



	 Median (Q1, Q3)
	6.2 (5.5, 7.3)
	6.5 (5.5, 7.4)
	6.2 (5.6, 7.0)
	



	 Min; Max
	4.2; 11.8
	4.2; 11.8
	4.6; 10.0
	



	Duration (s)
	
	
	
	0.021



	 Median (Q1, Q3)
	2.1 (1.7, 2.5)
	2.3 (2.0, 2.7)
	1.9 (1.5, 2.3)
	



	 Min; Max
	1.1; 4.2
	1.1; 4.2
	1.3; 3.5
	




	aWilcoxon rank sum test of differences between genders.









Procedure

Each produced utterance was extracted from the recordings and placed in a separate sound file. From the read speech utterances, unique continuous speech materials were constructed by iteratively selecting an increasing number of the utterances at random from the pool of utterances for a speaker. The selected utterances were then concatenated into one continuous speech material. The first set, therefore, contained one randomly selected utterance, the second set was constructed from two randomly selected utterances concatenated together, the third set was the concatenation of three randomly selected utterances, and so on. Finally, the largest continuous speech material was made from all utterances produced in the task by a speaker, concatenated together in order of their random selection. The spontaneous speech materials for each speaker were constructed using the same procedure.



Acoustic analysis

All read and spontaneous speech materials were combined with a sustained vowel with a 3-second duration, and an AVQI measure was computed. The median values of sub-measures from which the AVQI is computed (CPPS, HNR, LTAS Slope, LTAS Tilt, Shim local, and Shim local DB) were also noted. All acoustic measurements were performed using the official implementation of AVQI v3.01 for Praat using the parselmouth software package (108).



Statistical analysis

A per-speaker median was calculated for the acoustic measures as an estimate of the true value for the speaker (Table 2). The difference between measures obtained from constructed sets of continuous speech materials and the corresponding speaker median values was analyzed in terms of the observed variability as a function of the length of continuous speech material used. The 0.95 and 1.36 levels of deviation from AVQI medians were used as visual references indicating clinically meaningful worsening or improvement in disability by patients and clinical experts, respectively (4). Separate analyses were performed for read and spontaneous speech, and approximate desirable speech lengths were determined from the visualizations of spread from the speaker median for AVQI or an acoustic subcomponent of AVQI. A good internal consistency in measurement was considered to have been achieved when 1) the constructed continuous speech samples within a length range (5 words or 5 s, respectively) were within subclinical deviation from the speaker median, and 2) the samples' median (the box plot center line) stabilized around the zero line with no notable deviations form that line when larger constructed samples were analyzed. Differences in material lengths produced by female and male speakers, both in terms of the number of words and in the duration of utterances in seconds, were assessed using Wilcoxon rank sum testing (Table 1). Similarly, gender differences in acoustic outcomes (regarding the AVQI and its subcomponents) were assessed using the Wilcoxon rank sum test (Table 2). All statistical testing, data preparation, and visualizations were performed in the R programming language (109).



TABLE 2 Overview of the median AVQI and per speaker median values of all acoustic properties from which the AVQI is computed. The results of a statistical test of differences between acoustic measurements of female and male participants are also presented.



	Characteristic
	Overall N = 54
	Female N = 22
	Male N = 32
	p-valuea





	Speaker medians for acoustic measures



	AVQI
	
	
	
	0.6



	 Median (Q1, Q3)
	3.2 (1.9, 4.5)
	3.1 (2.4, 4.2)
	3.3 (1.7, 4.8)
	



	 Min; Max
	1.3; 7.5
	1.5; 6.6
	1.3; 7.5
	



	CPPS
	
	
	
	>0.9



	 Median (Q1, Q3)
	12.1 (9.9, 14.3)
	12.1 (10.7, 14.0)
	12.2 (9.6, 14.4)
	



	 Min; Max
	6.3; 15.5
	7.7; 15.0
	6.3; 15.5
	



	HNR
	
	
	
	0.071



	 Median (Q1, Q3)
	13.9 (11.3, 16.9)
	14.7 (12.8, 17.8)
	13.0 (10.8, 16.7)
	



	 Min; Max
	7.1; 19.3
	11.0; 19.0
	7.1; 19.3
	



	LTAS Slope
	
	
	
	0.005



	 Median (Q1, Q3)
	−21.6 (−24.4, −19.5)
	−20.5 (−22.9, −17.9)
	−23.0 (−25.3, −20.6)
	



	 Min; Max
	−29.5; −9.3
	−25.2; −9.3
	−29.5; −15.3
	



	LTAS Tilt
	
	
	
	0.13



	 Median (Q1, Q3)
	−11.3 (−11.8, −10.4)
	−11.1 (−11.6, −10.0)
	−11.6 (−11.9, −10.4)
	



	 Min; Max
	−13.2; −8.6
	−13.0; −8.6
	−13.2; −9.4
	



	Shim (local)
	
	
	
	0.3



	 Median (Q1, Q3)
	8.1 (5.7, 11.5)
	7.7 (5.6, 10.7)
	9.0 (5.9, 12.6)
	



	 Min; Max
	3.0; 17.3
	4.3; 14.9
	3.0; 17.3
	



	Shim (local, DB)
	
	
	
	0.3



	 Median (Q1, Q3)
	0.8 (0.7, 1.1)
	0.8 (0.6, 1.0)
	0.9 (0.7, 1.1)
	



	 Min; Max
	0.6; 1.5
	0.6; 1.3
	0.6; 1.5
	




	aWilcoxon rank sum test of differences in acoustic outcomes between genders.









Results

The stability of AVQI as a function of how much continuous speech material it was based on is presented in Figure 1 for read speech and Figure 2 for spontaneous speech. The corresponding displays for CPPS, HNR, LTAS Slope, LTAS Tilt, Shim local, and Shim local DB, from which the AVQI is computed, are presented in Supplementary Materials B. No indications of clinically meaningful differences are, however, provided for these acoustic properties as they have not been determined. The AVQI measure displayed a substantial risk of deviating to a clinically meaningful extent from the speaker's median AVQI if continuous speech of less than 20 words (or 10 s) is used for both the read speech (Figure 1) and continuous speech (Figure 2) materials. Stable AVQI measures were, however, achieved when more materials are added, and once stability was achieved, only small, sub-clinical fluctuations were observed for both continuous speech types.


[image: Box plot graphic showing differences from the speaker’s median AVQI on the y-axis, plotted against the number of read words included and total duration of read speech samples in seconds on the x-axes. Distribution tightens and variance decreases as word count and duration increase, with outliers marked by black dots, and reference lines for thresholds illustrated across both plots.]
FIGURE 1
Variation in AVQI measures relative to the speakers' median AVQI as a function of the length of read speech material used. The length of read speech material is displayed in terms of the number of words in the continuous speech (left) and in terms of total speech duration in seconds (right). Horizontal reference lines indicating estimated levels of clinically meaningful change (4) as perceived by experts (dotted lines) and as reported by patients in relation to the perceived level of disability (dashed and dotted lines) are also provided.



[image: Boxplot chart displays difference from the speaker's median AVQI on the y-axis against two x-axes: the number of spontaneous speech words included on the left and total duration of spontaneous speech samples in seconds on the right, highlighting variability and stability as sample size increases.]
FIGURE 2
Variation in AVQI measures relative to the speakers' median AVQI as a function of the length of spontaneous speech material used. The length of read speech material is displayed in terms of the number of words in the continuous speech (left) and in terms of total speech duration in seconds (right). Horizontal reference lines indicating estimated levels of clinically meaningful change (4) as perceived by experts (dotted lines) and as reported by patients in relation to the perceived level of disability (dashed and dotted lines) are also provided.


The estimated length of continuous speech materials required to achieve stable measurements of AVQI is summarized in Table 3, along with the corresponding estimates of the acoustic sub-measures from which the AVQI is computed. The LTAS measures are observed to stabilize earlier than all other sub-measures, which stabilize at the approximate length of material where the AVQI measure stabilizes. Differences between AVQI measures obtained from read and spontaneous speech remain within clinically meaningful limits (Figure 3) across approximate continuous speech length ranges found in the literature (Supplementary materials A). An AVQI obtained from read speech samples of sufficient length, conservatively estimated to be greater than 50 words and 20 s, is observed to afford transfer to spontaneous speech within clinically motivated confidence limits.



TABLE 3 The approximate length of continuous speech after which AVQI and its acoustic sub-measures achieved stable levels. The continuous speech lengths are measured in terms of number of words or the total duration (in seconds).



	Acoustic property
	Continuous speech duration
	Number of words



	Read speech
	Spontaneous speech
	Read speech
	Spontaneous speech





	AVQI
	>20 s
	>20 s
	>50
	>50



	CPPS
	>20 s
	>15 s
	>35
	>30



	NHR
	>20 s
	>15 s
	>40
	>30



	LTAS slope
	>5 s
	>5 s
	>5
	>10



	LTAS tilt
	>5 s
	>5 s
	>5
	>10



	Shimmer (local)
	>20 s
	>15 s
	>40
	>50



	Shimmer (local, DB)
	>20 s
	>15 s
	>40
	>50








[image: Box plot compares read and spontaneous speech AVQI differences by number of words included and total continuous speech duration in seconds; data points and outliers are marked, with whiskers indicating range.]
FIGURE 3
The differences between AVQI obtained from read and spontaneous speech in length (number of words or duration in seconds) categories that approximate the range of alternatives observed in the literature (Supplementary Materials A). Horizontal reference lines indicating estimated levels of clinically meaningful change (4) as perceived by experts (dotted lines) and as reported by patients in relation to the perceived level of disability (dashed and dotted lines) are also provided.




Discussion

The results indicate that internal consistency in AVQI measurements of a speaker is achieved when approximately 50 words, or approximately 20 s, or more of continuous speech is included. Consistency is achieved at the same approximate continuous speech lengths for both read and spontaneous speech, and the difference between AVQI measures obtained for these two kinds of continuous speech remains subclinical across all relevant length ranges. The results suggest that too short samples produce both a situation where AVQI is highly unstable, which is interpreted as being caused by a high dependence on the exact sentence used, and also may systematically underestimate the AVQI. If a continuous speech of sufficient length is included, however, AVQI results are shown to be relatively unaffected by the exact sentences analyzed. The results further indicate an affordance for transferring conclusions from read speech to continuous speech.




Overall discussion

The AVQI measure is a digital health assessment procedure for dysphonia severity that has received much recent attention for its detection accuracy, has been most extensively validated across a wide range of languages, and is being evaluated for remote assessment and screening using a mobile phone application. Successful broad adoption of a digital health assessment procedure hinges on the consistency in outcomes being maintained when it transferred to a less controlled setting. The narrative review presented here, however, indicated a need to put additional focus on measurement reliability with regards to the AVQI measure. There is currently no standard for the amount of continuous speech material that should be collected across language-specific validation efforts adopted across languages, and validation and application studies do not always follow the same data collection procedures. Further, the performance of the AVQI has not, in general, been evaluated in a separate validation set, which means that performance estimates are open to being inflated, to an unknown degree, due to overfitting the training data. Overfitting is a serious concern when building automatic assessment techniques, and the severity of the effect of this issue requires immediate attention in relation to all validation studies. It is suggested that AVQI threshold values should be deduced in a training set of 75%–80% of the data that should be selected in a stratified manner with regard to medical condition and speaker age and gender, so that the training and evaluation sets have comparable distributions for these demographic properties. Estimating the sensitivity, specificity, ROC AUC, and other measures should then be done only based on the 20%–25% of the speakers not included in the training set. It is expected that reported performance metrics of AVQI will be reduced as a result of this modified evaluation procedure, but the results will provide a more reliable point of reference for subsequent research in which the AVQI threshold is applied to assess new speakers.

