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Abstract

Voice-based signals such as speech, breathing, and coughing form a primary percep-
tual channel for embodied health Al systems—from assistive robots and diagnostic
companions to multimodal therapeutic agents. The safety and trustworthiness of
such systems depend not only on model behavior but on the quality, traceability,
and interoperability of the sensory data that drive their perception. Yet, current
voice biomarker resources exhibit uneven data governance and limited adherence
to the FAIR principles—Findability, Accessibility, Interoperability, and Reusabil-
ity—creating hidden risks for safety assurance and regulatory compliance. In this
work, we perform a comprehensive FAIRness evaluation of publicly available voice
biomarker datasets spanning five major disease domains. Using a priority-weighted
rubric aligned with the FAIR Data Maturity Model, we benchmark expert manual
assessments against three automated tools (F-UJI, FAIR Evaluator, and FAIR-
Checker) and quantify agreement and reliability through human—tool comparison
and test-retest analysis. Results reveal strong Findability and Accessibility but
persistent weaknesses in Interoperability and Reusability, notably in controlled
vocabularies, qualified references, licensing, and provenance—elements essential
for traceable and verifiable embodied perception pipelines. Automated tools often
underestimated compliance due to rigid, domain-agnostic logic, underscoring the
need for contextual evaluation. We introduce a data-level safety-assurance perspec-
tive, positioning FAIRness as a foundation for verifiable, policy-aligned embodied
Al By providing actionable recommendations—domain-specific metadata stan-
dards, machine-readable licensing, and FAIR-supportive repositories—we outline
a practical pathway toward trustworthy, reproducible, and safe-assured embodied
health Al systems.

1 Introduction

1.1 Generative AI and Voice in Healthcare

Generative Al (GenAl) is rapidly reshaping digital health, with foundation models enabling mul-
timodal interaction through text, images, and increasingly speech and audio [42l |52]. Large-
scale speech encoders and generative language models now support voice-based clinical assis-
tants, conversational diagnostics, and synthetic data generation for underrepresented patient popu-
lations [42] 52, [15 8]]. Voice, breathing, and coughing signals are particularly promising because
they are non-invasive, inexpensive to collect, and rich in clinical information [23| [27, 30]. Applica-
tions of voice biomarkers have been demonstrated across psychiatric disorders, neurodegenerative
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diseases, respiratory illness, and cardiometabolic conditions [23} 27, (18, [30]]. Clinical perspectives
emphasize the potential of audiomics—voice-based phenotyping through systematic extraction of
acoustic and linguistic features—as a scalable approach to health monitoring [15]]. Within embodied
health Al systems—such as assistive robots, diagnostic companions, and conversational therapeutic
agents—voice serves as a primary perceptual channel enabling human—machine interaction. The reli-
ability of these embodied agents therefore depends not only on model behavior but also on the quality,
traceability, and interoperability of the underlying voice data that train and validate their perception.
As GenAl systems begin to integrate voice both as input (symptom elicitation, screening) and output
(therapeutic dialogue, conversational monitoring), the robustness and reliability of underlying voice
datasets become decisive for clinical validity, regulatory acceptance, and data-driven safety assurance
in embodied contexts.

1.2 Challenges in Voice Biomarker Datasets

Despite their potential, publicly available voice biomarker datasets often lack consistent metadata,
standardized acquisition protocols, and clear licensing terms [21} 23} 153]]. These shortcomings under-
mine reproducibility and limit lawful reuse, thereby constraining the development of trustworthy and
safe GenAl models. In particular, poor alignment with the FAIR principles—Findability, Accessibility,
Interoperability, and Reusability—slows the translation of promising voice biomarkers into clinical
and embodied settings [[L1]]. Incomplete or inconsistent adherence to FAIR principles hinders scaling
of foundation models that rely on large, diverse datasets, and creates risks for bias, hallucination, or
non-compliance in downstream GenAl systems—factors that can manifest as unpredictable or unsafe
behavior in embodied applications.

