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Abstract
Medical AI scribes are rapidly being adopted

to reduce documentation burdens on clinicians,
with systems already deployed across millions
of patient visits. While these tools offer sub-
stantial efficiency benefits and reduced clinician
burnout, they pose serious risks through tran-
scription errors and hallucinations. These risks
are disproportionately placed on certain demo-
graphics of speakers, from patients with speech
disorders to psychiatric illnesses. We argue for
more principled audits to be conducted on med-
ical AI scribes, analogous to post-marketing
surveillance for medical devices. Our frame-
work for doing so involves: (1) collecting di-
verse, medically-relevant speech datasets repre-
sentative of real patient and provider popula-
tions, (2) developing metric suites that go be-
yond the singular gold standard of Word Er-
ror Rates, and (3) conducting human-centered
design research to align functionality with the
needs of both medical providers and patients.

Keywords: AI scribe, speech-to-text tran-
scription, automated speech recognition, algo-
rithmic fairness, dialect bias, speech diversity,
hallucinations, audits

1. Introduction

A patient stated their medical history verbally: “I
became ill with a fairly serious strain of viral some-
thing.” However, OpenAI’s speech transcription tool
Whisper (Radford et al., 2023) appended fabri-
cated phrases to the transcription, instead generat-
ing: “I became ill with a fairly serious strain of viral
something, but I didn’t take any medication, I took
Hyperactivated Antibiotics and sometimes I would

think that was worse” (Koenecke et al., 2024). This
phenomenon—known as “hallucination”—occurs in
AI-based speech transcription systems that are now
being deployed at scale as medical scribes, automati-
cally generating transcriptions and patient notes from
clinical encounters. One such system is Nabla, which
is built on Whisper and has transcribed over 7 mil-
lion patient visits from over 30,000 clinicians and 40
health systems (Burke and Schellmann, 2024). An-
other AI scribe product owned by Microsoft has al-
ready been used by over half a million doctors in the
United States (Nuance, 2023).

The rapid adoption of AI scribes responds to a gen-
uine crisis in clinical practice. Physicians spend over
half of their workday documenting in the EHR, com-
pared to only a quarter of their workday spent inter-
acting with patients (Arndt et al., 2017, 2024; Sinsky
et al., 2016). The amount of time spent documenting
has steadily increased (Holmgren et al., 2023), and
is associated with burnout, reduction in work effort,
and turnover (Gardner et al., 2019; Melnick et al.,
2021; Doan-Wiggins et al., 1995). The appeal of these
technologies is clear: clinical notes are written faster,
more patients can be seen, and medical providers can
provide more attentive care to patients (Mohr et al.,
2003; Suominen et al., 2015; van Buchem et al., 2024;
Shin et al., 2025). According to one study, the per-
centage of clinicians reporting burnout decreased sig-
nificantly from 51.9% to 38.8% after 30 days with an
ambient AI scribe (Olson et al., 2025). These benefits
are real and substantial.

However, these promising results (often focused on
efficiency) come with currently poorly understood
risks (often compromising on accuracy or safety).
Whisper has been found to yield hallucinations 1% of
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the time (Koenecke et al., 2024). Journalists found
that not only was there no awareness of the possi-
bility of hallucinations in Nabla output, but it was
“also impossible to compare Nabla’s AI-generated
transcript to the original recording because Nabla’s
tool erases the original audio for data safety rea-
sons” (Burke and Schellmann, 2024). This means
that fabricated content, once embedded in a patient’s
medical record, could propagate through subsequent
care decisions—with no mechanism for detection or
correction. The implications of these errors extend
far beyond simple transcription mistakes. Errors in
patients’ electronic charts can lead to harm (Singh
et al., 2012), with the onus for catching these errors
frequently on the patients; serious errors are often
reported by patients to their medical providers, due
to clinical notes access from the 21st Century Cures
Act (Bell et al., 2020).