As a secondary consequence of a revised AVQI threshold determination procedure, the only existing recommendation of using the equivalent of 3 s of voiced continuous speech, while not adhered to in all studies, may require revision. Clear measurement guidelines are essential to ensure reliable results, but the guidelines themselves need to be determined by reliable evaluation procedures. In the case of the AVQI recommendation of 3 s of voiced portions of continuous speech (23), the conclusion was the result of an observation of somewhat better performance in a material of this structure compared to, for instance, when an entire standard text was included. The improvement observed using 3 s compared to the whole standard text was, however, not substantial. Since performance metrics were evaluated in the training data, it is further reasonable to assume that they are inflated. The size of the effect of overfitting is not often estimated and reported in studies, but the results from one report (110) indicate an up to 4x improvement in explained variance of a regression model when evaluated within the training data compared to a separate validation data set, which indicates that the implications of overfitting to the training data should not be disregarded. One should, however, not presuppose that the performance of AVQI computed from a 3 s material is reduced to the same degree as when computed from a larger portion of text when assessed in separate evaluation data. In fact, the results presented here suggest that longer materials may provide AVQI measurements that are less sensitive to changes in material. Differences in AVQI performances across training and evaluation data require, however, a separate evaluation and should be the target of further research.

The results suggest that a reliable AVQI for a speaker requires substantially longer recordings of text readings (approximately 50 words or 20 s) than the recommendation and the material used in many validation efforts. While a high level of reliability of AVQI can be achieved by consistent use of materials for its computation, this strategy does not transfer to a high internal consistency of the procedure. Further, it requires consistency use of procedures in validation and application studies, which was not always observed in the narrative review. If consistent use is not achieved across research studies, inconsistent clinical use of the assessment procedure is likely to occur. Therefore, methods for ensuring increased AVQI robustness to speech material differences, such as increasing the length of included speech, appear to provide a better way forward in the adoption of the AVQI in clinical assessment of dysphonia.

The AVQI is an established and widely adopted acoustic assessment method for dysphonia detection and assessment of severity that has been validated in substantial samples of speakers. In a digital health context, an ensured data quality is highlighted as requiring increased attention (111), and the results presented here highlight key areas of improvement for the AVQI procedure which can likely be achieved with relative ease. In most local care contexts, standardized texts longer than the 50 words shown here to provide internal consistency for AVQI are in clinical use in voice-based assessments. Therefore, a simple adjustment of only the acoustic analysis phase may be all that is needed to improve AVQI reliability and generalizability. Estimation of AVQI threshold and evaluation of the performance of the selected threshold in separate sets of speakers is likely to provide more reliable estimates of the assessment accuracy of AVQI. Further, comparisons with patient-reported outcome measures (51, 112) may become more appropriate due to this adjustment. The speaker's gender has been indicated not to influence the AVQI (21, 39, 63) and the effect of speaker age may exist, predominately, when comparing speakers with substantial age differences (75). Nevertheless, age and gender matching as well as an ensured balance in cases and controls are cornerstone improvements on which further development of the measure hinges, and should crucially be included in the design of the coming validation efforts for the AVQI assessment measure.

This study has methodological limitations that should be considered when evaluating the findings. First, the narrative review used only two databases for identifying studies to be included. The databases are large and include both reports published in scientific journals and in scientific reports written by for other audiences. However, studies that would have been of interest to incorporate into the reviewed material may still have been omitted by the methodological decision to include search results from only two databases. Furthermore, the review was conducted by only one person, and instances where another reviewer would have produced a summary of the report with minor variations compared to what is reported here are likely. However, with the purpose of providing a narrative review of a single focused aspect of reports, the impact of both discrepancies between raters' readings of a report, and the failure to include singular reports, is suggested to have a limited impact on the narrative review conclusion of reliability of measurements largely having not been considered with regards to AVQI. A further limitation lies in the relatively small number of speakers from whom material was used in the simulation study. This issue warrants further attention, and the results should be considered for replication in larger speaker samples and other languages before drawing a definitive conclusion on the amount of speech required to provide a reliable AVQI measurement of a speaker's voice.



Conclusion

The Acoustic Voice Quality Index (AVQI) has received broad adoption in research. However, to ensure reliable application for dysphonia assessment and screening in a digital health context, standardization of the data acquisition procedure towards increased reliability is warranted. The data presented here suggests that text readings longer than 50 words, or longer than 20 s, provide reliable AVQI estimates for a speaker, and further that the results from text readings of this length can be transferred to spontaneous speech. In most contexts in which AVQI has been investigated, the inclusion of the entire reading of the standard text used in clinical practice is likely sufficient to achieve a reliable assessment. It is suggested that methods aimed at ensuring a generalizable estimate of reliability and validity should be given additional focus in the coming research on the AVQI, to support the potential for reliable application of the method in digital health assessments and screening.
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Human voice and speech, integral to personal identity and social communication, are increasingly used as biometric and digital biomarkers in healthcare. Their collection and analysis, enabled by artificial intelligence, machine learning, and natural language processing, offer promising applications in disease detection and health monitoring. This scoping review examines the ethical, legal, and social implications (ELSIs) associated with using voice and speech data in healthcare. Following a structured search of four databases and a snowball method, 65 articles published between 2009 and 2024 were analyzed. The findings are organized into three main ELSI categories: ethical concerns include privacy breaches, challenges of informed consent, and the need for data validation and respect for vulnerable populations; social issues highlight biases, representational disparities, and risks of discrimination and data misuse; legal issues include unclear regulatory frameworks, conflicting jurisdictional mandates, and challenges in defining data ownership. The review reveals that while many ELSIs mirror those of other biomarker data, the unique properties of voice and speech require adapted frameworks for consent, data governance, and privacy protection. Technological limitations, dataset scarcity, and industry-academic divides exacerbate risks and hinder equitable development. Few studies deeply explore ELSIs in underrepresented populations, and there is a lack of robust empirical research. The review argues for a contextualist, not exceptionalist, approach to voice biomarkers, acknowledging both overlapping and unique challenges. It concludes by stressing the need for harmonized regulations, inclusive datasets, and interdisciplinary collaboration to ensure responsible, equitable integration of voice and speech technologies in healthcare.
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1 Background

The production of human voice and speech is an intricate process that involves the coordination of respiration, phonation, articulation, resonation and prosody (1, 2) and depends on the collaboration of several motor and cognitive processes (2, 3) and more than 100 muscles (4).1 These processes are directly impacted by human physiological features. For example, the length and shape or human vocal tract and the dynamic configuration of articulatory organs can directly affect sound and speech production (7). Voice and speech enable humans to convey their moods and assert their personality (8), communicate with their environment, express emotions, and detail thoughts (9–11). Speech and voice, through both their physiological basis and social use, shape auditory identity, serving as an “invisible business card” presented to the world (12).

In recent years, these characteristics have led to the popularization of using vocal biometrics for tasks like voice authentication, speaker detection, and forensic speaker recognition (13). The uniqueness of voice and speech has even been compared to that of fingerprints (14), although some authors have contested this comparison (15). Recording voice and speech is quick, inexpensive, non-invasive, and can be done remotely (14–17). Furthermore, recognizing people using their voice and being recorded are familiar processes, especially as microphones have become more ubiquitous in modern day life (18).

Aided by the developments in the field of voice biometrics and the successes of data-driven approaches for consumer speech applications, there has been a recent surge in interest in leveraging human voice and speech as sources of data for healthcare. Voice and speech biomarkers, derived from the nuances in voice and speech, represent a powerful yet underused resource in healthcare (19). Traditionally, biomarkers have been described as “a defined characteristic that is measured as an indicator of normal biological processes, pathogenic processes, or biological responses to an exposure or intervention, including therapeutic interventions” (20). Biomarkers can have different putative applications, ranging from prediction, diagnostic, or monitoring of a condition or a treatment, to the study of pharmacodynamic responses to medications. Voice biomarkers are a part of the new frontier known as digital biomarkers (21), where behavioural and physiological data is collected using digital devices to aid in diagnosis, monitoring, and treatment of various health conditions (22, 23). Although the term digital biomarker has recently been under some scrutiny for being misleading, unclear, and ill-defined (24–26), no other common term has emerged or gained consensus among scholars. Voice biomarkers are defined as distinct vocal attributes, alone or in combination, that have been scientifically validated as indicators of clinical outcomes (27, 28). They can be used for symptom detection and monitoring, diagnosis of conditions, screening potential health issues, perceived health status monitoring, and to monitor disease progression (29). Similar to its use as biometric information, voice biomarkers have the advantage of being easy and relatively inexpensive to collect and preserve in databases (30, 31).

Even though the idea of using voice as a biomarker of health has been explored for decades (32), recent developments in artificial intelligence (AI), machine learning (ML), and natural language processing (NLP) have enabled fast, precise analysis of voice data, making it possible to envision the scalable development of voice biomarkers analysis (33–35). Voice biomarkers have already demonstrated their potential in the diagnosis of diseases and conditions such as Alzheimer's disease (36), Parkinson's disease (37), diabetes, developmental problems such as autism (38), and various mental health problems such as depression, stress, and suicidal ideation (39, 40). However, there are a limited number of voice datasets meant for clinical use (41). These datasets are often incomplete, and due to this fact researchers often lack the capacity to consider implications of diversity and privacy control (42) or properly train algorithms with them (27). This has led to calls to curate large, scalable, standardized databases to use for research on voice and speech biomarkers (34, 43, 44).

While work has been done on the ethical, legal, and social implications (ELSI) of using voice biometrics (45–48), the collection of voice and speech for clinical use requires a deeper understanding of the ELSI specific to this nascent use (44, 49). This scoping review aims to present the state of the literature on the ELSI that arise from the collection and use of voice and speech data in healthcare, while also adding to the growing literature on the ELSI of digital biomarkers (50–53). Moreover, it aims to identify how the collection of voice and speech data for medical and clinical use can redefine some of the ELSI related to digital biomarkers, how it fits with current understanding of the ELSI related to biomedical and clinical data, and to address the gaps in the existing literature and potential areas of concerns. The aim of this analysis is to contribute to the responsible development and use of voice and speech biomarkers.



2 Method

A scoping review was realized to appraise and determine the volume of literature and studies available on the ELSI of the use of voice as a biomarker of health (54, 55). A scoping review approach was selected because it allows for a comprehensive mapping of the diverse studies and disciplines addressing the evolving challenges posed by voice data in healthcare. Rigor was ensured by engaging in a predefined and comprehensive search strategy (56, 57). This scoping review was conducted in 3 phases. A first phase (Phase 1) consisted in finding articles through a search on databases, a second phase (Phase 2) was added where articles were found through snowball research from Phase 1, and a third phase (Phase 3) was conducted to review new literature. Each phase, and its associated steps, are described below. The charting of the data and the collating, summarizing and reporting of results are presented in the Results section.