1.3 FAIR Assessment of Voice Biomarker Datasets

The FAIR principles [64} 29]] are widely endorsed as a framework for ensuring dataset transparency,
interoperability, and lawful reuse. FAIR assessments have been applied in several biomedical
domains, including genomics, proteomics, and institutional repositories [11} 58], where automated
tools such as F-UJI [24], FAIR Evaluator [65], and FAIR-Checker [28] are increasingly used to
provide scalable, automated scoring. Within voice biomarkers, however, systematic FAIR assessments
remain scarce: the only structured attempt to date considered a limited subset of datasets from two
disease domains [41]. To our knowledge, no study has evaluated FAIRness comprehensively across
all major disease categories where voice biomarkers are applied, nor has any work benchmarked
automated FAIRness tools against expert human judgment in this context. By positioning FAIRness
as a data-level safety verification framework, our analysis connects dataset governance with the
broader goals of reliability, validation, and assurance that underpin safe and predictable embodied Al
behavior.

1.4 Motivation and Scope

To our knowledge, the only prior structured evaluation of voice dataset FAIRness considered a small
subset of mental health and neurodegenerative datasets [41]. In contrast, our study provides the
first comprehensive assessment spanning five major disease categories. Specifically, we (1) apply
a refined scoring rubric aligned with the FAIR Data Maturity Model, (2) compare expert manual
assessments with outputs from three widely used automated FAIR tools, and (3) introduce human-tool
agreement and test—retest reliability analyses to quantify consistency. These contributions establish a
domain-wide evidence base and methodological framework for benchmarking dataset quality, tool
consistency, and evaluation robustness as a foundation for safe and trustworthy embodied GenAl
systems in health.

1.5 Key Contributions
This paper makes four primary contributions:

1. We conduct the most comprehensive FAIRness evaluation to date of voice biomarker datasets,
spanning five clinically relevant disease domains.

2. We perform the first systematic comparison of manual FAIR assessments with three auto-
mated evaluation tools in this domain, highlighting discrepancies and tool limitations.



3. We incorporate human—tool agreement and test—retest reliability analyses, establishing
methodological transparency and robustness for FAIR assessments.

4. We translate our findings into actionable recommendations for safety-assured GenAl
and embodied health systems, emphasizing metadata standards, repository selection, and
compliance-ready practices to enable reliable, reproducible, and lawful use of voice data.

Taken together, these contributions address the critical issues of trust, safety, and policy compliance
in embodied and generative health Al. By analyzing FAIRness across disease domains, we expose
structural barriers that currently limit the safe use of voice data in GenAl models. By benchmarking
automated FAIR tools against expert judgment, we provide evidence on the strengths and limitations of
scalable compliance mechanisms. Finally, by introducing reliability metrics, we enhance transparency
and reproducibility, contributing to both trustworthy evaluation and regulatory readiness. Our findings
thus inform how GenAl systems in healthcare can responsibly integrate voice data to realize their
clinical potential. Our findings position FAIRness as a practical data-assurance mechanism for
embodied Al systems, linking dataset quality directly to safety, predictability, and assurance in
real-world health applications.

2 Related Work

2.1 FAIR Principles and Biomedical Data Sharing

The FAIR guiding principles—Findable, Accessible, Interoperable, and Reusable—provide a widely
adopted framework for making scientific datasets discoverable, traceable, and reusable across in-
stitutions and tools [64}, [29]]. To operationalize FAIR, the FAIR Data Maturity Model (FDMM)
specifies subprinciples and indicators that enable structured assessment and comparison across re-
sources [[11]. In biomedicine, FAIR has become closely tied to Al-readiness: initiatives emphasize
persistent identifiers, machine-actionable metadata, provenance, and licensing as prerequisites for
trustworthy Al development and evaluation [21]]. Regulatory and translational contexts reinforce
these expectations—for example, the European Health Data Space (EHDS) Regulation codifies inter-
operability, access conditions, and governance with explicit references to FAIR, while clinical device
oversight highlights documentation and transparency for Al-enabled tools [7}14]. These principles
also underpin emerging safety and assurance frameworks for embodied Al systems, where dataset
traceability and provenance directly affect the verifiability of model behavior and post-deployment
accountability.