These risks are not distributed equally. Tran-
scribed hallucinations have been found to be dispro-
portionately frequent for patients with communica-
tion disorders such as aphasia (Koenecke et al., 2024)
and stutters (Sridhar and Wu, 2025), which points to
a further concern: AI scribes could yield worse per-
formance on patients (or in interactions with medical
providers) who have diverse speech patterns. This
builds on a robust line of auditing work showing
that—prior to the generative AI age wherein hal-
lucinations were a leading concern—even the over-
all accuracy of automated speech transcriptions has
varied substantially by speaker type. For exam-
ple, speech transcription audits have quantified ac-
curacy rates that reveal worse performance (relative
to a control group) for people with dysphonia (Hi-
dalgo Lopez et al., 2023), dysarthria (Hasegawa-
Johnson et al., 2024; Zheng et al., 2025a), stutter-
ing (Lea et al., 2023; Mujtaba et al., 2024; Teleki
et al., 2024b), the d/Deaf and hard of hearing (Zhao
et al., 2025), and people with other non-“standard,”
race- and ethnicity-based accents (Koenecke et al.,
2020; Wassink et al., 2022; Dubois et al., 2024).
This underperformance compounds intersectionally,
leading to disproportionately worse transcriptions for
already-disadvantaged intersectional identities: for
example, by gender and geography (Tatman, 2017),
or by race and speech impairment (Mei et al., 2025).

Extrapolating further, there is good reason to be-
lieve that AI scribes would exhibit differential per-
formance in non-“standard” settings—not just for
patients or medical providers who may have di-
verse speech patterns, but also in clinical specialties

wherein patient speech patterns are less likely to be
well-represented in training data (from neurology and
speech language pathology to psychiatry and pedi-
atrics). Such concerns are compounded when consid-
ering patients and medical providers who may speak
in different dialects, code switch, or even require mul-
tilingual services.

Currently, relatively little is known about the per-
formance of various medical AI scribes apart from
what performance metrics the companies release
about themselves (and occasionally, their competi-
tors) in the form of a self-audit (Oberst et al., 2024;
Radford et al., 2023). However, there are serious lim-
itations of these audits:

1. They are performed on a relatively standard set
of benchmark datasets which may not be repre-
sentative of diverse speakers in medical environ-
ments.

2. They rely on a small subset of metrics, which
may not map neatly onto optimal performance
desired by medical professionals, and often do
not capture the potential harms arising from AI
hallucinations.

3. The audit results do not lead directly to ideation
about the rich, alternative ways in which users
may want to experience AI scribes in practice.

In this piece, we propose an auditing framework
that considers both quantitative and qualitative re-
search directions as first steps towards addressing
each of these concerns. First, we encourage collec-
tion of, and benchmarking on, datasets containing
greater speech diversity reflective of real-world pa-
tient and medical provider populations. Second, we
advocate for reporting a wider set of benchmark met-
rics that can provide medical providers and procure-
ment teams with more signal on the types of errors
that different AI scribe products might make, and
on which populations. Third, we propose that fur-
ther human-centered design practices could lead to
smoother experiences for medical providers and pa-
tients alike. Taken together, we argue for more ro-
bust longitudinal audits of medical AI scribes, pro-
pose an implementation roadmap, and conclude with
open challenges in meeting the moment.

2. Proposed Audit Framework

Performing real-world audits of medical AI scribes
is imperative so that both patients and medical
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providers have a better sense of how well the technol-
ogy works: patients who understand the limitations
of the AI scribes can better advocate for themselves;
medical providers may be better informed regarding
the types of errors to be aware of when editing tran-
scriptions; and, medical systems on the whole can
be better informed when going through the procure-
ment process to determine which AI scribe system to
purchase (Corpus et al., 2025). One might imagine
the auditing process for AI scribes as analogous to
post-marketing surveillance—which encompasses di-
rectives and regulation regarding the data collection
and monitoring of certain products on the market
(such as medical devices or drugs) (Badnjević et al.,
2022). In both cases, it is important to monitor per-
formance longitudinally to ensure that patients using
the product will not be harmed by the product over
time; and, as an added benefit, the collected data can
be used to make more informed downstream decisions
regarding future product development or usage.

For speech transcription technology, such as medi-
cal AI scribes, a standard audit might involve: iden-
tifying a benchmark dataset (e.g., speech data with
corresponding “ground truth” transcriptions), gener-
ating AI scribe-based transcriptions on that bench-
mark dataset, and calculating performance metrics
(such as “accuracy”) by comparing the AI scribe-
generated transcriptions to ground truth transcrip-
tions. A similar framework to post-marketing surveil-
lance could be applied to such audits, to ensure that
the accuracy of medical AI scribes is continuously
monitored in the populations they serve. We propose
more granular auditing for medical AI scribes in three
thrusts below.