2.1 Phase 1: initial database search

References from this review of the literature were identified through Ovid MEDLINE, Web of Science, Ovid EMBASE and IEEE. Ovid Medline and Ovid Embase were selected to ensure comprehensive coverage of healthcare-related literature, while IEEE Xplore and Web of Science were included to capture engineering perspectives and broader multidisciplinary research. Search terms were categorized into three main themes: Ethical, legal or social implications, voice or voice as a biomarker, and medical technologies. Established themes were populated using MeSH terms, Emtree terms, Boolean operators, and informed by key search literature. Discussions with experts within the Bridge2AI-Voice Consortium informed the selection of relevant terms relevant to voice biomarkers and voice health, and a university librarian specialized in scoping reviews helped adapt the search strategy to the scope of the database. Table 1 presents the terms that were used in the different databases.



TABLE 1 Search strategy.



	Concepts
	Terms





	ELSI
	MD = ((Ethic* or Bioethic* or Moral* or ELSI or ELSA or ((social or bioethical or ethical) adj (issue* or aspect* or impact* or consequence* or implication* or “effect” or “effects” or consideration* or challenge*))).mp. or informed consent/ or Bioethical Issues/ or Ethics/) not “ethics committee”.mp. not “ethical approval”.mp. not “ethics and dissemination”.mp.EMB = ((Ethic* or Bioethic* or Moral* or ELSI or ELSA or ((social or bioethical or ethical) adj (issue* or aspect* or impact* or consequence* or implication* or “effect” or “effects” or consideration* or challenge*))).mp. or informed consent/ or Bioethical Issues/ or Ethics/) not “ethics committee”.mp. not “ethical approval”.mp. not “ethics and dissemination”.mp.WoS = Ethic* OR Bioethic* OR Moral* OR “ELSI” OR “Public NEAR/0 Policy” OR “informed NEAR/0 consent” OR “social NEAR/0 responsibilities” OR “Data NEAR/2 anonym*” OR “medical NEAR/0 ethics” OR ((social or bioethical or ethical) NEAR/3 (issue* OR aspect* OR impact* or consequence* OR implication* OR effect* OR consideration* OR challenge* OR policy OR policies)) (Topic)IEEE = Ethic* OR Bioethic* OR Moral* OR ELSI OR ELSA OR “social issue” OR “social aspect” OR “social impact"



	Voice
	MD = (Voice or Vocal or Acoustic or Speech or Bioacoustics or Respirat* or Phonation or Resonation or Articulat*).mp.EMB = (Voice or Vocal or Acoustic or Speech or Bioacoustics or Respirat* or Phonation or Resonation or Articulat*).mp.WoS = Voice OR Vocal OR Speech OR “conversation* NEAR/3 agent*” OR Acoustic OR Bioacoustics OR Respirat* OR Phonation OR Resonation OR Articulat*IEEE = Voice OR Vocal OR Speech OR Acoustic



	Health Technology
	MD = [Technolog* or Informatic* or Biomarker* or (“health care” adj1 technology)].mp.EMB = [Technolog* or Informatic* or Biomarker* or (“health care” adj1 technology)].mp.WoS = Technolog* OR Informatic* OR Biomarker* OR Diagnostic* (Topic)IEEE = Technology OR Technologies OR Informatic OR “machine learning” OR “algorithm” OR “natural language processing” OR “artificial intelligence” OR biobank OR dataset



	Legend
	MD = MedLine; EMB = Embase; WoS = Web of Science; IEEE = Institute of Electrical and Electronics Engineers







The initial database search was carried out on December 14, 2022, for all four databases, and 2,393 articles extracted were uploaded into Covidence (58). Three hundred eighty-four (384) duplicates were removed. For the first screening, the team outlined a list of inclusion criteria: articles were included if the appraisal of their title and abstract met the following criteria: (1) written in English or French; (2) defined as a peer-reviewed article, commentary, editorial, review, or discussion paper; and (3) included topics that intersected the three main themes from the literature review. No restrictions were placed on the date of publication, design, or date of publication. Three screeners persons (MFM, SBG, QH) independently applied the inclusion and exclusion criteria on the 2,009 remaining papers (59). In instances of disagreement, consensus was achieved through discussion between the three reviewers, with advice from someone with experience in literature reviews (JCBP).

The title and abstract screening process removed 1,899 papers from the scoping review at hand. Full-text review was then done to assess the eligibility of the 110 remaining papers. Following exclusion criteria were used to sort and evaluate studies: (1) were not English or French; (2) did not address questions ELSIs; (3) did not relate to voice or speech; (4) did not relate to voice data collection or voice data usage in technology; (5) were not healthcare related; (6) book sections or chapters; (7) had no full text available. The same screeners (MFM, SBG, QH) independently applied the exclusion criteria. Again, disagreements were discussed between reviewers until consensus was achieved. In the end, 24 studies were selected, with advice from the principal investigator (JCBP).



2.2 Phase 2: snowball search

Considering the small number of articles included in the scoping review and the key aim of a scoping review to assess the extent of discussion around a topic, the research team (MFM, SBG, JCBP), following the recommendations of a university librarian specialized in scoping reviews, carried out a second round of research snowballing from the 24 included papers. Two members of the team (MFM, SBG) retrieved all the papers cited in the 24 papers, as well as all the articles citing these included papers. This work added 1,650 articles to the original search. A second round of title, abstract, and full-text screening was carried out on these articles, following the same criteria identified above. At the end of this process, 24 additional papers were included increasing the total number of studies in the scoping review to 48.



2.3 Coding of the results from phase 1 and phase 2

Two articles were coded using NVivo 14 (60) by members of the team (MFM, SBG) to create the initial coding frame (61). The coding frame was developed around 5 overarching themes: (1) voice as a biomarker; (2) ethical implications; (3) social implications; (4) legal implications; (5) mitigating solutions. The coding frame was reviewed by an experienced coder (JCBP), who provided comments and guidance. During the coding process, members of the team (MFM, SBG) reviewed two papers with the initial coding frame to assess the degree of intra-coder agreement. Two coders (MFM, SBG) reviewed the remaining data individually. New codes were inductively added to the initial coding frame based on the content of the articles. Weekly meetings between the two coders were organized to ensure agreement between coders. After coding, the two coding files were merged to create a final coding grid. Each article was reviewed with the final coding grid to ensure a consistent coding.



2.4 Phase 3: subsequent database search and analysis of results

A second search of the previously identified databases with the same terms was carried out in April 2024 to review articles published since the initial search in December 2022. Following this, the articles found were uploaded to Covidence and two team members (MFM, AG) used the same inclusion criteria to sort through the title and abstract and through the full text. In total, 413 articles were imported for title and abstract screening, 43 full-text articles were reviewed, and 17 articles were included, bringing the total number of articles in the review to 65. Figure 1 presents our review flowchart following PRISMA's guidelines (62) for all three stages. Papers were thematically analyzed using NVivo 14 (60). The initial coding grid used was the final coding grid from stage 2.3. During the coding process, members of the team (MFM, AG) reviewed two papers with the coding grid to assess the degree of intra-coder agreement. Research team members (MFM, AG) reviewed the remaining data individually. New codes were inductively added by MFM and AG to the coding grid based on the content of the articles. Weekly meetings between the two coding team members were organized to ensure agreement between coders. After coding, the two coding files were merged to create a final coding grid. Each article (from the first and subsequent database search) was reviewed with the final coding grid to ensure a consistent coding.


[image: PRISMA flowchart consisting of three stages for a systematic review. Stage one shows initial screening with 2,393 studies imported, 384 duplicates removed, 2,009 screened, 110 full-text reviews, and 24 studies included. Stage two shows a snowball process, importing 1,650 additional studies, 58 duplicates removed, 1,596 screened, 96 full-text reviews, and 24 more studies included. Stage three depicts subsequent database screening, with 573 studies imported, 122 duplicates removed, 451 screened, 62 full-text reviews, and 17 included. Entire process concludes with 65 studies included in the review. Purple sidebar labels indicate stages: identification, screening, and included.]
FIGURE 1
Prisma flowchart of search outcomes.





3 Results

Results are presented following the different themes of the coding. Each of the three types of implications (ethical, social, and legal) are examined in two ways. The first category, “conventional implications”, covers issues arising from the use of voice and speech data in healthcare that parallel those linked to other biometric data, such as gait or ocular movement analysis (63, 64), and defines where voice and speech are treated as continuous with existing health data ethics discussions. The second category, “modality-specific implications”, addresses ELSI that require refinement or revision due to the unique characteristics of voice and speech data, and defines where voice and speech data are challenging conversional frames.

As noted, not all of the included articles were specifically related to voice biomarker research or the use of voice biomarkers in healthcare. Although they addressed voice biomarker research and use, some articles dealt with digital biomarker research more generally, the use of smartphones or sensors in healthcare, or new trends in the treatment of a specific disease. Contrasting these implications with those brought on specifically by voice and speech data makes it possible to recognize the distinct risks and responsibilities associated with voice, while maintaining coherence across wider conversations on health data governance. In each of those categories, the implications are presented in order of how frequently they were mentioned by authors.


3.1 Overview of results

The 65 included articles were published between 2009 and 2024, with most of the articles published between 2019 and 2024 from teams in different parts of the world. Figure 2 presents a timeline of the number of included publications per year. Figure 3 presents a world map of the different countries of either the first author or the research teams. About half of the articles (n = 34) were reviews (e.g., scoping review, systematic review, contemporary review). Figure 4 presents a pie chart of the different types of articles included in this review. They touched on a variety of diseases, ranging from mental health conditions and behavioral health to Alzheimer's disease, Parkinson disease, heart failure, Covid-19, and speech disorders. Figure 5 presents the field area of included articles. All selected publications included elements related to the use or interpretation of voice and speech data in healthcare or research settings. As mentioned previously, to be included, publications were required to meaningfully engage with the topics of voice and speech biomarkers, whether in a dedicated section or as part of a wider discussion. In practice, this engagement varied across the literature: in some publications, voice biomarkers constituted the main focus of the research, with detailed conceptual, technical, or clinical discussions; in others, they appeared more tangentially, often mentioned as emerging tools within larger explorations of artificial intelligence, digital phenotyping, or data-driven health approaches.


[image: Line graph showing the number of published articles by year from 2007 to 2024, with a steady low rate until 2018, then a sharp increase, peaking in 2023 before declining in 2024.]
FIGURE 2
Number of included articles published per year (2008-2024).



[image: World map graphic showing distribution of articles by country, shaded from light to dark purple based on article quantity. The United States, Canada, France, Germany, and the United Kingdom have the highest number of articles.]
FIGURE 3
Geographic distribution of included articles based on the country of the first author or research team. This map illustrates the global distribution of the 67 articles included in the review. The majority originated from the United States of America (n = 27), followed by Germany (n = 8), Canada and the United Kingdom (n = 5 each), Switzerland and Australia (n = 3 each), and several other countries contributing one or two publications each (Italy = 2, Greece = 1, India = 2, Taiwan = 1, Colombia = 1, Netherlands = 2, Ireland = 2, France = 2, Japan = 1, Israel = 1, Luxembourg = 1). Countries are shaded according to the number of publications, with darker tones indicating a higher number of articles. World map created using MapChart (https://www.mapchart.net/), licensed under CC BY-SA 4.0.