2.2 Automated FAIR Assessment Tools

Multiple automated validators implement parts of the FDMM to provide scalable checks: F-UJI
assesses identifier persistence, license detectability, and selected interoperability indicators [24]; FAIR
Evaluator offers configurable tests aligned to community metrics [65]]; and FAIR-Checker leverages
semantic web standards to probe findability and reuse [28]. Empirical examinations show these tools
can under- or mis-estimate compliance when evidence is encoded in valid but non-canonical forms,
or when domain context is needed for interpretation, underscoring the continuing role of expert
review [58]. Collectively, automated validators are useful for screening and regression testing, but
they cover only a subset of indicators and require domain-aware complements for comprehensive
evaluation. In the context of safety assurance, these automated evaluations can be viewed as early-
stage verification tools that assess data integrity—the first link in a broader assurance pipeline
extending from dataset governance to embodied system reliability.

2.3 Voice Biomarkers: Promise and Dataset Challenges

Voice biomarkers have been investigated across psychiatric, neurodegenerative, respiratory, and
cardiometabolic conditions, with reviews and systematic analyses highlighting clinical promise and
methodological gaps [23) 27,130} 53]]. Public datasets have proliferated, yet documentation quality,
licensing clarity, interoperability (controlled vocabularies, qualified links), and provenance metadata
remain uneven—Ilimitations that directly impact reproducibility and lawful reuse in clinical Al
These gaps translate into practical safety risks for embodied health agents whose auditory perception
depends on such datasets: missing or inconsistent metadata can propagate uncertainty through sensing,
reasoning, and actuation layers.



2.4 FAIR Assessments for Voice Datasets: Evidence to Date

Systematic FAIR assessments tailored to voice biomarker datasets remain scarce. To our knowledge,
the only structured attempt evaluated a limited subset of datasets focused on mental health and
neurodegenerative disorders, without benchmarking automated tools or quantifying the reliability
of manual scoring [41]]. No prior work has assessed FAIRness comprehensively across all major
disease categories where voice biomarkers are applied, and none has compared expert judgments
against multiple automated validators in this domain. The present study therefore connects FAIR
data evaluation with embodied Al assurance, positioning dataset-level FAIRness as a measurable
foundation for safe and trustworthy embodied perception. It provides a domain-wide analysis and a
human-tool comparison with reliability quantification, offering an evidence base and methodology
directly aimed at GenAl development and governance in health.

3 Methodology

3.1 Study Design and Scope

Our study was designed to provide a comprehensive, reproducible, and domain-specific evaluation of
FAIR alignment in publicly accessible voice biomarker datasets. We focused on five major disease
categories that collectively represent the majority of voice biomarker applications: mental health,
neurodegenerative, respiratory, cardiometabolic/cardiovascular, and autoimmune. These categories
were selected to ensure broad coverage across physiological and psychological domains where voice
is increasingly investigated as a diagnostic or monitoring tool. Because voice is a core perceptual
signal for embodied health Al systems, these datasets were treated as representative of the sensory
foundations that inform perception, reasoning, and action in embodied agents.

3.2 Dataset Identification and Selection

Candidate datasets were systematically identified through comprehensive searches on Google Dataset
Search conducted between January and May 2025, complemented by targeted queries of major
repositories including PhysioNet, Zenodo, Hugging Face, and institutional data archives. Additional
datasets were located through targeted follow-up queries using ChatGPT, which helped identify
resources potentially missed in initial searches.

For each clinical domain, we formulated targeted queries combining disease-specific terms with voice
or acoustic descriptors. Representative examples include: (a) Autoimmune diseases: “multiple scle-
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rosis voice dataset,” “rheumatoid arthritis speech dataset”; (b) Cardiometabolic and cardiovascular
diseases: “hypertension speech dataset,” “diabetes voice dataset”; (c) Neurodegenerative diseases:
“Parkinson’s disease speech dataset,” “Alzheimer’s voice dataset”; (d) Mental health: “depression
voice dataset,” “bipolar disorder speech dataset,” “anxiety voice dataset”; (¢) Respiratory diseases:
“COVID-19 cough dataset,” “pneumonia voice dataset,” “tuberculosis cough dataset.”

Inclusion criteria required that datasets:

1. Contain human voice or acoustic signals directly linked to health conditions.
2. Be publicly available without requiring restricted access or special permissions.
3. Provide sufficient metadata or documentation to enable FAIR evaluation.