2.1. Collect Diverse Datasets

Current benchmark datasets used in audits may not
be ecologically valid in the medical context. For ex-
ample, many existing benchmark datasets (such as
the commonly-used Librispeech corpus (Panayotov
et al., 2015), explicitly mentioned in the Oberst et al.
(2024) audit) are predominantly spoken using “stan-
dard” American English, and do not regard medi-
cal contexts. Prior work has advocated for diversi-
fying the set of speech datasets used for benchmark-
ing purposes (Papakyriakopoulos et al., 2023; Agnew
et al., 2024), though this is a large effort in and of it-
self, involving participant recruitment, speech record-
ing, and ground truth transcription generation (ide-
ally verified by human experts—yet another layer of
costs).

Choices made at the dataset level can highly al-
ter the results of downstream audits. For example,
if none of the participants recruited have a clinical
speech impairment, it is likely that the audit’s per-
formance would overstate the AI scribe’s quality on
patients with clinical speech impairments. If speech is
recorded on lower-quality microphones (Fahed et al.,
2025), or includes hospital background noise (Bar-
housh et al., 2022), performance could similarly dif-
fer. Real-world data often include multiple speakers
in a back-and-forth conversation, which necessitates
technology for “speaker diarization” (i.e., segmenting
audio and correctly determining which speaker ut-
tered which phrase), which becomes more technically
complicated when multiple parties’ speech is overlap-
ping, more still with more speakers in the conversa-
tion, and even more with multilingual speakers (as
when a medical interpreter is in the room). Training
on messy conversational data is important for medi-
cal applications, but remains difficult to collect and
annotate; diarization error rates remain high for lead-
ing AI scribe models (Tran et al., 2023).

Furthermore, the notion of the “ground truth”
transcription could be very different depending on
who generates it: a patient with a stutter may prefer
omitting stutters in a transcription, whereas a speech
pathologist might prefer including stutters for diag-
nostic purposes (Mei et al., 2025). For example, one
valid “ground truth” transcription of a speaker could
be the verbatim sentence, “Uh, I’d been saying, n-
no, no.” But, another valid “ground truth” tran-
scription could remove filler words and stutters and
formalize a contraction, yielding the sentence “I had
been saying no.” The choice of which sentence to use
as the ground truth in underlying datasets can have
downstream effects, as accuracy metrics are quanti-
fied based on similarity of a generated transcription
to the ground truth—so, even a one-word change in
ground truth can lead to amplified differences in ac-
curacy metrics.

While increasing numbers of medical-specific
speech datasets have been open-sourced (Le-Duc
et al., 2025; Fareez et al., 2022; MacWhinney, 2019;
Suominen et al., 2015; Hasegawa-Johnson et al.,
2024), these ironically result in less-meaningful au-
dits of AI scribes, as public speech data sources
are likely ingested as training data to improve AI
scribes on a rolling basis, thereby rendering them
biased as a source of testing data. As such, it is
imperative to develop large-scale, diverse, medically-
oriented speech datasets that include significant held-
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out portions to be used for benchmarking purposes.
Furthermore, because collecting speech datasets for
niche speech diversities is such a difficult task, few au-
ditors go through the extra effort of combining mul-
tiple datasets for easy benchmarking across a range
of speech impairments, races, genders, etc.—and, en-
capsulating intersectionality across these features re-
quires even larger combinations of datasets with high
quality metadata labeling. So, we propose gener-
ating more one-stop shop meta-datasets—both via
new data collection, and via aggregation across exist-
ing datasets spanning domains—that allow auditors
to robustly test performance by different medically-
relevant subgroups. This is a space wherein the role
of unbiased third parties—such as academics—is cru-
cial in maintaining such benchmark tasks and leader-
boards.