[image: Pie chart showing categories of publications by percentage: Review dominates at 52.3%, followed by Literature Review 12.3%, Perspective 7.7%, Qualitative Research 6.2%, Whitepaper 4.6%, Survey 4.6%, Workshop Summary 1.5%, Text and Opinion 1.5%, Opinion 1.5%, and Commentary 1.5%.]
FIGURE 4
Publication types of included articles. The figure displays the distribution of article types, ordered by frequency: reviews (n = 34), literature reviews (n = 8), perspectives (n = 5), qualitative research articles (n = 4), surveys (n = 3), whitepapers (n = 3), and single-publication categories including commentary, longitudinal waitlist-control field study, opinion, position paper, quantitative study, text and opinion, viewpoint, and workshop summary (n = 1).
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FIGURE 5
Field of health research of included studies. The figure presents the distribution of health conditions examined across the included papers, ordered by frequency: mental health and mood disorders (n = 30), speech and communication disorders (n = 8), Alzheimer's disease and cognitive decline (n = 8), general healthcare applications (n = 6), Parkinson's disease (n = 5), neuropsychiatric disorders (n = 3), and single-paper categories including COVID-19, heart failure, and Huntington's disease (n = 1).




3.2 Ethical implications


3.2.1 Conventional implications


3.2.1.1 Privacy and security

A number of publications report privacy issues arising from continuous, passive collection of voice and speech data (65–68). Privacy is a major concern for any remote monitoring approach (69), as the guarantees on privacy protections that can be provided are limited (70) and because privacy has no formal legal definitions (71). However, privacy regulations have been described as stifling to technological innovations (65, 72).

Articles highlight two main types of considerations. First, continuous data sharing is required to capture the amount of data accumulated through continuous and passive data-collection methods, which increases the risk of privacy breaches during this process (67, 73–75). Storing large amounts of data can also increase the risk of a privacy breach or data leakage, and also the likelihood of data being sold in the secondary data market (69, 70, 72, 74, 76–79). Second, continuous recording can also quickly become perceived as surveillance (80). One participant in a study from Hurley & al (76). mentioned that constant data collection on any type of data is “overkill”. In the same study, another participant described it as a form of “personal intrusiveness”. This can apply to the patients or the subject being recorded, but also to their caregivers as well who may also have their own concerns over monitoring (81). To mitigate this concern, Popp & al (82)., in a review on the shift from active to passive monitoring of Alzheimer's disease, mention that mandating that a person interact with a device can also represent a conscious effort on people's part to remind them that they are being recorded and lessen the impression of passive surveillance and loss of control, especially for people with chronic or degenerative condition that affect their own sense of control (72). Similarly, Bailey, Patel & Guari (83), while focusing on data collection involving minors, raise a broader concern: the trade-off between gathering more data to train models effectively and maintaining privacy protections. This tension is relevant across all populations, particularly when sensitive data like voice is involved.

Voice and speech data is also potentially identifiable and can be used for multiple nefarious undertakings. For example, this data can be used to surveil individuals and intrude on their private lives (73, 76, 80), especially if voice data provides a window in an individual's thoughts (76). That private information could then be used by advertising companies to target individuals in a compromised emotional state (68, 72, 79, 84). One article also mention the potential for mass surveillance of whole sub-groups of the population (85).

Research on voice and speech data also sometimes requires and benefits from the sharing of data in publicly available repositories (70, 86) or with other research groups (87). Ensuring the security of the data when sharing with other research groups is a specific concern raised by one article (81). With respect to privacy, participants have different expectations regarding data access and data sharing (81, 88, 89), and even if authors mention that there should be a clear understanding in consent forms regarding the types of data that will be shared, to whom, how, and why (70, 90), there seems to be a lack of understanding of what people want regarding their privacy in voice processing (91). These concerns also apply to data collection done for research, as well as data collected for clinical use. However, privacy protection can be harder to sustain in smaller research projects, because the identity of the subjects is often known (92). Sharing voice data to a new group of researchers can also lead to re-identification of subjects because data subjects via other means, for example with cross-identification with other datasets (75).



3.2.1.2 Informed consent

A study by Hurley et al. on multimodal computer perception and neurotechnology mentions that, for data collections on new types of data like voice, it can be hard, at the time of consent, to explain to people and patients how they can be harmed if their data is leaked to unwanted third parties and how that can lead to long-term risks that are difficult to anticipate (76). This can affect the transparency towards participants, who must understand what data is collected, when and where (70, 75). Additionally, participants' level of literacy (general and technical) can affect how well they grasp the content of consent forms (66, 90). Information on data collection, storage, and usage should thus be written in language that is appropriate and adapted to the group of participants (70, 75, 90).



3.2.1.3 Accessibility of data

Some articles mention that voice data sharing between research groups can be difficult on a practical level. For example, voice data (or their derivatives) can be stored in a format that is not convenient or transmittable, or else different research projects can involve specific tasks, recording conditions, diagnostic criteria, or populations, that can limit the utility of combining different datasets (65, 70, 87). Some conditions are also rarer, which can make recruitment difficult and time-consuming for researchers (65). Some datasets also lack sensitive characterizing information about participant, like some demographic information or comorbidities, making it difficult to use for research groups (93).




3.2.2 Modality-specific implications


3.2.2.1 Privacy and security

Patient privacy and confidentiality are major concerns for any type of clinical data collection or clinical monitoring approach, but the engineering and computing behind privacy-preserving techniques for voice and speech data present unique difficulties. Encryption, anonymization, and de-identification, typical safeguards that assure the privacy of people, have proven to be more challenging with voice and speech data than with other biometric information (like facial or iris recognition) (73, 81, 88, 89, 94–96). This is because techniques cannot readily be transferred (the variability in speech signals means that speakers don't utilize a template or print in the same way as other biometric data) (74), or are otherwise limited in their effectiveness (97, 98). Those considerations also extend to third-party individuals if their voice and speech are also being recorded by sensors (73). And while specific privacy-preserving techniques and methodologies are mentioned (for example, automatic feature extraction, subsampling (75), federated learning (65), encryption of voice and speech data (27, 75), and privacy-by design (71), those can quickly become obsolete as new technologies emerge to intrude and access data in an unauthorized manner.

There is also evidence that information about a speaker, especially sociodemographic attributes, can be gathered from a voice recording alone (27, 74, 91, 98). This can include (but is not limited to) body measurements, age, gender, sleepiness, level of intoxication, native language, and socioeconomic status (91), as well as sexual preferences (71), some of which correspond to personal identifiable information (PII) (98). But, up to now, the discourse surrounding privacy in voice and speech data has paid little attention voice-inferred information (91) and how its understanding can reinforce concerns surrounding data privacy and second-hand analysis of data (67). However, it is important to mention that the collection of voice and speech data can mean a lot of different things. As such, different types of voice and speech data (speech, voice, breathing, laughing, coughing, etc.) present different risks (76, 98). For example, breathing sounds generally contain less sensitive information than speech and audio recordings of conversations (99).

Finally, one article mentions the risk of the recording of unflattering or nefarious content (for example recording of people in the bathroom, but also more deeming content like recordings of threats or other illegal activities), specifically through continuous voice recording (100). This could entail the possibility that research groups must break confidentiality for legal reasons (100). Another article also mentions that the privacy of conversational home devices, which can be used to capture voice and speech data, is not guaranteed, as it has already been shown that private conversations have been sent to unintended recipients (83).



3.2.2.2 Informed consent

Ensuring informed consent prior to the data collection of voice and speech is essential. As mentioned in several articles, one of the major advantages of voice and speech biomarkers is the ability to analyze data continuously instead of only during the occasional, punctual encounters with their healthcare professionals (84, 97, 98, 101, 102). But continuous recording, in addition to coming with issues of risk to individual privacy, may also imply the recording of people who are not aware that they are being recorded and, perhaps most importantly, have not consented to that recording (68, 73, 76, 79, 88, 94, 95, 100). This can include people in the background who are just passing within range of the recording device or people having a conversation with patients (79). Gathering consent from those individuals is, however, highly unfeasible. Not only can it place patients in uncomfortable situations where they might have to disclose their conditions to people they would not normally divulge it to (76, 92), but it is also far too demanding.

Some articles also highlight the fact that it may be difficult to consent to continuous recording because people cannot know in advance the events that they will encounter and will want to keep private (75, 76). Also, the large amount of voice and speech data gathered increases the privacy risks for people (70). And, since different types of data can be collected with a voice recording (e.g., breathing, free speech), voice and speech data can present somewhat of a unique challenge compared to other types of data collection (100).

Finally, as with other types of data, there is a risk of uncovering incidental finding related to a person's health (70). This could happen, for example, if research is conducted on a sample from an asymptomatic person (75). However, even if the norm is to allow people to decide, at the time of consent, if they would like to be informed of incidental findings (70), and to share the diagnosis, especially if early treatment is available and beneficial (75, 94, 103, 104), sharing results from voice analysis can be risky, as clinical utility of voice biomarker results is uncertain (75).



3.2.2.3 Data


3.2.2.3.1 Quality of Data

The quality of the speech and voice data used to train algorithms and analyze the voice and speech of patients is a key ethical concern in this field. The type of device used, the environment, and other people in the recordings are all different real-world issues that can hinder the effectiveness of the analysis of voice and speech biomarkers (69, 105–108). One paper also mentions that the use of mobile devices in research studies is practical (mimics natural behaviors, less expensive than providing specific study devices), but that it can lead to noise from differences in hardware and software that may need to be corrected before the data can be analyzed and may hinder sharing across research groups (69). Additionally, there are no standardized data formats and recording protocols for voice and speech recordings in healthcare, making it difficult to develop large databases from different sources (27, 65). This poses a problem given the need for a sufficiently large quantity of data to be able to train AI and ML algorithm (75).

Finally, because voice and speech can be affected by energy levels, the timing of voice data collection is crucial. Information about the patients energy levels should thus be noted (81).



3.2.2.3.2 Quantity of Data

Several articles mention that the limited number of substantial, clinically relevant voice datasets is an issue to train algorithms (65, 75, 107–110). However, collecting more data is not necessarily a viable solution, as storage of a large quantity of data can be expensive and require substantial equipment for individual researchers or teams (82, 90, 108, 109, 111). The storage capacities of research groups can also directly impact groups' data collection quantity and preferences (70). In addition, data collection is time intensive for research teams, especially if data needs to be edited to remove unwanted audio and transferred to another format (111). Kröger & al. mention that there is an imbalance in the availability of voice and speech data between private companies, whose data collection is often “technically authorized but not actively consented” (82), and publicly funded research teams, which rely on available datasets or who have to gather data themselves (91).

Several articles identified the small number of training data as one of the limitations of their studies or of other studies they reviewed (87, 93, 101, 105, 107). One author also mentions that some studies even publish without the presence of a control group (101). There is also a lack of longitudinal data on voice and speech that include data from acute illness and beyond (93). The lack of availability of large-scale studies means that the switch from feasibility studies to large-scale development of voice biomarkers will be hard (93).