4. Clearly pertain to at least one of the five target disease categories.
Datasets were excluded if they:

* Provided only summary statistics without underlying audio data.
* Consisted entirely of synthetic or non-human audio.

* Lacked adequate clinical annotation or clear linkage to a disease condition.

Each dataset meeting inclusion criteria was assigned an alphanumeric code by disease domain (A, C,
M, N, R) for consistent reference in results and figures. While not all datasets were fully multimodal,
most paired acoustic signals with structured clinical labels or demographic metadata, forming bimodal
inputs analogous to those used in embodied robotic perception pipelines.



3.2.1 Final Dataset Selection

Our initial selection included 51 datasets focused on voice biomarkers of disease: Autoimmune
disease datasets (A1-A3) included A1 [10]], A2 [45], and A3 [35]]. Cardiometabolic and car-
diovascular datasets (C1-C7) included C1 [38]], C2 [6], C3 [56], C4 [2], C5 [4], C6 [38]], and
C7 [3]]. Mental Health datasets (M1-M10) included M1 [12], M2 [59], M3 [20], M4 [5]], M5 [9]],
M6 [19], M7 [34], M8 [25], M9 [66], and M10 [37]]. Neurodegenerative datasets (N1-N17) in-
cluded N1 [30], N2 [33], N3 [63], N4 [62], N5 [40], N6 [31]], N7 [12], N8 [[13], N9 [126], N10 [36],
N11 [50]], N12 [39], N13 [[16]], N14 [46], N15 [61], N16 [55], and N17 [43]. Respiratory disease
datasets (R1-R14) included R1 [57]], R2 [[17], R3 [17], R4 []], R5 [48]], R6 [47], R7 [44], RS [49],
RO [54], R10 [32], R11 [51], R12 [60], R13 [67], R14 [22]

3.3 FAIR Data Maturity Model and Rubric Development

We adopted the FAIR Data Maturity Model [11]], which operationalizes the FAIR principles into 15
subprinciples and 41 indicators. To adapt the framework to voice biomarker datasets, we applied the
rubric first introduced in prior voice-specific FAIR assessment [41] and extended it by:

* Incorporating domain-specific clarifications for indicators requiring context (e.g., acceptable
controlled vocabularies, audio format standards).

» Using a priority-weighted system (Essential, Important, Useful) to reflect the relative
importance of indicators for dataset reuse in GenAl pipelines and for embodied safety
verification.

Each indicator was assessed as a binary variable—1 if the indicator was satisfied and O otherwise.
For each subprinciple, the binary indicator scores were mapped to a subprinciple score of 0 (no
indicators satisfied), 0.5 (some but not all indicators satisfied), or 1 (all indicators satisfied). Priority
weights (Essential, Important, Useful) were then used to aggregate these subprinciple scores into
principle-level and composite FAIR scores. This structured rubric serves as a quantitative proxy for
data-level assurance, where higher FAIR alignment corresponds to stronger traceability and lower
risk in downstream embodied Al applications.

3.4 Automated FAIR Assessment Tools

To benchmark manual evaluations, we applied three automated FAIR assessment tools: (a) F-UJI [24]],
which tests for identifiers, licensing, and selected interoperability criteria; (b) FAIR Evaluator [63]],
which offers configurable tests against community metrics; and (c) FAIR-Checker [28], which
integrates semantic web standards to evaluate findability and reusability.

Each tool was run using the publicly accessible dataset landing page or metadata URL, and results
were normalized into the same indicator structure used in manual scoring. This allowed direct
comparison between automated and expert evaluations at indicator, subprinciple, and principle levels.
We interpret these automated evaluations as analogous to automated verification modules within
safety assurance pipelines, useful for scalable compliance screening of data assets that feed embodied
Al systems.

3.5 Test—Retest Reliability Protocol

To establish intra-rater reliability, we reassessed a representative subset of 12 datasets, balanced
across all five disease domains, four weeks after the initial scoring. Subprinciple- and principle-level
scores were collected at both time points, enabling test-retest reliability analysis using RMSE:s, as
detailed in the Results (Section[d). Stable retest performance demonstrates methodological robustness,
a property parallel to validation consistency required in safety-critical robotic evaluation.