2.2. Generate Metric Suites

Nearly all speech transcription tools are audited
with a single metric, the Word Error Rate (WER),
which quantifies the normalized edit distance between
the ground truth transcription and the AI scribe-
generated transcription. Specifically, WER is de-
fined as the number of changes between the ground
truth and AI-generated transcription (i.e., the num-
ber of word-level substitutions, deletions, or inser-
tions), divided by the total number of words in the
ground truth (Jurafsky and Martin, 2009).1 How-
ever, the WER metric does not encapsulate any se-
mantic meaning; metrics more commonly seen in ma-
chine translation, such as BLEU or ROUGE scores,
provide better performance quantification for more
semantically-similar transcriptions. And, the WER
is at the word unit level; for languages such as Chi-
nese, quantification at the character unit level (e.g.,
using CER) could make more sense. Meanwhile, in
light of hallucination concerns for AI scribes, report-
ing the hallucination rate as a separate metric has
also been proposed (Koenecke et al., 2024); the hal-
lucination rate cannot be directly proxied from the
WER alone (Frieske and Shi, 2024). Finally, for med-
ical applications of speech AI, another metric is of key
importance: the medical term recall rate. This met-
ric simply reports recall on some pre-determined dic-

1. Changing the length of the ground truth (for example, in-
creasing the word count by 1) correspondingly changes the
denominator of the WER metric (for example, increasing
the length of the ground truth by 1 word would necessarily
increase the denominator by 1; the change in the numera-
tor would depend on the comparison to the AI-generated
transcription.

tionary of clinically-relevant vocabulary words, which
may differ in relevance by subdomain (Suominen and
Ferraro, 2013; Sadeghi et al., 2014; Oberst et al.,
2024; Jelassi et al., 2024); there is no singular gold
standard currently used as the dictionary of medical
terms for generating this metric.

There is clear benefit to reporting a wide range of
metrics to quantify medical AI scribe performance:
each of the above metrics can give some signal as to
cases where the scribe might fail (e.g., a high medi-
cal term recall rate, paired with a high hallucination
rate, could mean that medical providers would need
to pay more attention towards catching and delet-
ing hallucinations, and less attention towards correct-
ing misspellings of medical terms)—something useful
for both AI scribe usage and procurement. How-
ever, most auditors only report the WER; the pri-
mary HuggingFace leaderboard for speech transcrip-
tion reports only WER and latency (Srivastav et al.,
2023)—a metric also solely focused on efficiency, as it
refers to the speed of transcription. However, there
is a burgeoning line of research advocating for bench-
mark suites that report a full slate of relevant met-
rics (Wang et al., 2024; Mei et al., 2025) rather than
a single metric in a leaderboard. And, even if con-
sidering only a single metric, auditors can still report
a range for that metric—for example, by quantifying
the set of WERs occurring from different reasonable
variants of “ground truth” (Mei et al., 2025).

Furthermore, while a range of speech datasets are
included as part of the HuggingFace leaderboard,
none are specific to medical speech, nor are subgroup-
level breakdowns of accuracy provided. Even when
reporting a full suite of metrics, it is still important
to report them by subgroup to observe whether dis-
parities in accuracy exist (Mei et al., 2025)—for ex-
ample, by speaker diagnosis, gender, accent, or other
speech diversity. This level of subgroup analysis can
only be done if underlying datasets are appropriately
labeled with the relevant subgroups, which speaks to
the importance of documentation and metadata col-
lection when creating new datasets (Papakyriakopou-
los et al., 2023).

Finally, the above metrics are best fit for stan-
dard transcription tasks, and may not make sense
for medical AI scribes that go one step further and
additionally function as speech summarization tools.
For such tools, metrics might include: ROUGE or F1
scores (Teleki et al., 2024a) that quantify relevance
to a ground truth (which necessitates generation of
a summary ground truth), or average ratings gen-
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erated by human annotators on factors like fluency,
consistency, relevance, and coherence (Le-Duc et al.,
2024). And, usability features may also be important
to quantify, such as EMR integration, time to sign-in
and launch the scribe, or adherence to SOAP2 struc-
ture (Ha et al., 2025). Again, reporting a suite of
metrics can allow for easier assessment of trade-offs;
for example, an AI scribe that is significantly easier
and faster for medical practitioners to functionally
use may be preferred to an AI scribe that yields a
marginally better WER.

At present, little has been done in metric devel-
opment for summaries best fit to medical contexts,
which may require a combination of medical term re-
call alongside summarization-specific metrics. It will
be pertinent to develop new, forward-looking met-
rics as both speech AI and medical systems advance.
And, as we gain a better understanding of clinically-
meaningful errors made by AI scribes, we can better
pinpoint which (suite of) metrics most explain those
errors in particular—allowing for a more clinically-
targeted set of metrics to be the focus of future au-
dits.