3.2.2.3.3 Validation of Data

There are concerns about validating the results of voice and speech analysis, raising questions about the clinical introduction of technologies based on voice and speech biomarkers. The ability to validate results from multiple populations, in multiple settings, and with a good enough reliability will be key to introducing the use of voice and speech biomarkers into the clinical care (70, 75, 91, 94, 109, 111, 112). Moreover, some authors question the validity of voice and speech analysis that is detached from the person, mentioning the false interpretations that can happen once the voice and speech data are taken out of context or analyzed without some critical background information on that person (93, 113). Finally, various studies mention the need to validate the results from vocal and speech biomarkers with “gold standards” (27) or other biomarkers (27, 76, 77, 79, 94, 109, 114, 115). Without such standards, the switch from feasibility studies to large-scale development of voice biomarkers will not happen (27). Proper validation of diverse samples and datasets will be essential to scale-up voice and speech biomarker analysis (27, 65, 69, 87, 111, 114). This will mean validating results in different conditions (72, 79), but also for different populations and sub-populations (69, 108).




3.2.2.4 Respect for People

Voice and speech data collection can demand that people perform certain tasks like breathing, reading texts, talking about a subject for a couple minutes, etc. (82). For some conditions targeted by research on voice and speech biomarkers, those tasks can prove to be difficult. For example, Petti et al. (75) mention that for individuals with Alzheimer's disease, some tasks can be humiliating and can cause distress, resulting in frustration and anger (75).






3.3 Social implications


3.3.1 Conventional implications


3.3.1.1 Bias and lack of diversity

Bias in datasets can contribute to unfair, unbalanced, and even discriminatory studies and analysis of voice and speech biomarkers (27, 65, 68, 72, 76, 83, 85, 98, 100, 102, 107, 114). Biased datasets may not adequately represent the diversity of human emotions across cultures, genders, and age groups (88, 103, 116). Given that an AI or ML algorithms are susceptible to “learning” biases present in the training data, it is imperative to tackle these considerations early on in their development, since all the previous mentioned implications can be perpetuated once an algorithm is integrated into clinical care (6, 46, 65, 82, 85, 86, 89, 93, 100, 108, 116, 117).

Bias mitigation, both in the training datasets and in the validation datasets is essential (27, 46, 82, 83, 85, 88, 92, 94, 103, 104, 107, 116, 118–121). This type of mitigation will require the involvement of diverse stakeholders to be able to understand and consider their different needs and contexts (82, 118).



3.3.1.2 Discrimination

One paper in this review also discussed how the use of “big data” in healthcare could enable discrimination and predatory practices. While this is not specific to voice and speech, they do mention how this could disproportionately affect some individuals with mental health conditions, one category of condition that is extensively researched in the voice biomarkers field (72). The accumulation of emotional data about a person could lead to unintended consequences, like emotional profiling, which could also lead to discrimination (68).




3.3.2 Modality-specific implications


3.3.2.1 Bias and lack of diversity

Although the analysis of voice and speech biomarkers using AI is potentially a way to capture a noninvasive (69, 75, 77, 93, 98, 99), relatively inexpensive (93, 99, 101, 106) snapshot of cognition, tissue integrity, and motor function, issues arise related to bias and representation in datasets and algorithms. “Typical adult speakers” (i.e., people without pathological speech, adults, people not in minority communities) appear to be overrepresented in databases (92), and gender and racial disparities remain an unexplored area in voice and speech research and technology development (46). Additionally, when research projects look specifically at gender representation in data, they find that men are disproportionately represented (86). Additionally, to be used on a large scale, voice and speech data must be linked with sociodemographic information about a person, which could increase pre-existing types of discrimination (27).

Increasing the size (89) and diversity of datasets is often one of the suggested solutions to account for biases in datasets (27, 122). However, doing so for voice and speech is a challenge as diversity in voice and speech is difficult to determine and measure. Diversity can be defined demographically, referring to gender, age, sex, ethnic origin, place of birth, and/or first language (102, 107). Alternatively, it can be defined by the type of disease or condition, or by the stage in their development. Regarding speech and voice, diversity can also refer to the range of languages, dialects, and accents or the type of data (free speech, written text read, breath work, common sounds, etc.). Even within one language, there can be some linguistic variation, or “orderly hierarchy,” that can be critical to understanding one's speech. And while speech datasets usually specify languages spoken, more granularity in linguistic categorization is needed (107). There is also diversity in the type of recording device (professional microphone vs. phone microphone vs. ambient recording, presence of background noise, etc.), and this technical diversity can directly impact the validity and quality of analysis (107). However, because voice and speech are often related to language, detection of native language can represent personal information that has the potential to be misused to detect and discriminate against minorities (91). Moreover, there also seems to be some misperceived understanding that voice and speech samples are an unbiased form of data (116).



3.3.2.2 Discrimination

Although discrimination in data collection is an ongoing consideration and topic of research, Anglade & al (118). specifically mentions that people with communication disorders like aphasia, a condition that could benefit greatly from the use of voice and speech biomarkers, are often excluded from research because of the methodological or ethical challenges or adaptations that can come with including those communities in research (118). This consideration can also include individuals with cognitive impairment or people with acute psychiatric conditions (96). Finally, and most importantly, Dikaios et al. (93) mention that few studies on speech analysis acknowledge sources of bias and show any attempt to control them, hinting that much work needs to be done to assess and address those issues.



3.3.2.3 Exploitation and manipulation

One article also delve deeper into the dangers of voice and speech data access and sharing, especially regarding data breaches (94). Voice forgery and doxing is of particular concern in recent times, but it is not out of the realm of possibility that recordings could be used in prosecution or even divorce proceedings (92).




3.4 Legal implications


3.4.1 Conventional implications

There are a number of legal implications surrounding voice and speech biomarker data that are consistent with those reported in the literature about other types of health data. Articles also mention how the use of voice biomarkers could lead to some legal implications.


3.4.1.1 Compliance across multiple jurisdictions

Legal implications can arise from the laws and regulations in place where voice and speech data is collected and where it is stored, and these are thus important for researchers to consider when planning and implementing research projects. This process is sometimes complicated when local regulations from the city where the participant is residing differ from the those of the province, state, or even country, or when participants move from one place to another with the device that captures their voice and speech. Furthermore, local, state, and national regulations regarding the collection and storage or data can conflict. For example, Casillas & Cristia (88) give out the example of a local regulation that would ban the recording of data in a specific environment (like supermarkets or shops), and where state or national regulations consider the recording of this type of data in this environment as public (88). Some concerns have also been raised around the ownership of the data gathered in research, and if it belongs to the researchers or the participants in research (81).

Another way to mitigate bias and ensure diversity is to facilitate the sharing of voice and speech data between researchers (27). However, due to legislative and regulatory discrepancies surrounding voice and speech data and its dissemination, data sharing between research teams is difficult. Developing policies that facilitate the safe sharing of voice and speech data is of utmost importance to ensure robust AI and ML analysis of voice and speech biomarkers (82, 87).



3.4.1.2 Safeguarding participants in data-driven trials

Additionally, one article highlighted concerns about the regulatory implications for research participants, particularly in cases where private companies conduct clinical trials using digital samples (like voice and speech) rather than biological ones. Unlike university-based research teams that receive federal funding and must comply with the Common Rule, these private companies are not necessarily subject to FDA oversight, the Common Rule, or other federal regulations (120). The article further explores this issue, noting that there appears to be a general consensus within the research ethics community that extending the Common Rule to all human subjects research would be both impractical and difficult to enforce (120).



3.4.1.3 Data ownership

Data ownership is a common consideration in research and clinical care involving data collection or the use of personal data. However, for speech and voice data, it seems particularly important for Indigenous communities, where cultures and traditions are often carried out orally. In that sense, voice and speech can be related to people's rights and ownership over their cultural heritage, and merit special consideration (123). Finally, Woodward & al. mention that well-being apps lack in basic privacy policies and can sell their user's information to data brokers and that international regulations have failed in their attempts to give control to citizens over their personal data (121).




3.4.2 Modality-specific implications

A vast majority of articles address how devices and teams that gather, store, and share voice data need to follow international and national regulatory frameworks. However, one article mentioned that it can be difficult to determine if the data falls under certain privacy laws (97). Also, as mentioned previously, there is no universal definition of privacy, and no clear understanding of when regulations apply to the capture, storage, and processing of speech data (71). This also extends to a lack of common understanding and different interpretations of laws and regulations regarding speech data and speech technologies between legal and technical communities (71). For authors, privacy cannot be ensured without it having a universal definition and legal provisions of it as an enforceable right (71).

Using voice and speech as biomarkers leads to issues that straddle those of traditional biomarkers and challenges regarding digital health (27, 91). Some questions have also been raised about the possibilities of allowing higher forms of data protection to some information that can be determined with the use of voice biomarkers, such as an individual's emotions and behavioral traits (76). There are also issues surrounding the privacy of voice data in civil proceedings (like divorce and litigation) or criminal cases, and questions about if private information could be subpoenaed (70).





4 Discussion

This review examined the ethical, legal, and social implications (ELSI) of voice and speech data in healthcare, focusing on whether their use presents novel or exceptional challenges. Many of the identified ELSI are not unique to voice and speech data. These concerns have been extensively discussed in the context of biomedical technologies and other types of biomarkers (124–127). However, the distinctive features of voice and speech require reinterpreting existing frameworks.

Tables 2–4 present a side-by-side to illustrate how the use of voice and speech data in healthcare both aligns with conventional implications or brings out modality-specific implications. Ethical concerns such as privacy, consent, and data quality persist, but take on new dimensions due to the technical and inferential characteristics of voice. Social implications reveal how structural biases are amplified through underrepresentation and linguistic exclusion, while also introducing risks of exploitation specific to audio data. Legally, although some regulatory gaps are familiar, voice data introduces new complications in classification, protection, and admissibility. The divergence in these columns shows where existing frameworks are strained and where entirely new considerations arise. This type of analysis is important because the unique characteristics of voice introduce challenges not captured by existing discussions of other health data. Integrating these concerns into broader ELSI conversations ensures that the distinct risks and responsibilities tied to voice are recognized, while maintaining coherence across debates about health data governance.



TABLE 2 Ethical implications—conventional vs. modality-specific implications.



	Ethical Implication
	Conventional implications
	Modality-specific implications





	Privacy and Security
	

	–Risks from continuous, passive collection of voice data. Storage and sharing of data in repositories raises risks of breaches, leaks, and re-identification

	–Voice and speech recordings can be perceived as surveillance or intrusiveness by patients/caregivers. Potential for population-level surveillance.

	–Tension between data quantity vs. privacy.



	

	–Risks from technical limits of privacy-preserving methods (encryption, anonymization, de-identification). Methods are also quickly outdated as new intrusion tech emerges.

	–Possible to extract voice-inferred information from speech and voice recordings (age, gender, socioeconomic status)

	–Privacy and security considerations can extends to third-party voices (bystanders) and different types of voice data (speech, breathing, laughing, etc.) with varying sensitivity.






	Informed Consent
	

	–Difficulty ensuring participants understand risks of data leakage and long-term harms.

	–General and technical literacy affects how participants interpret consent forms; need for accessible language.



	

	–Challenges in obtaining consent for continuous recording, including risks to non-consenting third parties.

	–Practical impossibility of gathering consent from all affected individuals, and for future events participants may want to keep private.






	Data Implications
	

	–Difficulties in sharing datasets between research groups due to format, task-specificity, and population differences.

	–Data stored in inconvenient or incompatible formats; heterogeneity in recording conditions and criteria that can limit the ability to combine or re-use datasets across groups.