3.6 Inter-Annotator Agreement: Human versus Tool

We framed automated FAIR assessment tools as independent annotators, allowing direct comparison
of automated and manual annotations. Automated tool outputs were mapped onto the same scoring
structure as manual scores, facilitating human—tool agreement analysis using RMSE. This provided
quantitative insights into the alignment between automated assessments and expert human judgment,



highlighting where automated safety-verification analogs align—or diverge—from expert assurance
review.

3.7 Transparency and Reproducibility

All scoring decisions were documented in a structured rubric to minimize ambiguity and ensure
reproducibility. Detailed justifications for indicator-level scores were logged, and tool outputs were
archived to allow independent verification. By adopting transparent, version-controlled scoring and
openly sharing evaluation artifacts, we align FAIR practice with core principles of explainable and
auditable safety assurance for embodied systems.

4 Results

4.1 Overall FAIRness Patterns

Figure | summarizes manual FAIR scores at the subprinciple, principle, and composite levels across
all datasets. Findability (F) is consistently high, with persistent identifiers and basic metadata broadly
satisfied. Accessibility (A) is also relatively strong, but systematic weaknesses emerge in Al.2
(metadata accessibility independent of data) and, to a lesser extent, A2 (long-term metadata persis-
tence). Interoperability (I) and Reusability (R) remain the most limiting principles, with pronounced
deficiencies in 12 (controlled vocabularies), I3 (qualified references), and R1.x (provenance, licensing,
and standards). These appear as vertical red/yellow bands in the heatmap, cutting across disease
domains. The overall pattern indicates that while most datasets are findable and retrievable, many
remain difficult to integrate, machine-read, or lawfully reuse. From an embodied Al perspective, such
deficiencies translate into reduced traceability and uncertain sensory integration, which undermine
assurance and post-deployment verifiability in robotic or interactive health systems. Addressing
missing vocabularies, qualified references, and explicit licensing/provenance would directly improve
dataset quality and readiness for safety-critical embodied GenAl pipelines.

4.2 FAIRness by Disease Category

Figure 2] shows mean FAIR scores across disease domains. As with overall patterns, Findability (F)
and Accessibility (A) are consistently stronger than Interoperability (I) and Reusability (R). Cardio
datasets perform weakest on I and R, resulting in the lowest composite FAIRness. Autoimmune
datasets achieve mid-range composite scores, while mental health, neurodegenerative, and respiratory
datasets cluster at the top with the highest overall alignment. These disparities point to uneven
maturity across research communities: cardiometabolic voice datasets in particular would benefit
most from targeted improvements in interoperability (controlled vocabularies, qualified references)
and reusability (provenance and licensing). In embodied or sensor-driven systems, such domain-level
variability implies unequal reliability of auditory perception models across clinical contexts, which
poses safety and trust challenges when models are deployed in heterogeneous user populations.

4.3 FAIRness by Repository/Hosting Venue

Figure |3| groups composite FAIRness by repository (dataset counts in parentheses). The effect
of venue is clear: curated or institutionally managed platforms—Synapse and PhysioNet (both
~100), IEEE Data Port and Mendeley Data (=95), and Zenodo (/~90)—sit at the top, reflecting
stronger enforcement of metadata fields, persistent identifiers, versioning, and license declarations.
Publication/code portals are more mixed: Papers with Code performs relatively well in this sample
(=~90), while ScienceDirect and PLOS One are mid-high (=85-88) and GitHub is lower (~79)
with broad variability (large error bar). Venues with minimal repository-level requirements (Kaggle
~68, OSF =55, Hugging Face ~50) occupy the bottom of the chart. Error bars (e.g., GitHub,
Zenodo, UCI ML Repository, Mendeley Data) indicate within-venue spread when multiple datasets
are present. Overall, repository choice directly influences FAIRness; steering deposits toward FAIR-
supportive venues—or mirroring datasets there—can yield immediate, practical gains in dataset
quality. In practical terms, repositories with enforced metadata policies act as “safety anchors,”
ensuring consistent provenance and licensing—both prerequisites for compliance and traceability in
embodied health systems.