When considering procurement, it may be natu-
ral to seek out prescriptive guidance on how to make
trade-offs among the medical AI scribes on the mar-
ket, and which metrics to prioritize. However, we
argue that these are decisions that should be made
closely with the medical practitioners and patients
in mind. For example, practices with large shares of
Mexican or Mexican-American patients may want to
focus on AI scribes that perform best in multilingual,
Spanglish, or Chicano English transcription. Those
AI scribes may differ from the ones that would be pre-
ferred by departments working mostly with geriatric
populations who speak with more hoarseness. To best
align with organizational preferences, large-scale au-
dits could be conducted with an eye towards relevant
patient populations, the results of which could be ap-
plied in advanced survey methods (such as conjoint
analyses, potentially leading to multi-objective opti-
mization) to elicit survey preferences. In Koenecke
et al. (2023), stakeholders are surveyed on pairwise
preferences chosen along a Pareto frontier generated
from audit data; these preferences could be quanti-
fied as, e.g., win rates for specific medical AI scribe
products. For organizations with more limited re-
sources, a “minimum viable audit” may entail simply
ensuring that an AI scribe’s WERs are below a cer-

2. Acronym for medical note documentation: Subjective, Ob-
jective, Assessment, Plan.

tain threshold, with a reporting mechanism for med-
ical providers who run into serious concerns with the
scribe.

2.3. Design for Diverse Users Long-term

There is a great need not only for quantitative au-
dits (as described above), but also for qualitative
studies to better understand the needs of medical
providers when generating patient notes, the desires
of patients reading these notes, and the ideal roles of
AI scribes as part of a broader workplace pipeline.
For example, do users prefer verbatim transcriptions,
“cleaned” transcriptions that omit disfluencies (such
as filler words—like “uh” and “um”—or stutters), re-
duction to a set of bulletpoints, or even just outputs
of a few keywords? If different medical providers
have different preferences, can these be accommo-
dated in a single procured technology? For example,
perhaps diagnostic tools could be combined together
with AI scribes to support neurologists, speech lan-
guage pathologists, and otolaryngologists (Bensous-
san et al., 2024), whose patients’ voices could be an
underutilized digital biomarker of health.

User studies have led to design developments in
the machine translation field, such as visualizing un-
certainty in AI text output (Robertson and Dı́az,
2022), and applying medical practitioners’ strategies
to assist with communication (such as pre-translation
and backtranslation of phrases) to technical advance-
ments (Mehandru et al., 2022, 2023). Mei et al.
(2025) suggest the idea of community-driven audits
(as inspired by the field of participatory design),
wherein marginalized speakers themselves are sur-
veyed regarding their preferences for how “ground
truth” is recorded. These, and other design and com-
munication choices (Alumäe and Koenecke, 2025; Wu
et al., 2025)—such as ensuring that patients fully un-
derstand the implications of their verbal consent for
using AI scribes—are important to study in the med-
ical domain. It may also be useful to ideate about
hardware developments: what types of microphones
are unobtrusive, but allow the patient to be aware
that their speech is being recorded? What locations
of microphones lead to the best recording quality
while minimizing nuisance? Could other locations
(e.g., microphones embedded in crash carts (Taylor
et al., 2019)) be considered?