	–Recruitment is difficult, especially for rare conditions; datasets often lack key demographic/comorbidity information.



	

	–Ensuring quality, standardization, and validation of voice/speech data for algorithm training and clinical application.

	–Lack of standardized formats and protocols; device and environment variability; mobile devices add hardware/software noise.

	–Concerns about false interpretations when data analyzed out of context; need to control for energy levels, timing, and recording conditions.






	Respect for People
	
	

	–Some recordings tasks can be difficult or limited due to condition, energy levels.












TABLE 3 Social implications—conventional vs. modality-specific implications.



	Social Implication
	Conventional implications
	Modality-specific implications





	Bias and Diversity
	

	–Bias framed as a technical and social problem that must be addressed in development pipelines.

	–Bias in datasets and algorithms risks leading to unfair, unbalanced, or discriminatory outcomes in clinical care.



	

	–Voice/speech samples are often wrongly perceived as unbiased, which hides structural inequities.

	–Bias in voice data not only skews results but also risks misuse for discrimination against minorities (e.g., via language detection).

	–Overrepresentation of “typical adult speakers” and men; underrepresentation of minorities, children, and pathological speech.






	Discrimination
	

	–Risks of discrimination and predatory practices from large-scale health data use, especially for individuals with mental health conditions.



	

	–Exclusion of vulnerable groups (e.g., communication disorders, cognitive impairment, acute psychiatric conditions) from research.






	Exploitation
	
	

	–Risks associated with the nefarious use of voice and speech data in case of data leakage (doxing, misrepresentation of people), or use of voice and speech data in legal proceedings.












TABLE 4 Legal implications—conventional vs. modality-specific implications.



	Legal Implication
	Conventional implications
	Modality-specific implications





	Regulatory Complexity
	

	–Compliance with existing legal frameworks, emphasizing the need to account for overlapping and sometimes conflicting regulations across local, state, national, and international levels, especially when it comes to the sharing of voice and speech data.



	

	–Highlights the conceptual ambiguity of implications, such as privacy itself, stressing the absence of a universal definition and enforceable right, which limits the applicability of existing laws, as well as divergent interpretation between legal and technical communities.






	Data Ownership
	

	–Extends ownership debates to voice as cultural heritage, particularly for Indigenous communities, linking privacy and ownership to collective rights and traditions.



	



	Other Use of Data
	

	–Gaps in privacy policies of well-being apps and risks of user data being sold to third parties, emphasizing the need for compliance with existing regulations.



	

	–Raises broader questions about whether voice data should be protected from legal compulsion and how privacy rights extend into judicial contexts.










A key observation is the interdependence of ethical, legal, and social implications in this domain. For example, ensuring diversity in voice datasets is more complex than in other biomarker domains (27). Although diversity is essential for reducing bias, building representative voice datasets is resource-intensive and logistically difficult. This challenge is compounded by fragmented legal protections and inconsistent privacy regulations. Several articles question whether existing national and international regulations adequately govern voice biomarker development. While GDPR and HIPAA provide some safeguards to patients and system users (72, 88, 97, 116, 121), their limitations are evident, especially since many companies rely on them as default governance models (109). National and international regulatory frameworks must be adapted to address the specific risks posed by new biomarkers, including voice-based digital biomarkers (71, 78). Regulatory responses must keep pace with rapid industry development and clarify legal responsibility (71, 91). Beneath these regulatory challenges lie unresolved technical uncertainties. While outside the scope of this review, these gaps limit a comprehensive understanding. Nevertheless, the recurring mention of technical issues (such as inconsistent labeling and processing) shows their influence on both ELSI and mitigation strategies.

Addressing the intersection of ethical, legal, social, and technical implications requires transdisciplinary and cross-sector engagement. As shown, the reviewed literature spans voice technology, machine learning, AI, and digital health instrumentation. Development of AI tools must incorporate insights from adjacent disciplines and from stakeholders (e.g., patients, clinicians, and advocates) throughout the design pipeline and medical AI lifecycle (50, 71, 91). The field of bioethics can offer guidance in curating these discussions, ensuring stakeholder representation and participation, and generating context-specific guidelines that go beyond overarching principles and general claims about privacy, informed consent, and data security (50).

Few articles included in this review addressed the private sector, likely due to the methodological constraints of the search strategy and inclusion criteria. Those that did, however, tended to highlight the widening gap between academic researchers and private industry (82, 91). This was mostly due, as reported in the results, to the scarcity of large, diverse, high-quality datasets (36, 37, 40, 128, 129). This limitation motivated initiatives like the Bridge2AI-Voice consortium (130), which aims to develop an ethically sourced database of thousands of voice samples linked to health metadata (34, 49, 131). Historically, large-scale data collection projects from healthcare institutions have contributed to advance considerations for the responsible stewardship and governance of data (132, 133), as well as providing viable solutions for the lack or inaccessibility of relevant data for research teams (134). But, as shown by (91), some researchers seek access to non-clinical voice recordings, such as those held by tech companies or in public repositories. These datasets, while abundant, often lack proper curation and metadata annotation needed for healthcare applications (135, 136), something that appears to be lacking in private datasets (132). Collaboration between academic and industry sectors remains valuable, especially as private actors lead technological development in this domain (137). Yet, persistent communication gaps and contradictory incentive schemes across sectors impede alignment and slow field advancement (67).

The literature remains sparse on ELSI specific to voice and speech data in healthcare. Though the field is relatively new, having emerged in the early 2000s (138), recent years show a growing engagement with ethical, legal, and social dimensions. Despite this trend, empirical studies and in-depth conceptual analyses are still lacking. Most reviews mention ELSI superficially without probing underlying assumptions or stakeholder perspectives. This gap underscores the need for further research, particularly qualitative work exploring contributors' views on privacy, consent, data usage, and trust. Understanding the motivations and concerns of data subjects is critical for ethical implementation.

Most publications on voice and speech data in healthcare originate from researchers based in the Global North (see Figure 3). This reflects the geographic concentration of datasets, infrastructure, and funding, as well as restrictive international privacy regulations that complicate cross-border data sharing (71, 88, 97). These conditions limit international collaboration and prevent research teams in low- and middle-income countries (LMICs) from accessing or contributing to existing datasets. The same imbalance holds for industry: most companies developing voice AI tools are based in the West (50). While this geographic clustering may ease local industry–academia collaboration, it undermines global inclusivity. LMICs often lack the technical, financial, and institutional capacity to generate or refine voice data (132, 139). This exclusion means that a large portion of the global population is left out of both the development and the benefits of voice biomarker technologies. Moreover, research priorities and disease targets are shaped by Global North interests. The COVID-19 pandemic exemplifies this dynamic: while voice AI tools for cough analysis showed promise, their global utility was undermined by training data biases skewed toward wealthier regions (140, 141). This case underscores how big data production mirrors (and reinforces) existing global inequities (142, 143).

As mentioned, one of the central questions in this review is whether the use of voice and speech data in healthcare constitutes a form of exceptionalism. Rather than endorsing voice biomarker exceptionalism (i.e., a claim that this domain requires entirely new ethical frameworks), this paper argues for contextualism. Contextualism, as drawn from bioethical debates in genomics and neuroethics, rejects binary categories (exceptional vs. non-exceptional) and instead emphasizes that ethical implications vary according to the specific features of the data, its use context, and the sociotechnical systems surrounding it (144–147). Voice data, in this framing, is neither wholly new nor entirely analogous to prior biomarker domains. It presents a “fundamental duality” (145), carrying specific risks (e.g., such as the inferential excesses of emotional AI, the misclassification of linguistic minorities, or the covert extraction of demographic attributes), but these risks are best addressed by adapting existing frameworks to new contexts, rather than discarding them. The ELSI mentioned in this review are not necessarily unique to voice and speech biomarkers, but they do take on different meanings and understandings and require new mitigation solutions given the unique characteristics of these biomarkers. The question is, however, interesting and even important to ask.

These contributions support a contextualist turn: ethical frameworks should not presume novelty but must remain responsive to the specific risks and affordances of voice AI. In this light, the development of voice and speech biomarkers should be understood as part of a broader evolution in digital health, comparable to past transitions seen in genomics or neuroimaging (148–151). Lessons from those domains (about oversight gaps, translational bottlenecks, and stakeholder exclusion) are not just relevant, but necessary guides for the governance of voice data in health.



5 Limitations

This review has several limitations that reflect both structural constraints in the field and methodological boundaries inherent to scoping reviews. First, although this review refers to “voice and speech data” as a combined category, the technical distinction between voice and speech remains imprecise in the reviewed literature. Voice generally refers to the acoustic signal produced by the vocal tract, while speech encompasses the linguistic content of that signal. These modalities are often treated interchangeably, but raise distinct ethical, legal, and social concerns depending on which is being collected or analyzed. This lack of definitional consensus limits the granularity with which ELSI concerns can be differentiated and analyzed (43). Second, private industry perspectives are significantly underrepresented in the reviewed material. While it is common for industry work to remain unpublished or appear in grey literature, the academic databases consulted (e.g., MEDLINE, Web of Science, EMBASE, IEEE) primarily index peer-reviewed sources. As a result, commercial practices and proprietary standards (especially around data acquisition, model training, and consent) are largely absent from this analysis. This is only compelled by the current state of voice AI health-tech sector, which currently offers limited disclosure and transparency on their public-facing websites about their policies (152) and of their technology (153). Third, while many included articles mention ELSI, their engagement is often brief or speculative rather than empirical or conceptually grounded. This limits the capacity of the review to draw out structured, well-theorized distinctions across domains, particularly in areas such as incidental findings, third-party data capture, or intergenerational data ethics. Fifth, as a scoping review, this article maps the breadth of existing literature rather than evaluating its quality or methodological robustness. This is appropriate for identifying gaps and setting research agendas but limits the evidentiary strength for normative claims or policy recommendations.



6 Conclusion

To our knowledge, this is the first scoping review examining the ELSI associated with the collection and use of voice and speech data in healthcare. Reviewing literature is an important initial step in conducting ethical foresight. It allows to identify issues and implications that are under consideration, uncover those which are not yet acknowledged, and highlight those for which further attention is required. The emergence of voice and speech-based biomarkers reframes how voice is understood; not only as expression, but as a data source conveying cognitive, physiological, and affective information. Voice and speech have long served as instruments of identity, expression, and social interaction. They are now increasingly central not only to human communication, but also to human-machine interaction. Voice also operates as a metaphor for representation, agency, and political visibility (154). With the advent of voice biomarkers, voice is no longer just symbolic, it is also a computational object for encoded cognitive, neuromuscular, and physiological signals (155, 156).

This review also identifies several areas where additional research and policy development are urgently needed. In particular, the collection and use of voice and speech data in health contexts raise distinctive ethical concerns due to their capacity to reveal sensitive, inferential health information. The future trajectory of voice biomarker research remains uncertain, especially given the difficulty of building datasets that are trustworthy, clinically meaningful, and shareable across contexts. This review aims to support the ethical development, deployment, and governance of voice and speech data practices in healthcare and related domains.
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1Voice, or vocalization, is the sound made by the vibration between vocal folds in the larynx when air is pushed by the lungs (2). Speech, on the other hand, refers to the human vocalization made by the coordinated muscle movement of the lips and tongue that shapes recognizable sounds (5). Speech also involves prosody, lexicality and linguistic features like spoken words that can also contain potential biomarkers of diseases (6). However, for easier comprehension, this article will refer to voice and speech as one and the same.
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Prompt: In as much detail as possible, please tell us how your illness has developed from the time when you first noticed the first symptoms until

now. Include any medications you took (like Tylenol) or steps you use to reduce your symptoms. Please use words/phrases like “on the first day”, “in

the morning”, “then”, “after that” and use descriptive words like “mild”,

Patient A

Patient B

Patient C

‘severe”. No detail is too small.