4.4 FAIRness Over Time

Figure ] plots FAIRness scores against dataset release year with a best-fit regression line. No strong
temporal trend is evident: the slope is slightly negative and the explained variance is negligible
(R? = 0.0128). Newer datasets are not consistently more FAIR, indicating that improvements
over time have been uneven. This finding challenges the assumption that FAIR alignment will
naturally increase as data sharing practices evolve. Instead, effective gains will likely require
structural interventions such as repository-level mandates, standardized metadata templates, and
submission-time compliance checks. The wide dispersion of scores within each year—ranging
from low to very high—further underscores that age alone does not determine FAIRness. The
lack of temporal improvement reinforces the need for institutionalized data-governance frameworks
analogous to ongoing safety certification in embodied AI—continuous assurance rather than one-time
compliance. The main implication is that FAIRness in voice biomarker datasets is not improving
organically; deliberate measures for dataset creation and curation are therefore necessary, motivating
the recommendations introduced later in this paper.

4.5 Manual-Automated Agreement, Reliability, and Illustrative Example

Figure 5] reports pairwise RMSE of FAIR subprinciple scores between manual and automated assess-
ments (F-UJI, FAIR Evaluator, FAIR-Checker), as well as among the automated tools. Agreement is
uneven across principles. For manual-tool comparisons, Findability (F) RMSEs are relatively high
for F-UJI and FAIR Evaluator (~0.67-0.68) but lower for FAIR-Checker (0.45). Accessibility (A)
shows the widest spread, with low disagreement for FAIR Evaluator and FAIR-Checker (0.27-0.30)
but much higher for F-UJI (0.66). Interoperability (I) and Reusability (R) are consistently challeng-
ing: RMSEs span 0.31-0.57 for I and 0.31-0.61 for R, with the largest mismatches occurring for
manual-FAIR Evaluator on I and manual-F-UJI on R. Composite RMSEs range from 0.37-0.59,
reflecting the accumulation of partial divergences across principles. For tool-tool comparisons,
alignment is somewhat tighter but still principle-dependent. F-UJI and FAIR Evaluator agree closely
on F (0.14) but diverge strongly on R (0.72). F-UJI and FAIR-Checker show moderate disagreement
across all principles (0.31-0.49), while FAIR Evaluator and FAIR-Checker are closer on F and A
(0.22-0.30) but diverge on I (0.40) and R (0.53). Overall, tools tend to converge on easier-to-detect
elements (F, some aspects of A) while diverging most on I and R, where metadata standards, prove-
nance, and licensing are less consistently machine-readable. This divergence between automated and
expert judgment mirrors gaps seen in safety assurance pipelines, where domain-agnostic verification
tools may overlook contextual evidence that human evaluators recognize as critical for embodied
system integrity.

To confirm that these discrepancies do not reflect instability in manual scoring, we conducted a
test—retest reliability check. A representative subset of 12 datasets spanning all five domains was
rescored four weeks after the initial evaluation. Subprinciple- and principle-level scores were identical
across test and retest, yielding perfect agreement (RMSE = 0). This establishes that the manual rubric
is stable and reproducible, and that the observed disagreements in Figure 5] are due to tool limitations
rather than evaluator inconsistency. Reliability at this level ensures that the FAIR evaluation procedure
itself meets assurance expectations comparable to repeatability requirements in safety certification
workflows.

An illustrative case is the Bridge2 AI-Voice v1.1 dataset on PhysioNet, which achieved perfect manual
scores across all subprinciples owing to persistent identifiers, detailed metadata, explicit licensing,
provenance, and adherence to community standards. Automated validators, however, underestimated
its FAIRness. FAIR-Checker flagged insufficient discoverability despite embedded DOIs, version
history, and repository-level search. F-UJI failed to recognize a repository-specific license URL and
did not credit human-readable vocabularies. FAIR Evaluator marked down identifier persistence
and searchability even though DOIs and repository indexing were present. These discrepancies
arose from narrow pattern-matching and schema-specific expectations: elements expressed in valid
but non-standard ways were overlooked. This example underscores that automated tools, while
useful for scalable screening, are incomplete proxies for FAIR compliance. Domain-aware manual
evaluation remains essential for ensuring dataset readiness and trustworthy integration into safety-
critical embodied Al pipelines.