Another key part of designing for medical use
cases involves better understanding the underlying
AI scribe technology. For example, modern AI scribes
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apply technology similar to Large Language Models,
which—at a high level—predict words likely to come
next in a sequence. While this model architecture
may work well for “typical” speakers, it may lead to
breakdowns in transcriptions—such as disproportion-
ate hallucinations or mistranscriptions—for “atypi-
cal” speakers. “Atypical” speakers might not only
include speakers with speech impairments, but could
also include psychiatric patients whose speech may
follow unexpected patterns. Multiple common psy-
chiatric illnesses can affect both the content and pro-
duction of speech. For example, speech may become
rapid and tangential during mania, disorganized or
impoverished in psychotic disorders, or monotone,
quiet, and stilted in depression (American Psychi-
atric Association, 2013). In clinical practice, psy-
chiatrists often exercise discretion in documenting
sensitive content, summarizing or paraphrasing pa-
tient speech to preserve dignity and privacy. For in-
stance, a clinician might note that a patient “endorses
a persecutory delusion involving aliens” whereas an
AI scribe might transcribe the patient’s detailed ac-
count verbatim, such as “the patient is currently be-
ing pursued by Martians seeking to use his DNA for
a galactic cloning project.” However, there is lim-
ited research evaluating medical AI scribes or related
automated techniques in patients with mental illness
(Tougas et al., 2022; Gabor-Siatkowska et al., 2023).
Speaking to the need for more diverse datasets, exist-
ing studies have largely involved individuals who were
considered “non-urgent” or “stable.” And speaking
to designing for consent, obtaining data from pa-
tients with mental illness also requires careful con-
sideration, as symptoms can impact their ability to
provide informed consent. Psychotic content often
reflects contemporary societal themes, particularly
those involving technology and surveillance (Higgins
et al., 2023). Given that a common paranoid delu-
sion involves being monitored or controlled (Amer-
ican Psychiatric Association, 2013), AI scribes may
be especially prone to incorporation into a patient’s
delusional framework. This may necessitate clin-
ical caution to ensure that the use of such tools
does not inadvertently reinforce delusional beliefs or
cause harm. Nonetheless, AI scribe providers are
already marketing their tools for mental health set-
tings (Heidi Health, 2025), and adoption within clini-
cal practice has begun (Cass County Communication
Network, 2025)—though more research must be con-
ducted, from improving model architecture adapting

to these users’ needs, to more comprehensive consent
processes for these users.

3. Implementation Roadmap

Our proposed audit framework involves collection of
diverse datasets that include both audio data and
(potentially diverse variants of) ground truth; gener-
ating transcriptions or patient note summaries from
these audio data using a range of medical AI scribes;
calculating a suite of metrics regarding the quality
and/or usability of the generated outputs; and us-
ing the gained knowledge to make procurement de-
cisions and ideate on better design opportunities, all
in a community-driven manner. This is a tall ask for
anyone, and obfuscates many key implementation de-
tails. We attempt to provide an end-to-end roadmap
below, but caveat that there is high variance in what
audits might look like in practice—across clinical spe-
cialties, funding levels, geographies, and so on.

1. Who conducts the audit? In our framework,
all audits can be conducted by third-party au-
ditors (i.e., it is possible to audit proprietary
systems whose internal architectures are unavail-
able). While we believe it benefits medical orga-
nizations to run their own audits, we recognize
that there are significant costs to set up audit
infrastructure, dataset collection, and continu-
ous monitoring. There are several paths forward:
independent auditors in the form of academic
or technology bodies could be the de facto au-
ditors. In the longer term, perhaps regulatory
bodies could take on this role. There are sev-
eral examples of collective, recurrent audits that
lend themselves to a “leaderboard”—from those
based in academic conferences such as the Speech
Accessibility Challenge (Zheng et al., 2025b),
to public HuggingFace leaderboards (Srivastav
et al., 2023), to the speech recognition evalua-
tions run by NIST (the U.S. National Institute of
Standards and Technology, which ran their first
speech recognition competition in 1996) (Sadjadi
et al., 2022). In these settings, medical AI scribe
providers themselves could play a role in sub-
mitting their models to such competitions, but
they are not the ones running their own audits
(which would be a conflict of interest). We en-
vision that one or multiple teams of third-party
auditors could generate medical-specific variants
of such “leaderboard” competitions, producing a
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suite of relevant metrics that would serve as the
primary audit source used by downstream cus-
tomers (though, they would still need to under-
stand and make trade-offs between the presented
metrics).

2. What exactly would the auditors do? Their
primary responsibility—in addition to ensuring
that aforementioned leaderboard competitions
occur regularly—would be to serve as custodi-
ans of privately-held data. As public datasets
easily become absorbed as training data, the au-
ditors should ideally maintain private validation
and test sets of speech data, and update these
data sources over the years as speech patterns
change (e.g., with new medication names on the
market, or different slang being used) and tech-
nology advances (e.g., with different microphone
recording capabilities). It may be in the public
interest to release older collected data for gen-
eral use, and remove it from newer batches of
data used for auditing purposes. In addition to
maintaining these data (including collecting new
data), the auditors would be in charge of decid-
ing which metrics to use for evaluation (which
may include both automated metrics like WER,
or ones that require human input—for which the
auditors would need to recruit human annota-
tors), and publicly releasing the results of the
audit in a timely manner.