“My symptoms started about three to four days ago. I started to have a slight sore throat and a mild dry cough. I also had a slight headache at that time, but it has
ce resolved, period. Over the next few days, I have had worsening dry cough and a mild to moderate sore throat, period. My sore throat has remained about the
same, but my cough has worsened. I have not felt the need to take medications for my symptoms p to this point, other than I've tried to increase my hydration and

increase my sleep.”

“On day one, symptoms started in the afternoon with voice hoarseness, sinus and nasal congestion. By day two, the throat was still hoarse but also sore at this time
with increased congestion and a headache. I used ibuprofen and Tylenol for the sore throat pain and the headache. On day three, I had increased congestion, both
sinus and nasal, and my lymph nodes were swollen. The sore throat was worse and my voice was only at a whisper and still had a headache. I continued to use
Tylenol and ibuprofen. Tbuprofen assisted with the throat pain but did not completely eliminate it. T did do a COVID test. On day three, that came back negative for
COVID. Day four, pretty much the same as day three. Throat still sore, no real improvement. Headache and lots of sinus and nasal congestion.”

Let's start talking. Okay. My health is, I guess it's okay. I've been under the weather this week a litle bit with a sore throat and with a litle bit of coughing and
bringing up some sputum, but it’s getting much better [extracted from first prompt]. And this past week, I started with having a stuffy nose and a sore throat. And
501 started taking, I thought maybe it could be related to allergies. I started taking some over-the-counter medication for day and for night for cold and flu-type
symptoms. And that seemed to help. And that’s about all. And I drank vitamin C. I did a little gargling with saline. And that’s it.
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Prompt: Please tell us if you or anyone else has noticed any recent changes in your voice or speech. These should be changes that have started
around the same time as your illness, not any chronic long-term changes.

Patient A

“My voice has become more raspy and deeper.” \

Patient B

Patient C

Control A

“Idid notice a big voice change. In fact, that was the first real symptom on day one, was having a hoarse voice. By day two, it was even more hoarse. And as the day
went on, that’s when my throat began to get more painful. And by day 3, my voice was at a complete whisper. Today is day 4."

“I have not noticed any changes in my speech pattern. I'm bilingual. Sometimes I speak in Spanish to my Spanish family and sometimes I speak in English, so
1 haven't had any problems.”

“So a lot of people say that my brain fog is worse due o dysautonomia, my voice gets cracky at times and I search for words and have  hard time pronounciating
words that T used to pronounce fine before this.”

Control B

“Yeah, I think I noticed, I don’t have AFib anymore because I had the surgery, but I think I noticed a change in my voice when the AFib started. And I also noticed
changes in my voice when my thyroid is active. You can hear it in my voice today, actually. And it affected my singing voice, too, you know, whenever it was going
on. T used to have a beautiful singing voice. And with the development of that AFib and this thyroid disease, I think I noticed a big change in my voice, kind of, you
know, so. But it sounds more raspy and more irritated, you know, instead of clear and strong.”

Control C

“With the MS, sometimes the voice s not as strong, it gets a little low on occasions when you're tired or fatigued, sometimes the voice gels a litle low because the
air can't push up to your diaphragm properly to make the voice sound strong or as clear as usual. So thats the only change with the voice is due to the MS, the
cancer, that has no change in the voice at all.”
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Prompt: Is there anything else you think may be affecting your health that you would like us to know? For example, you can tell us about your

or your lifestyle habits.

Patient A | Checked box indicating there is nothing else they would like to share.

Patient B | “On day one I was in a home where there was a cleaning lady and when I first walked in the smell of the cleaning product was so strong that I instantly started to

cough and felt some issues.”

Patient C | Checked box indicating there is nothing else they would like to share.

Control A | Checked box indicating there is nothing else they would like to share.

Control B | Checked box indicating there is nothing else they would like to share.
| I do have minor, minor effects from both the MS as well a the breast cancer. The breast cancer, I just had pain from the site of the surgery because the tumors
were taken out of the right breast and the lymph nodes, a couple of tumors in the lymph nodes. So they managed to get all of the tumors out of the breast and the
couple that was in the lymph nodes. And so the only effects I have from that s the pain from the surgery, occasionally I'll et a sharp pain where the surgery was,
but that is to be expected, especially when I do a lot.”

Control C






OPS/images/fdgth-06-1448351/fdgth-06-1448351-g005.jpg
Use the following

rating scale for the comparison:

515
1 i i H
clinical purposes. z
2 i i =10
3
5

7 % -
clinical purposes.
= > o

2 1 2 3
Audio Value (Scale 1-5)






OPS/images/fdgth-06-1448351/fdgth-06-1448351-t001.jpg
Prompt

Please tell us background information about your health before your current
illness, including: Chronic conditions (such as high blood pressure or
diabees), Recent lsss (o example, COVID-19), Other physial heth
‘problems, Mental health probl: h as anxiety,

take, Any recent changes to your medication which made you feel dxﬁ«mdy.

Purpose

Establishes a baseline to contextualize changes due to illness, either in
sounds, speech patterns, or spoken words,

Completed
By
Patients, Controls

In as much detail as possible, please tell us how your illness has developed
from the time when you first noticed symptoms until now. Include any
medications you took (like Tylenol) or steps you use to reduce your
symptoms. Please use words/phrases like “on the first day”, “in the morning”,
“then”, “after that” and use descriptive words like “mild”, “severe”. No detail is
too small.

Please tell us if you or anyone else has noticed any recent changes in your
voice (like hoarse, raspy, or lost voice) speech (like difficulty getting words out
or slurring words), or breathing. If so, describe these changes. These should be
changes that started around the same time as this illness episode, not any
chronic long term changes.

Captures the complaint of the patient by approximating a record of
illness progression.

Establishes an “audio” baseline to contextualize changes in voice/speech
which may arise from lifestyle factors/past conditions or may be a
biomarker of disease.

Patients Only

Patients, Controls

Part 1: Say each of these vowels for as long as you can. agaaa (as in made);

eceee (beet); 00000 (cool)

Part 2: Read these sentences: “When the sunlight strikes raindrops in the air,
they act as a prism and form a rainbow. The rainbow is a division of white
light into many beautiful colors. These take the shape of  long round arch,
with its path high above, and its two ends apparently beyond the horizon.”

Conventional voice and respiratory data for analysis of sound changes.

Patients, Controls

Part 1: Hold the device near your nose and record yourself breathing normally
for 30 s with your mouth closed. Part 2: Hold the device near your mouth and
record yourself taking 3 deep breaths through your mouth.

Conventional respiratory data for analysis of breathing changes and
determination of respiratory rate.

Patients, Controls

Is there anything else you would like us to know about your health or
circumstances that you feel we have missed? For example, you can tell us
about: your employment, your lfestyle habits, and/or any challenges you have:
had with the healthcare system, including delays with receiving care or
problems with quality of care that may have impacted your health.

Your physician or other provider should briefly describe the physical exam
(given to you by the physician), any available lab results, imaging studies, the
diagnosis, and other next steps related to testing, treatment, or monitoring the
illness. If the healthcare provider is not available or you are at home, you can
record this information yourself.

Captures specific circumstances related to health which the patient
considers to be important.

Audio approximation of other multimodal data types which may for
understanding patient health

Patients, Controls

Patients or
Providers
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Control A
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Control
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Weight
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Sex

Male

Female

Female

Female

Race

‘White
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No Response

‘White

Black/AA

Occupation

Physician

Nurse

Nurse

Retired

Landscaper

Insurance

Private

Private

Public

Public

Private

Education

Graduate

Graduate

College

Graduate

College

Home

Hospital

Home

Home

Home

None

Hypertension, Cardiovascular
disease, Thyroid disease

Chronic pain, Autoimmune,
Sleep disorders, Depression

Thyroid Disorders,
Cancer, Sleep disorders

MS, Cancer

Symptoms

Cough, Sore
throat

Headache, Runny nose, Sore
throat, Productive cough

Sore throat, Muscle aches

Duration

3

3

3

Progression

Worse

No change

Improving
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Prompt: Please tell us background it ion about your health before your illness, including past health problems and

Patient A

“Overall, I am very healthy. I have seasonal allergies and occasional acid reflux. I do not take any regular medications other than an occasional medicine for
seasonal allergies like an antihistamine or an occasional medication for acid reflux.”

Patient B
Patient C

“I have good overall health, no chronic conditions. I do have seasonal allergies for which I take Allegra 60 milligrams twice a day.”
“Once ina while I will get some back pains, but I've had history of back surgery. And nerve blocks. I really don't have any other pains. Once I did have a lttle bit of
chest pain, but the doctor had me on telemetry and nothing serious was found. And T haven't been that sick. I've been feeling well. I've gotten better. I got better
from everything. I get better. Not only my health, my mental health, but my physical health. I am growing rapidly. I'm making more progress as I believe in my

own condition.”

Control A

Iwasn't on blood pressure medications, and that I was  then said that I had athletically induced asthma. I continued on currently having pain,
then I was finally diagnosed with endometriosis and had pain for that, which caused the anxiety disorder, because being in a lot of pain all the time is horrible.
When I got into my 30s and symptoms started becoming worse, fatigue, lack of concentration, just chronic pain all over my body, like nerve sensations, passing
out, not being able to do exercise, total chronic fatigue, and I would stand up from a chair at work and I would just instantly blackout. So, that took me to 2010 to
finally be diagnosed via a sweat test and a tilt table test, but I had POTS syndrome and dysautonomia. But they never did anything about it other than put me on
meds. They never tried to get to the base of it and said that T was just fine. T wasn't that sick, even though I was in a recliner up to 70% of the day some days as it
progressed. Well, then I believe it was in 2014 that I finally got hooked up with Anschutz Center in Colorado, in Aurora, with their neuromuscular clinic, and they
actually did complete tests and found out that T have the autoimmune disorder, dysautonomia, POTS, as 1 had low IVIG levels and issues with my muscle and
nerve fibers. And then they found I had a weird antibody or some like blood work that was just odd.”

Control B

“My health history is T have had atrial fbrillation, which is now cured. I am actively sleeping well, being well, reading well about health. I'm doing everything I can
tobe a long life for my family, lives to be in their 90s, and I want to have a quality of life at that time also, or perhaps better than they have done. And, lets see, I'm
wanting to expand my walking abilities to be able to walk more than I have been after the pandemic. I didn't, haven't walked as much as I would have liked to have
done. And, T do have lymphedema in one of my legs, and T work with that, you know, making sure that that continues to stay healthy. The thyroid, I've had that
since I was about 18. T was and then I became then I became and now I'm back to again, but we've just
changed it. So, i’s an ongoing, we can never quite get it to be perfect for too very long. I've been looked at for, you know, ultrasounds once a year, and my doctor is
a specialistin thyroid disease, and he continues to regulate for me. And, when it's regulated, I feel really good. And, when its not regulated, I don'tfeel so great, you
know, and I'm quite as sharp or as active, or digestion, you know, changes. So, but, s0, and the cancer, I had uterine cancer, but we caught it, and it was grade one,

stage one, it was 14 years ago.”