Practical Recommendations for GenAlI-Ready Voice Datasets. Our results point to sev-
eral high-yield interventions for dataset creators and curators: (i) Machine-readable licensing
and provenance—declare SPDX-encoded licenses and structured provenance (e.g., DataCite
relatedIdentifiers) to address R1.1-R1.3; (ii) Controlled vocabularies and qualified ref-
erences—use community ontologies and schema . org/JSON-LD links to related resources to raise
12/13; (iii) Repository choice—deposit or mirror in FAIR-supportive venues (e.g., PhysioNet, Zen-
odo, Synapse) with PIDs, versioning, and enforced metadata, which lifts F/A and composite scores;
(iv) Discoverability—ensure keywords, topical tags, version history, and repository indexing so
both automated and human search succeed on F2; (v) Validator-aware metadata—where feasible,
provide license URIs and vocabulary encodings that current validators recognize, while retaining
human-readable documentation for domain context. These actions directly target the systematic
weaknesses observed in 12/I3 and R1.x and improve readiness for safety-assured embodied GenAl
pipelines.

Limitations. This study evaluates publicly accessible datasets, so findings may not generalize
to proprietary clinical repositories. Automated validators emphasize machine-readable, domain-
agnostic indicators and cannot assess many voice-specific quality signals (e.g., device/channel
metadata, acquisition environment, acoustic feature vocabularies). Even within their scope, tool logic
sometimes fails to detect valid evidence—for example, repository-specific license URIs, embedded
DOlIs, or provenance recorded in human-readable sections. These limitations explain why automated
outputs often underestimated FAIRness relative to domain-aware manual scoring. They do not
alter the core finding: voice biomarker datasets are generally findable and accessible but remain
limited in interoperability and reusability, and automated tools alone are insufficient to capture their
FAIRness comprehensively. Future work should integrate FAIR evaluation with embodied Al testing
frameworks to enable unified data-to-deployment assurance pipelines for trustworthy and safe health
robotics.

5 Conclusion

This study provides the first comprehensive FAIRness evaluation of voice biomarker datasets spanning
all major disease categories, benchmarked through both expert assessment and automated tools, with
added reliability analysis to ensure robustness. Our findings reveal that while datasets are generally
findable and accessible, critical weaknesses in interoperability and reusability remain, limiting their
integration into GenAl pipelines and their lawful reuse in clinical research. Automated FAIRness
tools, though promising for scalability, frequently underestimated compliance due to rigid detection
logic, underscoring the continuing need for domain-aware evaluation. By pinpointing systematic
gaps and offering concrete recommendations—such as adopting controlled vocabularies, ensuring
machine-readable licensing, and depositing in FAIR-supportive repositories—we provide a roadmap
for improving dataset quality, compliance, and readiness for generative health applications. Within
embodied health Al systems, these improvements extend beyond data management to serve as
a data-level safety-assurance mechanism, ensuring that perception modules built on voice input
remain transparent, verifiable, and compliant. Addressing these challenges is essential for building
trustworthy, reproducible, and policy-aligned GenAl systems that leverage voice to advance diagnosis,
monitoring, and equitable healthcare delivery.

Beyond technical evaluation, these findings have broader implications for safety and assurance in
embodied Al. Foundation models and generative applications increasingly rely on large, heteroge-
neous voice datasets, and weaknesses in interoperability and reusability directly translate into risks of
biased outputs, poor reproducibility, and regulatory non-compliance. For embodied or interactive
systems—such as assistive robots, conversational companions, and diagnostic agents—these weak-
nesses manifest as uncertainty in sensory interpretation and unpredictable behavior, highlighting the
need for auditable data pipelines. By showing where FAIR principles break down, our study provides
an evidence base for interventions at multiple levels: dataset creators can improve metadata, licens-
ing, and provenance practices; repositories can enforce structured templates and machine-readable
standards; and policymakers can align guidance with FAIR-supportive infrastructures, as envisioned
in initiatives such as the European Health Data Space. Embedding such improvements upstream
ensures that voice biomarker data feeding GenAl pipelines are not only technically usable but also
clinically credible and legally defensible. In this way, FAIRness becomes a cornerstone of assurance



for embodied Al—Ilinking transparent data governance to safe, reliable, and trusted behavior in

real-world health systems.
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