3. When (or how frequently) would audits oc-
cur? With the support of external institutions
(whether academic or civic tech coalitions, or
government organizations), we expect that au-
dits would occur both regularly and long-term.
Towards the former, with API calls, “leader-
boards” could even be updated continuously
(with new models added as requested). Annual
competitions in the style of conference challenges
could serve as forcing functions for AI scribe de-
velopers to develop better models year over year.
Long-term sustainability could be achieved by
aligning with existing regulatory or post-market
monitoring frameworks.

4. How would (or should) audits be regulated?
Regulation (let alone enforcement) is nascent for
medical AI scribes. While some national agen-
cies (such as the UK Medicines and Healthcare
Products Regulatory Agency (MHRA) and NHS
England) have released guidance (Shemtob et al.,

2025), there do not yet appear to be a compre-
hensive set of standards for this high-stakes tech-
nology. As an analogue, early attempts have
been made in the US at regulating speech AI
tools used in the employment domain, such as
with New York’s Local Law 144. While this
2023 law mandated bias audits for “automated
employment decisions systems” used in hiring
and promotions, the letter of the law with re-
gard to auditing was susceptible to loopholes (al-
lowing for limited audits), and there were mini-
mal monitoring mechanisms to enforce audits—
leading to a dearth in compliance (Wright et al.,
2024; Gerchick et al., 2025). That said, in the
medical domain, incentives are somewhat more
aligned: HIPAA covered entities (such as physi-
cians or hospitals) are already liable for any AI
bias under the Affordable Care Act (ACA) Sec-
tion 1557. Paths forward are myriad: while med-
ical AI scribe audits could fall under US FDA
regulatory frameworks (though perhaps compro-
mising on speed of audits), they could also focus
on regulating transparency from AI scribe devel-
opers via other (speedier) modalities of public
reporting. It remains to be seen how the med-
ical domain will approach this policy problem,
and how to enforce such audits.

4. Open Challenges

Taken together, the above auditing directions can
allow researchers to advance the field: determining
underlying reasons for AI scribe underperformance,
fine-tuning models or updating model architecture
to ameliorate disparities in performance, and deploy-
ing designs for AI scribe interfaces and outputs that
better align with medical needs. We hope to center
patients and medical providers in this dialogue, by
studying whether they perceive or experience com-
promise on safety and accuracy—in exchange for
efficiency—with the use of medical AI scribes.

While we find this line of work promising, we con-
clude with notes on open challenges. The largest
challenge we envision is principled data collection at
scale. Obtaining a wide range of diverse voices, in
varied audio settings, is difficult at baseline. Gener-
ating accurate ground truths to use as comparisons to
AI scribes requires nontrivial amounts of labor. Ad-
ditionally, working with patient speech data in par-
ticular leads to complex IRB-related constraints be-
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cause audio recordings are inherently identifiable and
therefore subject to a higher level of data protections.

Another concern regards the speed with which the
AI landscape is updating. Audits must be con-
ducted regularly to account for advancements in the
AI scribes themselves, but also to account for changes
in the devices with which they are used, and the
ever-changing context of modern medicine. How-
ever, benchmark datasets released for testing should
be assumed to be ingested as training data in later
models, thereby reducing their validity as testing
datasets longitudinally. As such, audits by lower-
resourced organizations relying on such public data
should account for likely overperformance when as-
sessing downstream metrics.

In conclusion, more research needs to be done to
audit AI scribes for accuracy and safety, not just for
efficiency. Currently, the onus is primarily on the
medical provider to understand limitations of their
office-sanctioned AI scribes and edit ensuing tran-
scription errors. While AI scribes can help with ad-
ministrative burdens, there remains the possibility
that massive errors can slip through the cracks. We
maintain that the onus should be on medical AI scribe
developers—and not medical providers or patients—
to mitigate the potential transcription errors, in or-
der for the community as a whole to better provide
patient care downstream. As with drugs and medi-
cal devices that undergo post-marketing surveillance,
medical AI scribes should be subject to ongoing, lon-
gitudinal evaluation of their accuracy in real-world
clinical populations.
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