Control C

“I have breast cancer, stage 1, I've had for 5 years, i's been remission. I also have multiple sclerosis; it's been remission for about 20 years. Both is under controls
T have minor symptoms from both. And I was not on any drugs for the cancer or didn't have to get chemo or radiation. It was at the beginning stages of the cancer.

\
“So, when I was a leenager, I started passing out afier track meets and always had low blood pressure. And they said that I was just hypotensive, even though
And the MS, T have managed to keep it under control by good diet, exercise regularly, and trying to be as stress free as possible.” ‘
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Pattern
Pattern A: thematic consistency of
descriptors

Key features
Recurring use of specific terms to describe technology.
Categorized into themes: efficacy, reliability, and safety.

Findings
Efficacy: terms like accessibility, cost-effectiveness, scalability, and
time-efficiency (e.g. “real-time,” “device agnostic”).
Reliability: emphasis on accuracy and objectivity (e.g, “92%
accuracy,” “quantifiable”).
Safety: focus on data security, non-invasiveness, and user control.

Pattern B: stylistic consistency of
comparative and superlative
language

Use of comparative terms to position technology as superior to
existing methods and superlative terms to claim leadership within
the sector.

Comparative: highlights advantages over non-voice Al methods
(eg. “easier, cheaper, faster”).

Superlative: claims of being “world leading” “first-of its-kind,"
or “best-in-class.”

Pattern C: variation in descriptors
for voice datasets

Differences in how voice datasets for Al training are described or
omilted. Some focus on diversity, robustness, or size, while many
omit details entirely.

68% of start-ups do not describe their training data.
Of those that do, terms like “diverse” and “unbiased” are used,
with some providing detailed quantitative descriptions (e.g,
43,000 audio sessions”).

Data bias and methodology are addressed by only one start-up.
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Contextual factors

Key points
Common external contexts inchide digitalization of healthcare, fragile
start-up business models, and the nascent state of voice Al health-tech.
Challenges include aging populations, healthcare professional
shortages, and high costs.
Start-ups must appeal to diverse audiences: end-users (patients,
dlinicians), investors, insurers, and regulatory bodies.

Implications
Drives start-ups to strategically use website discourse to establish
legitimacy in the digital health sector while emphasizing
distinctiveness in the voice Al health-tech field.
Highlights the complex audience landscape, requiring tailored
communication for different stakeholders.

Pattern A & B: legitimate
distinctiveness

Pattern C: opacity in data
descriptions

Consequences: patterns
A&B

Start-ups use legitimacy discourses to align with broader digital health
narratives (eg, efficiency, accuracy, empowerment).

Use distinctiveness discourses to differentiate themselves through
superlative language (e, “best-in-class,” “world-leading”).

Majority of start-ups (68%) do not describe training datasets,
reflecting a consistent omission or variation in transparency.
Issues include lack of data availability, absence of standards, and
opaque regulatory environments.

High-quality and diverse training datasets are critical for reliability but
expensive and complicated to obtain.

Promissory framing reconfigures healthcare relationships (...
doctor-patient interaction) and knowledge systems (eg., turning
qualitative health assessments into quantitative metrics).

Digital health discourses reshape healthcare tasks, emphasizing
patient empowerment and self-management.

Legitimacy discourses promote voice Al health-tech as fitting into
the digital health sector, ensuring trust and investment.
Superlative language creates differentiation but may be secondary to
legitimacy in this nascent field.
Alignment with broader promissory discourses (quantification,

ity, i helps attract

Lack of transparency risks compromising stakeholder trust and
algorithmic reliability.

Creates uncertainty for clinicians, investors, and patients about the
quality of the products.

Reflects broader challenges in the nascent field, where regulations
and standards have yet to be established.

Can lead to overconfidence in untested tools, potentially
misconfiguring trust relationships.

Reconfigurations, while often beneficial, may result in inequities if
digital health solutions are not accessible or misused.

Raises ethical concerns about presenting a one-sided narrative of
the technology without addressing risks or limitations.

Consequences: pattern C

Lack of amplifies rsks of algorith
unreliability, inconsistency across populations).
Demonstrates parallels with failures in the health-tech sector (.
Theranos), highlighting the risks of “stealth research.”

(eg.bias,

‘Training data opacity undermines trust and risks algorithmic bias.
Transparent standards for dataset quality, diversity, and biases are
critical for mitigating risks and ensuring adoption.

Public trust in the broader field of voice biomarkers may suffer if
opacity leads to failures or scandals.

Public trust and
recommendations

Public trust can be undermined by exaggerated promises and
opaque practices.

Excessive trust in Al-based tools can lead to blind faith in flawed
systems, while insufficient trust may hinder adoption.
Transparency is vital for building digital trust, aligning with
frameworks such as the World Economic Forum's Digital Trust
Framework (cybersecurity, safety, transparency, etc.).

Promotes the need for transparent, validated communication about
datasets and technology.

Advocates for avoiding the pitfalls of stealth research (e.g.
Theranos).

Recommends adopting established guidelines for transparency and
public trust until regulations are formalized.
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Criteria
Non-English languages

Description
Start-ups with websites in language other than
English were excluded.

Non-human health focused

Start-ups involved in vocal analysis for non-health-
related purposes were excluded.

Not related to voice as a
biomarker of health

Start-ups that did not use voice as a biomarker of
health to predict, monitor, diagnose, or treat disease
were excluded.

No website

Start-ups that did not have a public-facing website
were excluded.

Not active as of July 2023

An active start-up was defined as a start-up that had
a functional website that had been updated in the
past 1 year. Due to the dynamic nature of
acquisitions in the start-up world, start-ups that
have been acquired up to July 1, 2023, were not
analyzed independently and were reported as part of
the acquiring entity.
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Code/sub-code Definition
Artificial intelligence Mentions of Al related words and synonyms.

Voice biomarker, voice biometric (and other qualifiers) | Various terms used to describe voice Al technology.

Catchy tropes Phrases or concepts designed to capture attention or create strong associations with voice Al or related topics.

Comparative descriptors (with existing methods) Comparisons made between voice Al and traditional or alternative methods in terms of benefits or shoricomings.
Data Mentions of data (either used to train the technology or data collected from/produced by end-users).
Voice data Data derived from voice recordings or analysis (including speech, respiratory sounds etc.).

Descriptors Characteristics or qualities attributed to voice Al products.

Accessibility Ease of access or use.

Accuracy Precision or reliability of results.

Cost-effectiveness Resource efficiency in achieving outcomes.
Efficiency (time) Speed or time saved through the technology.

Non-invasiveness Absence of physical intrusion, risks or sense of comfort for the end-user.

Objectivity Neutrality, lack of bias in outcomes.

Scalability Potential to expand or adapt to various contexts, media or uses.

Empowerment Mentions of how voice AL ensble usrstotake ontro o or improve thei halh.
rity e related to the protection of data and user
Information on creator Information about the developers or the start-up.

Information on end-user Information about the target audience for a voice AI product.

Description of Science/Technology Explanations of the underlying technology or scientific principles.

Superlative descriptors Use of terms emphasizing superiority or excellence.
Future Mentions of potential developments or visions for voice AL

Becoming a reality Discussion on moving from concept to widespread clinical use.

Voice Al as new standard Assertions or implications that voice AI will become the primary or default method in healthcare.

Reference to academic literature Mentions or citations of scholarly work or studies.

Validation/Certification References to processes ensuring the reliability or regulatory compliance of voice AL
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Type of task Mean time for
completion (min:sec)

Q

Confounders Questionnaire

Voice perception Questionnaire

Voice problem severity | Questionnaire
Voice handicap index-10 | Validated PRO
(VHL10)
Patient health Validated PRO
questionnaire-9 (PHQ-9)
General anxiety disorder- | Validated PRO
7 (GAD-7)
Positive and negative | Validated PRO
affect scale (PANAS)
Custom affect scale Validated PRO
DSM-5 adult Validated PRO
PTSD adult Validated PRO
ADHD adult Validated PRO
Audio check Acoustic Task
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haracteristic

Age (years) [ 7510
Women | 40 31)
Heart failure characteristics
NYHA functional class (III/IV) 112 (86)
Ischemic heart failure etiology 55 (42)
De novo heart failure 50 (38)
Left ventricle ejection fraction (N = 127)
<40% 48 (37)
41-49% 17 (13)
250% 62 (47)
@
Atrial fibrillation 49.(37)
Peripheral artery disease 22317)
Diabetes mellitus 50 (38)
Arterial 117 (89)
Chronic obstructive pulmonary disease 23 (18)
Malignoma 14 (11)
Current smoker 13 (10)
Former smoker 65 (50)
Medical history
Percutaneous coronary intervention/bypass 46 (35)
Valvular replacement (interventional/surgical) 19 (15)
Pacemaker or defibrillator 33 (25)
Measurements
Body mass index (kg/m”) 30+7
Systolic blood pressure (mmHg) 133226
NT-proBNP (pg/ml) 5,215 [2,650; 13,558]
eGFR—CKD-EPI (ml/min/1.73 m*) 44 [35; 70]
C-reactive protein (mg/dl) 1.0 [0.4; 2.5]
Patient-reported outcome
Visual analog scale (N = 128) 40 [25; 50]
KCCQ-overall summary score (N = 124) 38 [27; 53]
PHQ2 (score 0-6) (N =119) 100;2]
GAD-2 (score 0-6) (N=119) 0[0; 1]
Patient characteristics
Own smartphone 77 (59)
Length of hospital stay (days) 10 (7 15]
Voice recordings obtained during hospitalization 21 [15; 30]

Data are 1 (%), mean (SD) or median [quartiles], as appropriate.

¢GFR- CKD-EPI, estimated glomerular filtration rate—chronic kidney discase epidemiology

collaborationequation, GAD-2, generalized anxiety disorder—

cardiomyopathy questionnaire; NT-proBNP, N-terminal pro B-natriuretic peptide; NYHA,
New York Heart Association Functional Class, PHQ-2, patient health questionnaire-2.

2; KCCQ, Kansas City
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Characteristic

Age in years, median (range) 583 (19-92)
Gender, n (%)
Male 18 (38.3%)
Female 29 (61.7%)
Highest Level of Education, n (%)
High School Diploma 7 (14.9%)
Some College 8 (17%)
Associate’s Degree 6 (12.8%)
Bachelor's Degree 17 (36.2%)
Graduate Degree 9 (19.1%)
Primary Language, n (%)
English 43 (91.5%)
Other® 4(85%)
Status, n (%)
Student 3 (6.4%)
Employed 19 (40.4%)
Retired 21 (44.7%)
Unemployed 1(23%)
Disability 3 (6.4%)
Self-Reported Disability Status, n (%)
Yes 17 (36.2%)
No 33 (63.8%)
or tablet? n (%)
Yes | 47 (100%)
No [ 0 (0%)
Do you use a mobile health lication? n (%)
Yes [ 23 (48.9%)
No | 24 (51.1%)

“Other languages included Spanish, Mandarin, Bengali, and Thai.
bPercentages may not sum to 100% due to rounding.





